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Abstract

This paper examines the formation of a specific non-cognitive skill — empathy
— and its role in determining bullying behavior with a focus on social networks.
The analysis centers on a parent-directed empathy-fostering intervention, which
successfully increased empathy levels and reduced bullying among students. To
disentangle the mechanisms underlying these findings, I develop and estimate a
structural model of empathy development, network formation, and bullying de-
cisions. The analysis reveals that 32% of the observed reduction in bullying is
attributed to empathy-induced alterations in social networks. Policy counterfactu-
als show that social network information is valuable. Notably, targeting students
based on popularity can lead to up to a 7.5% further reduction in bullying com-
pared to targeting students randomly. Moreover, targeting bullies’ friends is more
effective than targeting bullies directly. This insight holds promise for refining the
efficacy of anti-bullying initiatives, which often focus more on bullies, and high-
lights the potential of reshaping social networks to mitigate violent behavior among

adolescents.
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1 Introduction

A growing body of research across various social science disciplines has studied the implica-
tions of fostering non-cognitive skills throughout an individual’s lifespan (Cunha and Heck-
man, 2007; Heckman and Kautz, 2012; Heckman et al., 2006; Jones et al., 2015; Kautz et
al., 2014). The significance of non-cognitive skills extends beyond academic and workplace
success, encompassing crucial implications for prosocial behaviors and interpersonal relation-
ships, ultimately contributing to a better society (Alan et al., 2021a; Deming, 2017; Heckman
et al., 2023; Kosse et al., 2020). Adolescence is a sensitive period of social skill development
(Deming, 2022; Steinberg and Morris, 2001; Steinberg, 2014). Moreover, adolescents benefit
from social skills. With increased exposure to peers during adolescence, social skills assume a
more pronounced role (Frith and Frith, 2007; Lam et al., 2014; Orben et al., 2020). Given that
adolescents are in a phase of development characterized by an intense desire for peer recogni-
tion, social skills, along with the social environment, can significantly influence their behavior,
potentially mitigating violent or risky tendencies (Chein et al., 2011; Steinberg, 2017).
However, the specific mechanisms by which social skills can help prevent or mitigate vi-
olence among adolescents remain unclear. This study aims to fill this gap by examining the
role of empathy (the capacity to sense others” emotions and imagine their thoughts or feelings;

Davis, 1996; Hogan, 1969) in determining bullying in schools.!

Roughly one-third of youth
fall prey to bullying worldwide, with far-reaching consequences (UNESCO, 2019).2 Despite
its prevalence and severe effects, bullying has yet to receive the level of public awareness and
policy attention it deserves, especially in developing countries.

In this paper, I show that fostering empathy can effectively reduce bullying. I also provide
a rigorous illustration of the underlying mechanisms by integrating evidence from the field
with insights from a structural model. Besides increasing one’s concerns about others’ feelings
and perspective taking (individual human capital effect), 1 show that empathy can help prevent
bullying by reshaping adolescents’ social networks and the subsequent influence from peers
within those new networks (social effect). Understanding the social aspect of bullying and how
empathy shapes social networks is critical to inform policy. In low to middle-income countries,

where resources are limited or program uptake is often low, a network theory-based targeting

design may be particularly appealing.> Moreover, the proposed model can be broadly applied

'Empathy has been proven to be a powerful solution to address aggressive behavior like bullying and is widely
recognized as a vital social-emotional skill that can be cultivated (Decety, 2010; Hodges and Myers, 2007).

2The detrimental effects of bullying on mental health, academic performance, labor market outcomes, and
even the emergence of suicidal tendencies have been well-documented (Brown and Taylor, 2008; Hinduja and
Patchin, 2010; Klomek et al., 2007; Sarzosa, 2021; Sarzosa and Urzta, 2021).

3Empirical studies have established the efficacy and extensive utilization of network theory-based targeting
interventions across diverse domains, encompassing technology adoption (Beaman et al., 2021), education (Ben-
nett and Bergman, 2021), labor markets (Beaman and Magruder, 2012), anti-poverty initiatives (Haushofer et al.,
2022), immunization (Banerjee et al., 2019), and others.



to understanding how adolescent skill development mitigates socially undesirable behaviors
beyond bullying from a social network perspective.

The analysis centers on a cluster-randomized controlled trial (RCT) on empathy develop-
ment that I conducted in two large middle schools in China with around 2,200 students and
their parents (Cunha, Hu, Xia and Zhao, 2023). The intervention takes the form of a parent-
directed parental involvement program that includes coaching and education focused on em-
pathy, as described in Section 3. The parent-directed design, motivated by parents’ central
role in children’s social-emotional development, sets this experiment apart from most exist-
ing anti-bullying programs.* The first-hand program implementation allowed the collection of
comprehensive measurements pertaining to standard psychometric measures of empathy skills
(Davis, 1983), friendship networks, characteristics of friends, and detailed bullying behavior,
which are challenging to obtain in observational data. The intervention successfully enhanced
students’ empathy levels and concurrently mitigated instances of bullying (Cunha et al., 2023).
The present paper takes a step further and investigates the channels through which empathy can
successfully reduce bullying among adolescents. It does so while explicitly accounting for the
social dimension of empathy and bullying behavior.

I start by showing that the intervention effectively reshapes the friendship network structure
of treated students, demonstrating empathy’s social effect in Section 4. Specifically, students in
these classes on average exhibit a higher level of connectedness measured by in-degree central-
ity, namely the number of nomination friendship links received, with an increase of 0.2 units
(6.5%). Moreover, they develop more friendships with non-bullies, reflected by an increase
of 0.22 units (8.6%), relative to those in the control group. I also find that empathy plays a
dominant role in predicting changes in network structures. Empathy consistently demonstrates
a stronger predictive power and remains statistically significant even after controlling for the
treatment indicator and other social-emotional skills.

While the program evaluation has provided valuable insights into empathy’s human capital
and social effects, it falls short in quantifying their relative contributions to the reduction of
bullying among adolescents. It also fails to capture the social aspect of bullying that always in-
volves peer spillovers. To overcome these limitations, I develop a structural model that accounts
for the data structure and the experimental evidence discussed so far. As shown in Section 5, in
my model, utility-maximizing parents choose whether to participate in the empathy-fostering
program, and children make decisions regarding their interactions with peers in the classroom
including friendship formation and bullying behavior. Students’ empathy, which I model as
a non-cognitive skill, evolves according to a human capital production function, taking their

baseline empathy skill endowment and parents’ participation status as inputs. Students make

4See Table E1 in Cunha et al. (2023).
3Specifically, the intervention led to a decrease in the prevalence of bullies by 4 percentage points (23%) and
victims by 5 percentage points (12%).



friends according to a dyadic link formation model and decide on bullying involvement fol-
lowing a social interaction type model. The key feature of the model is that empathy plays a
twofold role in shaping the bullying outcome: first, individual empathy levels directly influence
the private utility of their own bullying efforts to capture empathy’s human capital effect, and
second, empathy affects the probability of friendship links within the class, thus governing the
process of social network formation to capture empathy’s social effect.

In Section 6, I leverage the random assignment of the program and unique individual-level
network data to address two key identification challenges in my structural model. First, I in-
troduce a correlated error term structure between parents’ unobserved preference heterogeneity
and the empathy formation shock, akin to the classical self-selection model (Heckman and
Sedlacek, 1985; Roy, 1951), to account for the potential endogeneity of parents’ participation
decisions in children’s empathy formation. The random assignment nature of the intervention,
coupled with the observation that no participants in the control group participated in the pro-
gram, enables me to estimate the parents’ participation decision using the treatment group and
verify the validity of the error term assumption using the control group. Second, I tackle the
potential endogeneity of students’ friendship networks in bullying outcomes by allowing for a
correlation between the individual fixed effect when a student nominates others as friends and
the unobserved preference shocks in bullying effort utility. I then use a two-stage IV estimation
approach following Konig et al. (2019) with the help of individual-level network data.®

The estimates of the empathy production function reveal that program participation leads
to a higher marginal return of baseline empathy in forming follow-up empathy, but it does not
induce a significant level change. This suggests that students’ baseline empathy level plays
a central role in driving the program’s effect on empathy. It turns out that children’s bully
status and friendship information do not significantly affect parents’ participation decisions,
thus further verifying the model’s sequential set-up. Moreover, parents of children with better
academic outcomes exhibit a higher likelihood of participation, while those who have skipped
exams and have poorer mental health outcomes are less likely to participate, emphasizing the
selection of participation. I cannot reject the null hypothesis that the estimates using the control
groups are statistically the same as those using non-participants in the treated group, which
helps validate the empathy model assumptions.

In the network formation model estimates, an individual’s empathy level emerges as the
primary determinant of changes in friend networks, even after accounting for the baseline net-

work structure. I also find that differences in empathy between individuals and their peers play

“In the first stage, I predict the network structure based on dyadic characteristics and empathy level. In the
second stage, I construct instruments using the predicted adjacency matrix. Specifically, I utilize the characteristics
of an individual’s predicted indirect connections as excluded instruments for friends’ bullying behavior to handle
the “reflection problem” of Manski (1993). The intuition is that the characteristics of peers of peers solely influence
an individual’s activity through their peers’ activity (Bramoullé et al., 2009).



a minimal role in predicting link formation. As for the magnitude, a one standard deviation
(SD) increase in empathy corresponds to an additional 0.14 friends per student, on average.
When considering a class size of 47 students, which is the average in the study sample, this
effect translates to approximately 6.4 more friends per class. Finally, consistent with the ex-
perimental evidence in Cunha et al. (2023), I find that empathy significantly reduces bullying.
Students exhibit a preference for conformity, and the positive “spillover” of peer bullying be-
havior influences one’s own bullying behavior. Furthermore, male students exhibit a higher
likelihood of engaging in bullying than females.

Based on the model estimates, I then proceed to decompose the channels through which
empathy can change bullying behavior and quantify their relative importance. I find that the
social effect of empathy accounts for 32% of the total effect on bullying behavior. In other
words, empathy affects bullying both through individual human capital and social effects, with
the latter accounting for 47%, which is almost half of the former’s impact. The decomposition
analysis underscores the economic significance of empathy’s social dimension in explaining
bullying reduction.

In Section 7, I use the model estimates to evaluate the impact of alternative targeting
schemes on bullying reduction. I simulate bullying change in equilibrium under various tar-
geting groups and compare them with random targeting. This exercise was motivated by that
students’ friendship networks can serve as proxy measures of their social status, and peer ef-
fects of bullying have been proven to be non-negligible. Consequently, a targeting experiment
combining network formation may result in a more effective reduction in bullying than ran-
dom targeting. Results from the policy counterfactuals show that targeting based on students’
popularity always yields higher reductions in bullying than treating students randomly. At its
maximum, popularity-based targeting leads to a 7.5% further reduction in bullies.’

Interestingly, I find that targeting bullies’ closest friends is more effective than targeting
bullies directly. Delving into the data patterns, I find this is primarily driven by the observation
that bullies tend to be less popular than their closest friends. Conversely, those students identi-
fied as bullies’ closest friends have higher social status and display more desirable personality
traits than the bullies themselves. So, targeting bullies’ closest friends generates a higher so-
cial effect than random targeting, and importantly, the effect will inevitably get transmitted to
bullies.

The counterfactual analysis discussed above is highly informative for the development of
future anti-bullying programs. On one hand, it highlights the limited effectiveness of Zero
Tolerance policies (see Borgwald and Theixos, 2013). On the other hand, it emphasizes the

importance of leveraging social network information, particularly within the school environ-

"This set of results resonates with the importance of targeting social referents as the optimal treatment assign-
ment to change harmful norms and harassment behavior found in Paluck and Shepherd (2012) and Paluck et al.
(2016).



ment. Policymakers or practitioners can weigh the trade-off between the gained efficiency
from popularity-targeting and the additional costs associated with collecting social network
data. However, the findings pin down students’ popularity as a powerful characteristic for
effective targeting experiments. Popularity measure is more readily obtainable than other net-
work centrality measures, such as eigenvector centrality. School principals and class teachers
may already possess insights into students’ popularity, alleviating the necessity for extensive
and costly complete network data collection. Moreover, the latest advancements in network
data collection methods, such as the “random matching within sample” method (Conley and
Udry, 2010)® and the aggregated relational data approach (Breza et al., 2020),” offer promising
avenues for accessing pertinent information regarding students’ popularity. Collectively, we
anticipate that these advancements would enhance the efficiency and feasibility of conducting
network-based targeted experiments in future implementations.

In summary, this study is among the few to probe the causal impact of empathy on bully-
ing by innovatively combining an RCT with a structural model of human capital development,
network formation, and individual behavior. It also demonstrates that a parent-directed pro-
gram designed to foster empathy development in adolescents can reshape the structure of their
friendship networks and help them engage in desirable social behaviors. Notably, the networks
formed as a result of the program exhibit higher levels of friendliness, as treated students de-
velop more friendships with non-bullies and the prevalence of isolated students diminishes.
This finding motivates the necessary consideration of factoring in the social environment when
studying adolescent development. Critically for policy design, this study illustrates how to en-
hance the effectiveness of anti-bullying programs through more precise targeting methods that
consider the influence of social networks.

The remainder of the paper is organized as follows. Section 2 discusses the contribution
to the relevant literature. Section 3 introduces the experimental setting and key measures for
this study. Section 4 presents motivating evidence on experiment-driven changes in network
structure and peer effects of bullying. Section 5 develops a structural model with empathy pro-
duction, network formation, and bullying decisions. Section 6 discusses model identification
and estimation, and provides the model estimates. Section 7 reports counterfactual analysis to

show the effectiveness of targeting different groups. Section 8 concludes.

8Each respondent is asked questions about their relationship ties with a certain number of randomly selected
individuals from a larger sample, for example, “Do you know person X?7”’

They ask the following type of question “How many of your friends have trait X?” to obtain network infor-
mation and propose a network formation model accordingly.



2 Related Literature

This study contributes to four strands of literature. First, this paper connects to the rich literature
on human capital formation. The seminal works of Becker (1962), Becker and Tomes (1979)
and Becker and Tomes (1986) set the foundation and first introduce the concept of human
capital, which refers to the skills, knowledge, and abilities that individuals acquire through ed-
ucation and training, within the economics literature. Researchers have since developed models
to analyze the formation of various skills, including cognitive and non-cognitive skills, using
economic frameworks. They have also examined the input factors that contribute to the forma-
tion production function (Agostinelli et al., 2020, 2022; Attanasio et al., 2020a; Del Boca et al.,
2017,2013; Bono et al., 2016; Cunha and Heckman, 2008; Cunha et al., 2010). 10 Only recently
have researchers started to emphasize the importance of non-academic or higher-order skills
(Deming, 2017, 2022). This paper investigates an understudied yet vital social-emotional skill
— empathy. Furthermore, it studies the development of skills during the adolescence period,
which differs from the existing literature’s predominant focus on early childhood. This study
examines empathy jointly with friendship networks, suggesting that network effects should be
considered in understanding adolescent development.

Second, this paper connects to the literature on parental involvement program evaluation.
There is limited evidence on the causal impacts of parental involvement programs on chil-
dren’s peer networks. Existing studies on parenting program evaluation tend to focus more
on improving cognitive and non-cognitive abilities for the children (Attanasio et al., 2020b;
Barrera-Osorio et al., 2020; Cappelen et al., 2020; Doyle, 2020; Wang et al., 2023).!1 More
recently, research has explored the impact of neighborhoods on human capital formation using
experimental data (List et al., 2023).'? In contrast, my paper examines the return to parental
involvement on a different margin — the social environment of children captured by their friend-
ship network. Moreover, participating in the program improves students’ social-emotional
skills, especially empathy, and subsequently increases their popularity within the class.!®> Un-

derstanding the “virtuous circle” of non-cognitive skills and social capital can help understand

1For instance, Agostinelli et al. (2022) explore the roles of peer interactions and parental involvement in
children’s education to understand how school closures during the pandemic affected educational inequality.
Agostinelli et al. (2020) extend the skill formation model by connecting parenting with peer effects among chil-
dren.

"'This strand of literature also tends to focus on the effect of parental involvement programs during early
childhood, which ranges from 0 to 6 years old (e.g., Attanasio et al., 2020b; Doyle, 2020; Wang et al., 2023). See
also Cunha et al. (2021).

12LList et al. (2023) use spatial distance to explore spillover effects on skills between children attending a Pre-K
program in Chicago and those in the control group. Another related strand of literature uses residential movers to
identify neighborhood effects using observational data (e.g., Chetty et al., 2016; Katz et al., 2001). See Graham
(2018) for a review.

13This finding is consistent with Alan et al. (2021b), who show that a classroom-level intervention on perspec-
tive taking, i.e., cognitive empathy, in Turkish primary schools increases friendship and support ties in classroom
networks.



the mechanisms of peer effects.

Third, this paper digs into the causes of school bullying, one of the most common violent be-
haviors among adolescents, through a friendship network angle. Existing literature on bullying
summarizes potential reasons into various individual and contextual factors (Alvarez-Garcia et
al., 2015), distant parent-child relationships (Li et al., 2019), and family socioeconomic status
(Tippett and Wolke, 2014). Most studies from psychology only provide correlational evidence
that high impulsiveness and low empathy may be linked to bullying behavior (Cook et al.,
2010; Jolliffe and Farrington, 2006). In contrast, this paper investigates the causal impact of
empathy on bullying. It also emphasizes empathy’s role in shaping the social environment,
which has been examined narrowly in the literature thus far. Moreover, I utilize unique data on
detailed peer network information to explore the non-linearity of peer effects (e.g., Battaglini
et al., 2017; Booij et al., 2016; Boucher et al., 2022b; Konig et al., 2019) rather than only the
leave-one-out average. The empirical test of homophily in adolescents’ bullying behavior fur-
ther adds to the latest discussion on homophily over “malleable” characteristics (Jackson et al.,
2022).

Lastly, this study provides insights into network-based interventions to address practical is-
sues. Thus, it connects to one of the benchmark papers by Banerjee et al. (2019), who study the
diffusion of information via a micro-finance experiment in Indian rural villages. They construct
new centrality measures and document faster diffusion when technologies are seeded with peo-
ple who are central in the network rather than broadcasting information widely. In the context
of education-related intervention, Islam et al. (2021) conduct a two-year field experiment of free
provision of an after-school tutoring program in primary schools in rural Bangladesh based on
the centrality measure of the students. The treatment effect analysis shows that targeting the
most central students leads to more improvement in study outcomes than random targeting and
thus proves to be a more cost-effective way. This study adds to this by showing that network
structures can also be effective in preventing non-academic outcomes like bullying. It takes
into account potential changes in the network structure that may occur in response to interven-
tions, which is relevant to recent papers on policy evaluations in the presence of between-unit
interactions (e.g., Comola and Prina, 2021; Griffith, 2022b). This paper also relates to the “key
player” literature (e.g., Ballester et al., 2006; Calvé-Armengol et al., 2009; Lee et al., 2021;
Peng, 2019; Zenou, 2016). The targeting intervention exercise underscores the importance of
indirectly targeting bullies’ friends’ circles or involving high-status adolescents as leaders to
facilitate bullying prevention through positive peer influence, which can be harnessed by the

school and community leaders to inform policy design.



3 Empirical Setting and Data Description

3.1 The Parental Involvement Program on Empathy Development

The empirical analysis relies on data collected in an RCT on a parent-directed empathy edu-
cation program. The program was conducted in two large middle schools in China involving
around 2,200 students and their parents. The main goal of the program was to encourage
parental involvement and foster adolescents’ non-cognitive skills, especially empathy. I briefly
discuss the curriculum and settings below. For more details, one can refer to Cunha, Hu, Xia
and Zhao (2023).

Curriculum The embedded curriculum includes coaching and education on empathy.
The program lasted for four months and the materials were designed based on a monthly theme.
In sum, the four monthly themes cover empathy, perspective-taking, respect for uniqueness
(i.e., recognizing the value of various personality types), and the role of social-emotional skills
in maintaining relationships with others. We used daily activities, such as reading short articles
and watching movies, as the key learning methods. All the tasks were empathy-oriented.'*
During the four-month intervention, we provided two biweekly reading materials on the first
day of the corresponding week and one movie task on the first day of each month. We also
encouraged parents and their children to leave a brief reading reflection to share their thoughts,
and this assignment is optional. The curriculum was designed with the aim of cultivating ado-
lescents’ empathy through family education. We targeted parents to help them learn empathy
and positive parenting skills with their children. As predicted by the simulation theory from the
psychology literature (Decety and Jackson, 2004; Preston and De Waal, 2002), children would

eventually develop empathy through interactions with their parents.

Delivery We used a stratified randomization design and randomly assigned the 48
classes to the treatment or the control group. All the families in the treatment classes received
the intervention, while the control classes received no information during the intervention ex-
cept invitations for the follow-up surveys. The delivery of the intervention used a social media
app — WeChat ' — to trace the enrollment and participation for the study sample. We uploaded
biweekly and monthly materials through a platform Daka on the app, and all the program ma-

terials were exclusively accessed through the app. The platform automatically comes with a

14 Although we collected rich measures on bullying behavior, the program was mainly advertised as an em-
pathy development program and all the curriculum content was about empathy. Empathy development, which is
irrelevant to the exam-based evaluation education system, is not prioritized by the school system in China. In
fact, even in many developed countries, the main focus has been on raising test scores. This is a common “un-
intended” consequence of test-based accountability policies (Loveless et al., 2005). Therefore, we anticipate that
the marginal emphasis on empathy development may contribute to the issue of non-compliance. However, the
marginality helps alleviate reporting issues regarding empathy skills to some extent. Additionally, the absence of
information about bullying behavior or prevention measures also helps minimize the Hawthorne effects.

SWeChat, similar to Facebook or WhatsApp, is the most commonly used social media platform in China.



check-in feature so that we can check the participation records of each participant.

3.2 Uniqueness of the Program and the Data

The design of the parental involvement program allows me to study the role of friendship
networks in determining how empathy as a social-emotional skill works on bullying reduction.

First, the delivery of the intervention requires students to participate and learn empathy
with parents at home rather than at school. This setting minimizes the direct impact of the
program on school life, such as the teacher and student network, which avoids confounders and
establishes the empathy effect on the student network. During the intervention, teachers were
only informed that it is a parental involvement program on empathy, and the only task they were
required to do was to help us forward a biweekly reminder message with the access link to the
platform. We thus expect the teacher effect to be minimal. There are also two additional pieces
of evidence that can support the argument. First, empathy skill is a marginal skill in schools
due to the emphasis on test scores and the prevail of test-based policies.!® Teachers do not
have further incentives to encourage participation as participation is not linked to their salary.
Second, through the enrollment data, I observe no teacher ever registered for the courses, and
hence, they had no access to any material.

Second, we also expect a minimum direct impact on the student network due to the nature
of family activities. Parents know little about their children’s entire friendship networks,!” and
the likelihood that parents intervene in relationships is low — from the baseline data of the
student survey, only around 20% of students reported that their parents ever intervened in their
friend-making decisions.

Lastly, the random assignment provides the exogenous variation needed for identifying the
causal effect of empathy on bullying reduction. In addition, the richness of the individual-level
friendship network data allows for more flexibility to decompose the empathy effects at a more

granular level.

3.3 Key Measures

The data for this study include measures from two rounds of surveys: the baseline survey
collected in January 2021 and the follow-up survey collected at the end of June 2021.'® The

key measures used in this study are introduced below:

16Unfortunately, this is an issue not only prevalent in the developing world, such as China, but also in the
developed world, such as the United States (Chen et al., 2021; Ryan et al., 2017).

17The later analysis of participation decision also resonates with this finding — Table 5 shows that only child
ability measures are determinants of participation while network features are not relevant.

8Data collection relied on the administration of standardized student questionnaires and was realized before
and right after the end of the program under the supervision of class teachers. Students had the right to discontinue
at any point in time or skip sections of the questionnaire part. In case students chose not to participate, they were
asked to work on a worksheet provided by the teacher who was present during the entire data collection phase.



School Bullying In both surveys, we asked students’ detailed bullying behavior cov-
ering five domains: (1) threatening/verbal abuse for verbal bullying, (2) hitting/kicking for
physical bullying, (3) lying and spreading rumors for social bullying, (4) social isolation, and
(5) abusive or hurtful texts online as cyberbullying. We used multiple questions with specific
examples to alleviate the concern of misreporting bullying behavior caused by misunderstand-
ing. Comparing results between different domains also gives us more confidence in handling
the Hawthorne reporting effects. We collected detailed frequencies of the five types of bullying
behavior, as well as whether they were victims of any event during the intervention semester.

Regarding the misreporting issue, Cunha et al. (2023) carefully test and argue that students’
self-reports of bullying behavior may be superior to other resources researchers use to avoid
misreporting issues, such as teachers’ reports or administrative records. The subtlety of school
bullying makes teachers know little (Hazler et al., 2001; Huang et al., 2013). Even if teach-
ers are aware, they may have higher incentives to misreport it than students due to potential
negative effects on their performance evaluation by the school.!” Moreover, even if teachers
do report aggressive behavior, their reports are more likely to be influenced by the Hawthorne
effect compared to students’ self-reports, because adults are more sophisticated than adoles-
cents as well as their expertise in education. In contrast, we expect that students in both groups
have no differential incentive to misreport, as bullying is merely mentioned in the program.
Last, we also verify the robustness of our results to the misreporting issue by applying the
misclassification method in Cunha et al. (2023).

For the empirical analysis, I construct an indicator and a continuous measure for students’
bullying behavior: (1) the “repetitive bully” indicator equals 1 if students ever engaged in at
least one of the five bullying events more than once to capture the repetitive nature of school
bullying incidents 2 and (2) a bullying score, calculated using factor score, to capture bully

intensity.”!

Friendship Network  We followed the data collection methods of National Longitudinal
Study of Adolescent to Adult Health (Add Health) to collect the friendship information for

each student in the study sample at both baseline and follow-up.?> We asked students to name

19We requested a list of records regarding aggressive behavior from teachers, but no incidents have been re-
ported. We attribute this outcome to several factors: (1) students generally avoid bullying others in the presence
of teachers, (2) teachers may be too burdened to report non-academic behavior within the current test-oriented
education system, and (3) reporting aggressive behavior goes against teachers’ incentives, as it could potentially
lower their bonuses.

20For robustness checks, I also show results in the Appendix as a supplementary analysis using the “bully
once” indicator, which equals 1 if students engaged in at least one of the five bullying events for at least once. The
pattern of the results remains the same.

21To alleviate the concern of measurement error issue of the reported bullying behavior, a factor model that
maps the reported bullying frequencies to their latent bullying efforts is applied using a Two-parameter Logistic
model from Item Response Theory developed in psychology (Lord, 2012). More details are discussed in Appendix
Section E.

22The Add Health data have been widely used in network and peer effects studies, including Boucher et al.

10



at most five best friends within the classroom and rank them in order of closeness. In this study,
I construct the following network statistics: at the individual level, I use in-degree, eigenvector
centrality, reciprocal link, and unilateral link; at the classroom level, I quantify the degree
of homophily using the Coleman Index proposed in Coleman (1958) and measure segregation
using the number of isolated students within each class. Details about these measures are

explained in Appendix Section A.1.

Empathy Skill ~ We used self-reported instruments for students’ empathy skill and fol-
low Alan et al. (2021a) to measure two dimensions at the baseline: perspective taking and
empathetic concern.”> However, our sample students are, on average, about 5 years older than
students in Alan et al. (2021a). Therefore, we added another dimension, prosociality, in the
follow-up, to construct a more valid empathy measure for the adolescents. The new measure
is closer to the modified Interpersonal Reactivity Index in the psychology literature (Davis,
1983). I follow Anderson (2008) to construct an inverse covariance weighting empathy index

to summarize the three sub-components.

Children’s Other Outcome Variables To better understand the mechanisms beyond
the treatment, we collected other outcome variables for the children, including stress, mental
health (measured by CES-D), positive personality, time with parents, and time spent on study
and leisure. In the empirical analysis, the inverse covariance weighting indices are constructed
for stress and positive personality following Anderson (2008). Appendix Section A.2 discusses

these measures in detail.

3.4 Summary Statistics and Balance Test

The original study sample contains 2,246 student responses. After dropping those with invalid
network information,?* the total estimation sample of this study composes of 1,025 students
from the control classes and 1,206 students from the treatment classes. Appendix Table 12
reports the attrition rates by comparing with the original student sample with all valid responses.
The attrition rate is small and negligible: 0.4% from control groups and 0.9% from treatment
groups.

Table 1 displays the summary statistics of the study sample at baseline. Panel A exhibits the
results for individual characteristics. On average, students are aged 14, with 53% of them being
male, 58% having urban hukou, and more than 70% having at least one sibling. Additionally,

38% of the students reported engaging in aggressive bullying behavior at least once, while

(2022b), Boucher et al. (2022a), Bifulco et al. (2011), Lleras-Muney et al. (2020), Calvé-Armengol et al. (2009),
Boucher et al. (2023) and many others.

23Kamas and Preston (2021) discuss different types of measures of empathy and conclude that a self-reported
survey is considered to be a valid measure of empathy.

24There exist some cases (N = 15) of students’ responses where they either gave invalid friends’ names or I
cannot successfully match the student ID.
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approximately 70% of the study sample reported experiencing any of the events at least once.
When considering the repetitiveness of bullying behavior, 21% of students are classified as
bullies, while 57% are classified as victims.

Panel B of Table 1 reports results for baseline network statistics. On average, each student
has 3.1 links to other students. Among these links, 1.3 are reciprocal links, and 1.8 are unilateral
links. The average eigenvector centrality is 0.2, suggesting that the friend network is quite
loose in the sense that there are few “clubs” that exist within a class. The two groups of
classes display similar classroom network patterns. No significant differences are detected. To
complement those statistics, Appendix Figure 11 illustrates the distribution of the total number
of nomination links received by each student. Students in the study sample receive an average
of 3 nominations. I also plot the distribution of the number of isolated students within each
class in Appendix Figure I2. On average, 4 to 5 students in the study sample receive no friend
nominations in each class.

The individual characteristics as well as network statistics are balanced across two groups.

The joint test also verifies the successful randomization.

4 Motivating Evidence

Bullying is a complex societal issue that encompasses various individuals and includes a desire
for social status (De Bruyn et al., 2010; Espelage, 2014; Espelage et al., 2003). Meanwhile,
empathy plays a vital role as a social-emotional skill, potentially influencing one’s social circle.
Cunha et al. (2023) shows the effectiveness of the empathy education program in cultivating
students’ empathy and further reducing bullying, as summarized in Appendix Section B. How-
ever, it leaves out empathy’s social effect on the friendship network. This study enriches our
initial analysis by examining the social aspect of empathy in order to further understand its im-
pact on reducing bullying, thereby providing valuable policy recommendations for preventing
violent behavior.

In this section, I detail findings from data exploration. I first present descriptive patterns
from the network data. I then discuss the results of evaluating the program’s impacts on the
network structure. I also lay out a simple model by transforming insights from psychology

literature on the empathy effect to help interpret the results in Appendix Section C.

4.1 Descriptive Patterns from the Network Data

In Figure 1, I visualize the friendship network structures of a randomly selected class in our
study sample at baseline (Panel A) and follow-up (Panel B). At baseline, students tend to as-
sociate with those who share a similar status, and both bullies and non-bullies can be popular.

However, at follow-up, the social circles of bullies break down into pieces. These patterns sug-
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gest that after the intervention, bullies become less popular within the class. I observe a similar
pattern in Appendix Table I3 when examining the association between students’ network struc-
ture and bully status at baseline and follow-up for the whole sample.

In Table 2, I report the regression estimates, which capture the statistical relationship be-
tween students’ own bullying perpetration and peers’ bullying perpetration using the baseline
data. The estimates are robust and stable, with a correlation of around 0.04. It suggests that
conditional on the number of friends one has, one additional bully friend is associated with a
4-percentage-point increase in the likelihood of myself being a bully. These estimates imply
the presence of peer effects on bullying behavior, and it can be salient among middle school

students.

4.2 Program Effects on Friendship Network Dynamics

I estimate the effects of offering the intervention, or the intention to treat (ITT) effects, on the

network statistics using the following specification:
Yicl :a+ﬁ1TC+YiCO+TS+8iC7 (D

where Y. is a vector of outcome variables for individual i in class ¢ at the follow-up, T, is
the treatment group indicator for class ¢, which was assigned at the baseline, and 7; is a set of
strata fixed effects, and &;. is an i.i.d error. I also control for baseline outcome variables Y;.q for
a more robust analysis. For all regressions, I cluster the standard error at the class level. Given
48 clusters, which is marginally greater than the rule of thumb, I complement it with Cameron

et al. (2008)’s wild cluster bootstrap (WCB) p-values using 9,999 resampling.

Effects on Network Statistics  Table 3 reports the ITT effects on various network mea-
sures. At the individual level, I find that the offering of the intervention leads to an average 0.2
unit increase in students’ in-degree centrality, suggesting that students in treatment classes are
more likely to have friends than students in control classes after the intervention. On the other
hand, it leads to an insignificant decrease (-0.02) in students’ eigenvector centrality. The results
suggest that students in treatment classes seem to make more friends with less “important”
peers, such as those who were originally isolated or those with very few friends.

How links are formed also matters in network architecture. I find that the program leads to
increases in both reciprocal (0.05 units) and unilateral links (0.16 units). In Appendix Figure
13, T show the heterogeneous treatment effects by baseline empathy level and baseline bully
status. Results suggest that most of the significant changes in in-degree happen among those
with lower baseline empathy skills.

I detect a significant decrease in the total number of isolated students, i.e., those who have

no friend nominations, within the treated class. This suggests that the classroom atmosphere
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in treated groups becomes more harmonious due to the intervention. I do not find a significant
program impact on the degree of homophily at the classroom level, measured by Coleman
index.

I also find there is a strong correlation between empathy, network status, and bullying be-
havior. Using the baseline data, I conducted a correlation analysis between empathy and these
variables while controlling for demographics. The results, presented in Appendix Table 14,
indicate that individuals who possess a greater degree of empathy are likely to receive more
peer nominations, experience less social isolation, and have more reciprocal links. These find-
ings are in line with previous research in psychology, which suggests that empathy helps form

intimate relationships (Kardos et al., 2017).

Effects on Who Makes Friends with Whom The above analysis explores the treat-
ment effects on the network structure as a whole. The next question pertains to the impact of
the intervention on the formation of bully-bully and bully-nonbully ties. Therefore, I conduct
subgroup analyses to explore whether the program affects students’ choices of friends at the
follow-up separately by their baseline bully status. Table 4 reports that, among baseline bullies,
there is a 0.19 unit increase in non-bully friends, while there is no change in the number of bully
friends. Among baseline non-bullies, receiving treatment leads to a decrease in bully friends, as
opposed to a significant increase of 0.22 units in non-bully friends. Therefore, bullies become
less “popular,” and students are more likely to befriend non-bullies in treatment classes, espe-
cially those who were non-bullies at the baseline. These results remain robust to the alternative
definition of being a bully, which categorizes bullies as students who have engaged at least once
among the five types of events, as shown in Appendix Table I5.

This finding can be attributed to two potential explanations: (i) students’ initial friends,
i.e., those nominated at the baseline, transitioned to a non-bully status; or (ii) students severed
friendship ties with individuals who engaged in bullying behavior and made new friends who
are non-bullies. To examine the mechanisms, I construct the aggregate count of bully and non-
bully friends falling into two distinct categories: newly formed connections and pre-existing
nominations. Subsequently, I employ Eq (1) to scrutinize the treatment effects associated with
each category. The findings, presented in Appendix Table 16, indicate that both channels seem
to be equally plausible. This finding suggests the need for a comprehensive exploration of the

mechanisms, as elaborated in Section 5.2

231 also explore the effects on the victim network structure in Appendix Tables 17 and I8. Overall, the tables
report that both victims and non-victims tend to befriend non-victims after the intervention, and the change is
more likely to be driven by the reduction of victims. Moreover, I examine how the program changes friends’
characteristics across other dimensions in addition to bully status. More details can be found in Appendix Section
D.

14



5 Model

Two patterns have been documented so far — (1) the changes in students’ network structure,
especially the number of links students received, due to the empathy program, and (2) the
existence of peer effects on bullying behavior. The treatment effect analysis in Section 4 implies
the existence of a link between empathy skills and network structures. However, the treatment
effect analysis is silent in quantifying the exact contribution of each channel, which is critical
to inform policy design. Moreover, bullying often involves multiple agents and needs to be
studied as a social event, and the above treatment effect analysis is limited in capturing the
equilibrium effect, namely the potential spillover effect of bullying behavior.

Therefore, 1 proceed to develop a model aiming to (i) unpack the impact of empathy on
adolescents’ involvement in bullying and (ii) quantify the peer effect in bullying behavior after

accounting for empathy and network structure.

Set-up The model is composed of two sets of agents: parents decide on whether to
participate in the program, which helps cultivate their child’s empathy, and children decide
on the interactions with peers in the classroom including friendship formation and bullying
involvement.

As an overview, the model includes four interconnected components focusing on the follow-
up outcomes in a sequential manner. Notably, my modeling strategy specifically targets the
follow-up outcomes to facilitate the decomposition of the causal effect of empathy change on
bullying outcomes. The first component encompasses parents’ participation decisions by solv-
ing a utility maximization problem that governs the evolution of students’ empathy. The stu-
dents’ follow-up empathy levels are determined by the interplay between the empathy evolve-
ment equation and the participation decisions made by parents. Subsequently, leveraging the
updated empathy levels, students adjust their friendship networks. This network adaptation
process considers the new empathy levels and the existing friendship links at the baseline. In
the final step, given the updated empathy levels and friendship network, students weigh the
private utility of engaging in bullying against the cost associated with deviating from the social
norm.

A key distinguishing feature of the model lies in incorporating students’ empathy skills into
both the private utility of their bullying decisions and the stage of friendship network formation.
This integration enables me to capture both the individual human capital and social effects of

empathy on bullying.

Model Details  In the first step, parents make the decision of whether to participate in the
program while considering the constraints imposed by their child’s empathy formation process.

Modeling the take-up decision is necessary for counterfactual simulations of reassigning the
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intervention. Parents would opt to participate if there is an additional gain in their child’s
empathy, which also outweighs the opportunity cost of participation. Otherwise, they would

choose not to participate. Formally, the parents’ utility function is as follows:
Ui=mw+n (H} —H&) + X — BCi+ Ui, (2)

where Hi?l denotes their child i’s empathy at the follow-up when not participating and Hil’1
denotes the new empathy when participating, the vector X; encompasses the characteristics
of both the parents and the children, and C; represents the opportunity cost of participation
depending on parents’ income Y;. Additionally, ¥; stands for the unobserved parents’ preference
shock.

I specify the child’s empathy formation function known to her parents as follows:

Hi(,)l = Po+PioHio+ &, 3)
H'| = Bo+6+Pi1Hio+e:. 4)

In the empathy formation model, I allow participation to have two potential effects on the
subsequent development of empathy: The first is the change in level, denoted by &, while the
second is the differential marginal return of baseline empathy H, induced by participation,
i.e., B1,0 when not participating and B; ; when participating. The parameter 3y represents the
average change in empathy level from baseline to follow-up invariant to participation status.
The term ¢&; denotes the unobserved shock in empathy formation experienced by student i. I
assume that parents’ information set includes Q; = {X;,C;, Bo, 0, B1.0, B1.1, &}

Parents choose P; € {0, 1} following the decision rule:?°

0, ifU;<O0,
P =

1, ifU;>0.

In the next step, students form friendship networks in the classroom. Let W represent the
(n x n) adjacency matrix, where elements are w;; = 1 if and only if student i nominates j as a
friend and zero otherwise.?” Note that to fully utilize the information from the students’ survey,
I adopt a directed network framework. This means that the friendship network matrix W need

not be symmetric.?®

260One may be concerned about the spillover of parents’ participation decisions. However, it should not be
a big concern in the existing context due to (1) parents having little information about their children’s complete
friendship network and (2) the take-up rate is not incredibly high and only 40% of treated parents participated.

%TFor this study, each sub-network consists of all students in the same classroom. There is a total of 48 sub-
networks, corresponding to the 48 classes included in the analysis.

28To clarify, if student i nominates student j as a friend but not the other way around, the corresponding entry
w;; in the weighting matrix is set to one, while entry w; is assigned zero.
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To model the formation of the follow-up friendship network Wy, which consists of links
wiij» I use the concept of homophily. Homophily implies that individuals tend to form friend-
ships with others who share similar characteristics (Konig et al., 2019; Lleras-Muney et al.,
2020; Santavirta and Sarzosa, 2019). Moreover, I incorporate the information of previous con-
nections from the baseline friendship networks Wy, which encompass links wy; ;, to better cap-
ture the changes in the network structure following the intervention. Including the baseline
connections aims to enhance our understanding of how the network evolves over time and how
the intervention impacts its formation by cultivating students’ empathy. Therefore, student i
sends a friendship nomination link to j if there is a positive value in doing so, which is repre-

sented by the following equation:

wiij = 1 (woijWo + Vi, + Xjwy + Ei; > 0), &)
2\ 2

where V;; = <Z§:1 (Vip = Vijp) ) denotes the distance between i and j in R dimensions of
characteristics, including the follow-up empathy levels Hy; and H j, and the vector X; denotes
a series of student j’s characteristics which also includes j’s follow-up empathy H ;. Ilet &;;

denote the unobserved link heterogeneity specific to the student pair (i, j).
In the last stage, students make decisions on bullying engagement solving the following

utility maximization problem:

s 1 2 ¢ x ’

max  U*(b;) = di(x)bj — 5b; — = | bi—Y_wuijbj | (6)
b; 2 2 iz

~
conformity cost

private net benefit

where b; denotes the continuous bullying score,?® d;(x) represents the private marginal benefit
of engaging in bullying affected by characteristics x including empathy, ¢ denotes the peer
effect or the experienced degree of peer pressure, and wy;; is the follow-up friendship link. A
scholarly debate exists regarding the appropriate form that peer effects ought to follow, either
spillover or conformist, as evidenced by the literature (Boucher et al., 2022b; Liu et al., 2014).
The present context assumes that bullying behavior among adolescents is predominantly influ-
enced by social norms,?” a finding that has been established in prior studies (e.g., Perkins et al.,
2011).

We obtain the following best response function for every student’s bullying effort, b;, in

2Note that I model for continuous measures of bullying to ensure the existence and uniqueness of equilibrium
for tractability. Empirically, in the estimation, I map the reported bullying frequencies to their latent bullying
scores using a Two-parameter Logistic model from Item Response Theory in psychology (Lord, 2012). More
details are discussed in Appendix Section E.

30In order to align with the social norm narrative, I perform row normalization on the matrix Wy during
the estimation process. Although the notation remains unchanged for brevity, it is important to note that all
calculations and analyses are based on the row-normalized version of Wj.
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equilibrium:

bf = di(x) +m[§'w1,~jb1~ —d;i(x)], VieN. (7)
human capital effect I _

-~

social effect

Equivalently, it can be further expressed in a matrix form as:
b =[I+A(I-Wy)|~'d(x), ®)

where A = ﬁ is a scalar that captures the degree of peer effect, I is the identity matrix
with dimension n x n, and Wy denotes the follow-up friendship network matrix. There exists
a unique Nash equilibrium of bullying score as long as regularity conditions hold, i.e., |A| < 1
(Ballester et al., 2006; Debreu and Herstein, 1953).

To capture empathy’s individual human capital effect on bullying, 1 formulate the pri-
vate marginal benefit of engaging in bullying as d;(x) = Y?_, B,x,; + vi,3! where x is a M-
dimensional vector of students’ characteristics, including the follow-up empathy Hj;, and v;
denotes individual i’s unobserved heterogeneity. Therefore, the equilibrium effort of individual

i, b;, in (7) is given by

M N
b,z(l—k) Z ,Bmxmi‘{'lzwlijbj_*—gi’ (9)
m=1 JFl

where £ = (1 —1) v;.

Key Assumptions of the Model Setup The above model exhibits several simplifying
assumptions. First, I simplify parents’ decision-making of participation. In the current model, I
abstract away from factoring expected bullying outcomes and future friendship network struc-
tures into parents’ decision-making process. This assumption is reasonable for several reasons:
(1) it echoes our program design in that the program was advertised as an empathy education
program instead of a bullying prevention program, (ii) parents have limited knowledge about
their children’s friendship networks, as discussed in Section 3.2, and (iii) I empirically test that
child bully status and popularity are not correlated with the participation decision, as shown
in Table 5. Moreover, it is plausible that parents can only make decisions based on limited
information, in line with the bounded rationality literature (Kahneman, 2003).32

Second, I also assume that students’ decision-making regarding their social connections

does not incorporate the consideration of final bullying outcomes b;. In other words, I assume

31This specification is flexible for the additional inclusion of contextual effects. In that case, I can let
di(x) = ):%’:1 BinXmi + m Z%: 1 ):;?# YmW1ijXmj -+ Vi and the parameter ¥, captures the contextual effects, i.e.,
the effects of peers’ char]acteristics on one’s own behavior.

31 will leave modeling the feedback effect of bullying on network formation for future studies when longer-
term data are available.
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that students make two decisions separately — one on friends (which depends on friends’ bully-
ing decisions) and another decision on their own bullying outcomes. This setting is motivated
by the finding that adolescents are less sophisticated than adults in decision-making and their
goals are more likely to maximize immediate pleasure (Reyna and Farley, 2006). Addition-
ally, this assumption greatly enhances the model’s tractability and aligns with the approach
employed by scholars such as Griffith (2022b) and Boucher et al. (2023).3

Furthermore, the network formation model assumes the absence of utility derived from “in-
direct” connections. This assumption is shared by researchers such as Graham (2017), Griffith
(2022b), Konig et al. (2019), and Lee et al. (2021). Nevertheless, accounting for externalities or
additional utility gains stemming from popularity may unveil a more pronounced social effect
of empathy on reducing instances of bullying. I leave this issue for future research.

Lastly, I assume “sequential exclusion” such that the treatment only affects students’ net-
work structures by improving students’ empathy skills. 1 justify it empirically and find that
conditional on the follow-up empathy and the baseline network links, receiving the treatment
and the other follow-up non-cognitive abilities are not significantly correlated with the follow-
up friendship links, as shown in Appendix Table 110. This result supports the “sequential

exclusion” assumption.

6 Empirical Results

In this section, I first discuss the identification of the model. I then explain the estimation

strategy, followed by providing the estimation results.

6.1 Identification Strategy

As illustrated in the previous section, the whole model system is composed of estimating four
components: Parents’ participation decision (Eq (2)), empathy formation (Eqs (3) and (4)),
network formation (Eq (5)), and bullying involvement (Eq (9)). The model contains three
endogeneity issues: (i) the endogeneity of the take-up decision P; in empathy formation, this
issue may arise due to the correlated error term structure involving parents’ preference shock
¥; and empathy formation shock &.>* Then, (ii) the endogeneity of the friendship network
matrix Wy in the final bullying outcome equation (9), if there exists an unobservable factor that
affects both the bullying efforts, d; and d;, and the friendship matrix, wy;;, it is possible that
the non-random formation of network links is a concern. For example, two students exposed to
similar violent content on social media are more likely to be friends, and at the same time, both

have a higher private utility of engaging in bullying. Lastly, (iii) the reflection problem, i.e.,

3 This setup is distinct from the models used by Badev (2021) and Hsieh et al. (2022), where they explicitly
model the co-evolution of network links and individual behavior.
34Essentially, it presents a selection on unobservables problem.
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the simultaneity of my own and my peers’ bullying behavior, d; and d, because an individual
may both influence her group’s behavior and be affected by it at the same time. I discuss how
to account for these endogeneity issues accordingly.

To address the endogeneity of the take-up decision in empathy formation, I adopt the classic
self-selection framework (Heckman and Sedlacek, 1985; Roy, 1951). I model endogeneity by
assuming a bivariate normal distribution of parent preference heterogeneity in participation
decisions and the unobserved shock in students’ empathy formation, allowing for a correlation
between these two shocks. I assume that the same empathy shock is invariant to the take-
up status to ensure point identification of parameters. The normality structure leads to the
inclusion of inverse Mills ratio terms to correct for the selection bias in the expected follow-up
empathy regression conditioning on participation status. The variances of the two shocks are
identified from the observed variances of empathy in both the compliance (take-up) and non-
compliance (non-take-up) groups. I estimate the model using the treatment group. Thanks to
the random assignment of the empathy program and the observation that no participants in the
control group participate in the program, I can validate my estimation results and the error term
assumption using the control group sample. Further implementation details can be found in
Section 6.2 and the Appendix Section F.

To address the endogeneity of the friendship matrix Wy in the bullying outcome, I use a
two-stage IV estimation approach based on the method proposed by Konig et al. (2019) and Lee
et al. (2021). In the first stage, I predict Wy based on predetermined dyadic characteristics,
and in the second stage, I construct IVs using the predicted adjacency matrix \Vl

To address the simultaneity of my own and my peers’ bullying behavior, I explore the
structure of interactions in a directed friendship network to identify peer effects using an in-
strumental variable strategy, similar as in Konig et al. (2019). Given that each individual’s
outcomes can be influenced by their nominated friends, i.e., those direct connections, then un-
der the presence of intransitivity, the characteristics of an individual’s indirect connections can
be used as instruments to identify peer effects. Intuitively, the identification condition says
that the characteristics of the friends’ friends of a student who are not her direct friends could
serve as valid instruments for the bullying behavior of her own friends. Therefore, I construct

~2  ~3
<W1 X, W; X, ) as excluded instruments for peers’ bullying behavior Wb, given the exis-

. e R —3 . :
tence of intransitivity, that is I, Wy, Wy , and Wy are linear independent.

33The underlying rationale is based on the concept of homophily, which posits that individual-level character-
istics only impact the formation of links when they align with similar attributes of another agent at the dyad level.
Consequently, the functional form of the outcome equation that models action choices inherently excludes dyad-
level variables. This exclusion stems from the disparity between the dimensions of the dyad-level link formation
equation (5) and the individual-level outcome equation (9), thus establishing a natural exclusion restriction.
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6.2 Empirical Specification and Estimation

Parents’ Problem  Assuming the error terms € and ¥ are correlated with covariance g, and

follow a normal distribution and with mean zero, variances 682 and 61%}, the joint distribution

& 0 ol o©

1 £ Ev .

of the two error terms follows ~N ) . Equivalently, one can
D 0 Oey O3

also write & = z—%"ﬁi +1;, where ¥; L n;.

Parents choose not to participate, i.e., P; = 0, if U; < 0. This gives:

Ui<0<=n+né+nBi1—Bio)Ho+rXi—pnCi+1 <0

0 <BCG—nXi—n (Big—Bio)Hio— 70— -
:=h

Likewise, P, = 1 if U; > 0, which corresponds to 9¥; > h. Given the normality assumption

of parents’ preference shock © and let h* = %, we can calculate the parent i’s participation

probability, where ® denotes the standard normal CDF:
P(P=1)=®(h"). (10)

In order to obtain the parameters governing the empathy formation process, we need to
rely on the first-order moments. Given the error term structure, we can derive the conditional
expectation of child i’s follow-up empathy when not participating as follows:

NH 0.Co X P — 0) — , o(h)
E(H;1|Hi0,Ci,Xi, P; = 0) = o+ B10Hi0 — Oev—=——. (1)

d(h*)
The last term on the RHS, referred to as the Inverse Mills Ratio, serves to control for selec-
tion. Similarly, the conditional expectation of child i’s follow-up empathy when participating

is derived as:

9(h) (12)

E(H;1|H;0,Ci,X;,Pi=1) = Bo+ 0+ B1,1H; o+ GSvTﬂl*)~

To obtain estimates of the variances, we also need to utilize the second-order moments.

Specifically, for those who choose to participate:

2 Tk A (% T % 2 o)
7o (h 7
Var(H;,|Hip,Ci,Xi, i = 1) = (:;_82 (1 - ‘Pé ) _ ((p(_ )> ) +o2-28 (13
O
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Similarly for those who choose not to participate,

2 7% 7% 7% 2 2
(o] h*o(h h (o
Var(H;1|Hip,Ci, Xi, P, =0) = 2 [ 1+ o) _ <¢(ﬁ*)) +o;— 5. (14)

o3 ' 1m0 o) o3

The estimation of the parameters in the parents’ problem involves three steps: The first
step requires a Probit regression of the participation dummy P; over C;,X;, and the baseline
empathy H; o on the treated group as specified in Eq (10).3®¢ When performing estimation, T
let C; depend on the family income level, and Xj denotes the vector of additional controls for
parents’ characteristics, such as age and whether the mother responded to the survey. Further-
more, I account for various characteristics of the children, including child bully status, inverse
CES-D score, test score, study pressure, popularity, and peers’ bullying level.>” 1 can then

construct the selection correction terms in Eqs (11) and (12). This step provides estimates of

wtnd nBui-Po) » B
Oy Oy ’ 0y’ Oy’

The second step involves conducting OLS regressions using Eqs (11) and (12). Here, I im-
pose the coefficient constraint to estimate Og,. This step provides estimates of By, 8, B1,0, B1.1, Oey-

In the third step, I first transform the two conditional variance equations (13) and (14) to be
conditional solely on the participation status, i.e., Var(H; 1|P; = 1) and Var(H; 1|P, = 0). Using
nonlinear least square estimation, I match the observed variances of follow-up empathy with
the model-implied variances.*® This step provides estimates for the variances of both shocks,

o? and 6129.

Network Formation  In estimating the dyadic network formation described by equation
(5), I specity the surplus structure of the network formation equation (5) following Graham
(2017). Specifically, I let &;; = 7; + & j and & = T; +a; as compounded error terms, where
VijL&jand & L a;.>° Note that the incorporation of unobserved heterogeneity of individual i
is flexible enough to address the potential endogeneity of the follow-up empathy H; in network
formation. Assuming that & follows a logistic distribution and that they are independently and

identically distributed across dyads, one can express the likelihood of observing network Wy

361 only use data from the treatment group for estimation. This decision is based on our records of program
take-up, which indicate that only individuals in the treatment group participate in the program. Consequently,
there is no variation in take-up decisions within the control group.

37The inclusion of characteristics X; and C; can also serve as exclusion restrictions to solve the selection is-
sue. Additionally, testing whether the children’s bully status and popularity play a significant role in the take-up
estimation equation also helps address concerns regarding the potential imbalance in counterfactual targeting ex-
periments based on students’ popularity and bully status.

381 lay out the estimation details in Appendix Section F.

3The endogeneity of the peer network in the final bullying outcomes arises from the unobserved hetero-
geneity 7;, which affects both & and Z;;. Specifically, one can derive that E[(¥;w1;;)&] = ¥, E[(w1ij)&] =

YEN (WOtj'l/oJrV/jl/erX}ll/erTt+<§i/> &l=Y;E[l (WOtleo+‘/i}V/v+X}Wy+Tt+€i/) (Ti+a;)] #0.
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as:

exp(woij Yo+V/ p X )
1exp (woi; Yo+ V), Yo +-X [ ¥y +7;)

1=wy;j
Pr(Wy=wy;; | V,7T) =[];x; L
(W1 11J| 7 Hl# [1+CXP(W0ij‘I/o+V/le/v+XJ'-ll/y+ft)] [

Thus, the link formation probability can then be estimated using the following conditional

logistic regression function allowing for degree heterogeneity:

exp (WOij‘l/O + Vi + Xy + Ti)

Pr(wyj=1|V,1)= (15)

1 +exp (WOijllf0+V/j‘I/v +Xiyy+ Ti)

I incorporate controls for the previous link connection wy;; at the baseline. This inclusion al-
lows for a more accurate capture of network changes following the intervention. In addition, the
model also controls for dyadic covariate V;; including differences in ages, height, time spent on
studying and on leisure, pocket money (to capture differences in socio-economic backgrounds),
and test scores, all measured at the baseline. I also include dummies for whether students were
both bullies or victims at the baseline to capture potential taste changes in making friends with
bullies. While additional determinants could have been included based on theoretical grounds,
the chosen covariates are predetermined from the perspective of the students, making them
valid instruments for link formation.

Following the approach of Santavirta and Sarzosa (2019), I use a fixed effect Logit model
to estimate Eq (15). The model incorporates individual i’s fixed effects to account for sender
i’s average tendency to nominate others, while controlling for observed variations in the char-
acteristics of the receiver of the friendship nomination, denoted as friend j. Specifically, the
vector of j’s characteristics X; in the model includes gender, an indicator for being an only
child, follow-up empathy, and baseline standardized test scores as covariates. In contrast to the
estimation method proposed by Graham (2017) that requires undirected links, this estimation
approach considers friendships to be asymmetric due to the nature of how students nominated
their friends within classrooms in the survey. This leads to estimating the model under the set-
ting of directed links, so that it can account for the information on who nominates whom and
reflects the asymmetry inherent in the formation of friendships.

Bullying Involvement  To estimate the peer effects equation of bullying outcomes (9), |
first construct the predicted adjacency matrix \7\7\1 I apply the same structure as Eq (15). How-
ever, one needs to remove 7; as these terms are correlated with the error term in (9). Therefore,
based on (15), I define

exp (WOij% + V,'j‘/l/: +Xﬁ/;>

I +exp (Woijﬁ/\o + V,’Jﬁ/\v +X]’-l///;>

Wiij =
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where ¥y, ¥, and @ are obtained from the logistic regression of Eq (15).*° Therefore, the
predicted adjacency matrix \/7V\1 is composed of Wwy;; for i # j and O for all other entries.

Once we obtain the predicted adjacency matrix, let Q = [X, \/’V\IX, V/V\lzX, V/V\13X] denote the
IV matrix. The final estimator of the peer effects equation becomes H25LS — (i’ Mi) - X'Mb,

where X denotes the matrix of regressors [X, W1 X, Wb] and M is the projection matrix Q (Q’ Q)_1 Q.
In the estimation, the vector X includes the follow-up empathy, allowing for the examination
of its impact on bullying, as well as gender, an indicator for being an only child, hukou status,
baseline bully status, and baseline victim status. I also control for strata fixed effects in esti-
mating the peer effects of bullying due to the randomization nature. The strata fixed effects can
help alleviate the concern of correlated effects, as discussed by Manski (1993).4!

To account for the multiple steps involved in the estimation procedure for the final bullying
outcome equation (9), I use bootstrap methods with 1,000 repetitions, redrawing a sample of
clusters each time, to obtain standard errors. This adjustment helps address the issue that the

second-stage errors are incorrect as they inherit noise from the first stage.

6.3 Estimation Results
6.3.1 Parents’ Decisions

Table 5 shows the results of parents’ decisions including the participation decision (Panel A)
and the child empathy formation (Panel B). From Panel A, the gain in empathy due to participa-
tion has a significant effect on parents’ participation decisions. I also find that the participation
decision is highly correlated with children’s academic outcomes. Parents of children with bet-
ter academic outcomes are more likely to participate, while those who skip exams and have
worse mental health outcomes are less likely to participate. Older parents are more likely to
participate than younger parents. Neither children’s baseline bully status nor network-related
measures have any significant effects on parents’ participation decisions. This finding allevi-
ates the self-selection bias issue in subsequent counterfactual experiments targeting bullies and
students based on popularity, as discussed in Section 7.

As shown in Panel B, participation in the empathy program increases both the average level
of follow-up empathy and the marginal return of baseline empathy in empathy development.
Despite the small statistical significance, the magnitude of the mean-level empathy improve-

ment due to participation amounts to about 0.25 SD of the empathy score, with an additional

40 As noted by Lee et al. (2021), the exclusion of the individual fixed effect 7; from the predicted link probability
W1;; does not undermine the validity of my estimation strategy. The consistency of parameter estimates in Eq (6)
is ensured as long as the estimated vector P = (‘i’;,‘i‘\v) converges. Therefore, I use the estimates obtained from
the link formation equation (15) in my subsequent analysis.

4 According to Manski (1993), the correlated effect is defined as the issue that people in the same reference
group often react similarly, but not because they are influenced by one another but rather because they have similar
unobserved characteristics in common, such as institutional contexts or common shocks.

24



0.05 SD increase in marginal return. The covariance between parents’ preference heterogeneity
and empathy shocks turns out to be negative, though not significant. One possible explanation
is that I observe parents of children with high test scores and high baseline empathy are more
likely to participate. However, those participating children are also more likely to experience

diminishing returns compared to those with low baseline empathy levels.

6.3.2 Network Formation

Panel A of Table 6 shows the results of link formation prediction. To interpret these results, I
compare the set of results with the one obtained from not conditioning on the baseline network
(as shown in Appendix Table I11). When not controlling for the baseline links, there is strong
evidence of homophily, especially in gender, hukou status, and age. Those with the same gender
and the same hukou are more likely to be friends. I also find that those who were victims at the
baseline are more likely to be friends after the intervention. This finding adds to the homophily
feature of bullying perpetration by showing that the homophily pattern is also non-negligible
among victims. Additionally, students with a significant gap in test scores are less likely to
form friendships. This phenomenon may be attributed to China’s exam-oriented educational
evaluation system, which can influence how children choose their friends.

After adjusting for the previous link structure, the overall homophily pattern becomes less
pronounced. Moreover, the homophily associated with being a bully or a victim at the baseline
loses statistical significance, suggesting that the intervention may have disrupted the bully-
bully network. Notably, the difference between my own empathy and my peer’s empathy does
not appear to influence link formation at the follow-up. However, the impact of the receiver’s
empathy on forming friendship links remains highly significant, even when controlling for
baseline links. In terms of effect size, the estimated coefficient suggests that a 1 SD increase in
empathy would bring 0.14 more friend nomination links per student. Considering the average
class size of 47 in the study sample, the effect is equivalent to 6.4 more links compared to
the baseline within an average-sized class. This finding corroborates the work of Kardos et al.
(2017), who demonstrate that empathic abilities can predict network sizes, indicating that being

more empathetic tends to attract more friends.

6.3.3 Bullying Involvement

Panel B of Table 6 presents the results for estimating bullying involvement. I observe that em-
pathy directly reduces bullying through its human capital effect. In terms of magnitude, a one
SD increase in own empathy skill corresponds to a 0.14 SD decrease in bullying score. When
examining the peer effects estimate, the positive sign indicates a preference for conformity
among students. This implies a positive “spillover” of peer bullying behavior, and the effect

is statistically significant at the 1% level. According to the results, a one SD increase in the
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average peer bullying score would result in a 0.48 SD increase in my own bullying score. These
figures translate to an 18% higher likelihood of being a bully at follow-up. Additionally, male
students exhibit a higher likelihood of engaging in bullying, consistent with previous research
findings (e.g., Lavy and Schlosser, 2011). Furthermore, those with an urban hukou are also
more inclined to bully others.

Remarkably, bullying behavior displays a degree of persistence, with individuals who report
ever bullying others at the baseline being significantly more likely to continue bullying at the
follow-up. This persistent effect is sizable, approximately 0.56 SD, which corresponds to a
21% higher likelihood of being a bully. Meanwhile, results suggest there is also a “revenge”
effect from those victims at the baseline, as being a victim during this period is linked to a 0.16
SD increase in bullying scores at the follow-up. This result suggests the intricate dynamics at

play between bullies and victims.

Censored Network Concern I use the Add Health survey methodology to collect
friendship network data. As highlighted in Griffith (2022a), there is a concern that our data may
suffer from incompleteness or censorship due to the five-name cap. To address this concern,
I fully leveraged our data structure by recording names in order of closeness. Consequently, I
conducted robustness checks by deliberately truncating the list of friends at specific rank-order
positions for individuals who reported five names. Appendix Table 112 presents the simulation
results. In line with the findings in Griffith (2022a), where partial networks were allowed but
endogenous networks were not considered, the estimate of peer effect coefficient in the current
context also gradually attenuates to zero as I truncate more important friends. This pattern
suggests that a censored network with an endogenous network could also lead to an underesti-
mation of the social effect, although formal proof will be deferred to future studies.*> With a
complete network, we would expect the estimated social effect of empathy to be more substan-
tial. Furthermore, the estimates capturing empathy’s direct effect on bullying and its impact on

network formation remain relatively stable.

Comparison with Alternative Approaches For comparative purposes, I present the
results from an OLS estimation, the 2SLS estimation proposed by Bramoullé et al. (2009),
and the 2SLS method used in this study in Appendix Table I13. The OLS estimation from
Column (1) is smaller than the estimations accounting for potential endogeneity, which may be
due to measurement error or omitted variable bias. Comparing the 2SLS estimation in Column
(2), which does not consider an endogenous network, with the method utilized in the main
estimation in Column (3), the human capital effect of empathy diminishes while the peer effects

estimate increases.*® This finding provides further evidence that empathy impacts bullying not

42 As far as T know, the formal solution to address both issues—endogenous network formation and censored
network—is still under investigation.
43This finding aligns with Qu and Lee (2015), who also observe that the commonly used estimates under
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only directly, but also indirectly. Ignoring empathy or altruistic preferences in social networks

can lead to bias in peer effect estimation.

6.3.4 Model Validation

Within-Sample Fit [ first present the within-sample fit in Appendix Table 114. The model
predicts the overall mean of the participation rate and empathy fairly well. It slightly overesti-
mates the mean of in-degree but underestimates the mean of the change in bully scores. When
examining the overall distribution of bully scores, I find that the model exhibits a good fit. In
Appendix Figure 3, I draw the density plots for observed and predicted bullying scores in Panel
A. T also compare the observed and predicted proportions of bullies and non-bullies in the study
sample, as shown in Panel B.** The model fits the distribution of the bully scores well, and it

also precisely predicts the proportion of bullies and non-bullies given the optimal cutoff.

Out-of-Sample Validation = The random assignment, coupled with the observation that
no individuals from the control group ever participated in the program, allows me to test the
validity of the error term structure assumption of children’s empathy formation using the con-
trol group. From the lower segment of Panel B of Table 5, I present the results of estimating
the empathy production function (3) using the observations solely from the control group. I
also test the equality of the key parameters. The large p-values indicate that we cannot reject
the null hypothesis stating that the key parameters estimated for the non-compliers (i.e., those
who did not participate) in the treatment group and the ones in the control group are equal.
This finding suggests that the framework is capable of explaining data patterns related to par-
ents’ participation decisions and children’s empathy formation. It also alleviates the concern of
potential spillover of empathy from compliers to non-compliers within treatment classes.

I also conduct a validation exercise similar to that of Todd and Wolpin (2006), where 1
compare the impacts predicted by the model to the experimental impacts. The model performs
less satisfactorily for in-degree, as shown in Appendix Figure 14, possibly due to the abstraction
of strategic interactions among students in the network formation model. However, the model

performs quite well in estimating the treatment effects on empathy and bullying.

6.3.5 The Decomposition Exercise

One of the advantages of the structural model is that it can quantify the exact contribution of

empathy effect on bullying. As discussed in the previous section, improving my own empathy

exogenous weight matrix suffer from a downward bias when the true weight matrix is endogenous.

#To transform the continuous bully scores into dummy variables, T assume there is a cutoff point for the
bullying score. An individual is predicted as a “bully” if his/her score is above the cutoff, and a “non-bully” if the
score is below. I use the cutpointr package in R to find the optimal cutoff that maximizes the sum of sensitivity
(true positive rate) and specificity (true negative rate).
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can reduce my own bullying because of my own empathetic concerns and perspective-taking

(individual human capital effect). Furthermore, improving my own empathy can also lead to

changes in the social networks and the associated peer spillovers of bullying (social effect).
Based on the equilibrium bullying behavior derived from the model (Eq (8)), one can derive

the change in the bullying score as:*’

Ab = b*post - b*pre = [I + ¢ (I - VVpost)]_1 (ﬁAHz + ¢ (Wpost - Wpre)b*pre)- (16)

Therefore, the individual human capital effect of empathy change on bullying score is ob-
tained by disabling the peer effects parameter ¢ in the model (i.e., setting ¢ = 0) and sim-
ulating the new bullying outcomes in the sample. The social effect of empathy change on
bullying score—due to the reshaped network structures and the associated peer spillovers of
bullying—can then be calculated by subtracting the total bullying score change from the simu-
lated bullying changes by setting ¢ = 0. Figure 2 illustrates the decomposition exercise results.
The social effect of empathy on bullying accounts for 32% of the total change in the bullying
score.

Alternatively, one can fully exploit the structure of Eq (16). In Appendix Figure I5, I show
additional results when (i) only shutting down empathy’s human capital effect, i.e., setting
¢ = ¢ while B =0, and (ii) assuming the network links remain the same across the two periods,
i.e., Wpost = Wpre. As demonstrated in the figure, the alternative approach of calculating the
social effect by setting ¢ = ¢ and B = 0 yields a similar result regarding the relative importance
of empathy’s human capital and social effects compared to setting ¢ = 0. I find that when
assuming the links remain the same at both baseline and follow-up, but allowing for friends’
types to change, such as from bullies to non-bullies, it results in the new simulated change in
bullying score accounting for around 70% of the total change. This exercise underscores the
advantage of combining treatment effect analysis with the decomposition framework, providing
a precise breakdown of each channel for a better understanding of empathy’s effect on the

network structure.

7 Targeting Experiments With Network Information

Now that we have an understanding of empathy’s human capital and social effects, the next
question is whether we can achieve greater reductions in bullying through alternative targeting
experiments using social network information, compared to random assignments.

First, I investigate the effects of targeting experiments based on students’ popularity, moti-
vated by the “social referents” theory in the social psychology literature (Paluck and Shepherd,
2012; Paluck et al., 2016). This theory suggests that the behavior of highly connected individ-

431 show the detailed derivation steps in Appendix Section G.
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uals in a group can shape perceived collective norms and, consequently, mitigate undesirable
behaviors. I then compare the effectiveness of this approach with nondiscriminatory alloca-
tions, i.e., random assignment.46

Figure 4 illustrates the findings, wherein the effectiveness is quantified by the percentage-
point decrease in the number of bullies. The results in Figure 4 demonstrate that targeting
based on popularity consistently leads to greater reductions in bullies compared to the random
assignment. At its maximum, popularity-based targeting leads to a further 1.5 percentage-point
decrease in bullying. Given that the proportion of bullies in the study sample is around 20%,
this translates to a 7.5% further reduction in bullies. The disparity in effectiveness between the
two sets of experiments follows a non-linear pattern: it initially increases, peaks when treating
approximately half of the sample, and then gradually diminishes, eventually converging as all
units are treated. This shrinkage in the effectiveness gap could be attributed to the congestion
effect in social networks, arising from the overlap of students’ networks when a larger number
of individuals are involved.

Second, I apply the proposed framework to simulate the program’s impact on reducing
bullying for each of the following scenarios: (i) individuals selected based on specific char-
acteristics (e.g., being a bully), and (i1) individuals selected based on both characteristics and
their network ties (e.g., bullies’ best friends). The former scenario aligns with the Zero Toler-
ance policies that are relatively prevalent in American schools (Borgwald and Theixos, 2013).
Relatedly, Sahin (2012) evaluates an empathy program exclusively targeting bullies in Turkish
primary schools. As for the latter scenario, interventions relying on peer support have been
applied in various contexts. Examples include efforts to enhance women’s reproductive agency
in India (Anukriti et al., 2023), and interventions employing group therapies and spousal-level
counseling to decrease alcohol abuse in western Kenya (Murphy, 2023). As these simulations
involve different numbers of treated units and the effects on bullying are highly non-linear due
to the incorporated social effect, I also compare these targeting experiments against correspond-
ing random assignments with an equivalent number of treated units. The comparison ensures a
rigorous assessment of the relative effectiveness across the different targeting experiments.

Figure 5 shows the results. I find that targeting bullies, whether they are popular or non-

popular,*’ consistently leads to fewer reductions in bullying in comparison to random assign-

46To implement the popularity-based experiment, I rank all students based on their in-degree measure. Subse-
quently, I select a specific number of students from this ranked sample to compose the treated group. I repeat this
process nine times to create a smooth line for extrapolation. For each nondiscriminatory experiment, I randomly
assign a certain number of treated units from the original study sample (which is not popularity-ranked) 100 times
and simulate the predicted changes in empathy, network structures, and, finally, bullying scores. I then average
the results over the 100 simulations and report the mean of the changes in bullying scores. This entire process was
repeated nine times to capture the pattern of the simulated bully outcomes.

471 classify popular and non-popular bullies based on a comparison of each student’s in-degree measure with
the median in-degree of the 456 bully sample. A student with an in-degree higher than the median is labeled as a
popular bully, and vice versa.
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ments involving the same number of treated units, as depicted in Panel A. In contrast, targeting
bullies’ social circles, in particular their best friends, is more effective than random assign-
ments, though the difference is not statistically significant, probably due to the small number
of treated units, as shown in Panel B. Targeting the top 10% of most popular students,*® is also
more effective than random assignment. This targeting approach results in a similar number of
students being assigned to the treatment group (N = 480) as targeting bullies (N = 456). How-
ever, the former yields nearly twice the reduction in bullying as the latter. This discrepancy
underscores the limited effectiveness of directly targeting bullies.

This finding aligns with the results obtained from our decomposition exercise. Applying the
decomposition framework, I observe that when targeting bullies’ best friends (N = 394) or the
most popular students (N = 480), the social effect of improving empathy, driven by the induced
changes in network structures and associated peer effects, outweighs the individual human
capital effect, as illustrated in Appendix Figure 16. In contrast, targeting bullies themselves
(N =456) generates a smaller social effect than the human capital effect. The greater magnitude
of the social effect when targeting bullies’ best friends can be attributed to the fact that among
the bullies’ best friends, only about 23% of them are bullies. Additionally, when targeting
bullies’ best friends, the effect inevitably gets transmitted to bullies. However, in other targeting
experiments, only a proportion of the effect is transmitted to bullies, as not all of their friends,
or even best friends, are bullies.

To further illustrate this point, I compare the distribution of in-degrees for bullies and bul-
lies’ best friends, as displayed in Appendix Figure I7. Here, I observe that the distribution for
bullies’ best friends is more right-skewed. Consequently, one should anticipate a smaller hu-
man capital effect and a larger social effect when targeting bullies’ best friends. Similarly, as
indicated in the same figure, the higher social effect when targeting the most popular students
can also be attributed to the fact that these students tend to have a higher level of popularity
within the treated population.

These findings so far suggest that for socially undesirable behaviors such as bullying, target-
ing perpetrators’ social circles may perform better than targeting other groups, and sometimes
even more effective than directly targeting perpetrators. This is important as much effort tends
to intervene on bullies or victims directly (e.g., Dake et al., 2003), while social network liter-
ature usually identifies “key players” using various centrality measures or sometimes simply
based on popularity (Ballester et al., 2006; Zenou, 2016). Policymakers or practitioners can
weigh the trade-off between the gained efficiency from popularity-targeting and the additional
costs associated with pre-collecting social network data. If possible, the whole sample treat-

ment is preferable as it always yields the highest effect.*’

48To select the top 10% of most popular students, I rank the study sample by in-degree and choose the first 10
students with the highest in-degree measures in each class.
4YHowever, in the presence of constraints, we should prioritize targeting students with higher in-degree, lower
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8 Conclusion

This study sheds light on the social side of cultivating adolescents’ non-cognitive skills, par-
ticularly empathy, in relation to bullying. I collect unique data from conducting a parental
involvement program focused on youth empathy development in two middle schools in China.
The innovation of this study lies in its ability to connect individual program impacts with the
broader social environment. Leveraging detailed friendship network data, I empirically test
homophily in adolescents’ bullying behavior. The analysis of treatment effects reveals that en-
hancing social-emotional skills can help mitigate peer status differences within the classroom.
In particular, improving adolescents’ empathy can help lower bullies’ social status by dimin-
ishing their popularity, devaluing the gains they derive from bullying, and distancing them from
the newly established social norm that opposes bullying.

Furthermore, the richness of the data also allows the flexibility to investigate and quan-
tify how empathy reduces bullying by indirectly shaping peer relationships. By constructing
and estimating a unified model with empathy and network formation, and accounting for peer
spillovers in bullying, I find that empathy’s social effect constitutes 32% of its total effect on
bullying reduction. This proportion is equivalent to about half of its human capital effect. Pol-
icy counterfactuals suggest that utilizing the friendship network structure can result in greater
reductions in bullying compared to random assignments. In this setting, bullies’ best friends can
be considered potential “key players.” On the other hand, targeting bullies is among the least
effective. Researchers can weigh the trade-off between the gained efficiency from popularity-
targeting and the additional costs associated with pre-collecting social network data. Depending
on specific contexts, the traditional and easily implementable approach of random assignment
may still hold promise.

Several limitations of the current study are worth mentioning. First, the network data only
allows the students to report up to five best friends. If resources are sufficient, future studies
should try to collect the complete friendship network as much as possible, therefore conveying
a complete picture of the social effects of empathy. With complete network information, one
would detect an even larger social effect of empathy on bullying reduction. Second, the current
model assumes parents’ bounded rationality mainly due to a lack of corresponding measures
from the parents. Future studies could relax this assumption by collecting more data, for exam-
ple, parents’ beliefs on their children’s bullying behavior or friends’ circle.

Despite these limitations, the findings of this study underscore the interplay between social-
emotional skills and the social environment, as well as the value of one’s social capital in
reducing aggressive behavior, such as bullying. This calls for the incorporation of the social

environment when analyzing adolescent development in future research. While the current

empathy, and lower test scores first. See detailed discussions in Appendix Section H.
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analysis specifically focuses on how empathy reduces bullying, the proposed framework holds
the potential to inform prevention strategies addressing a wider range of youth violence and
socially undesirable behaviors.

Moreover, understanding the mechanisms of a field experiment using a structural model
contributes to the ongoing debate regarding the external validity of RCTs. It serves as an initial
step in discussing external validity (Findley et al., 2021; List, 2020). This study delves into
the additional mechanisms behind the efficacy of an empathy-based intervention in reducing
aggressive behavior such as bullying. Specifically, I examine how the intervention impacts
the social environment and associated peer effects, thus enhancing our understanding of inter-
vention effectiveness presented in the previous analyses. By considering social effects along
the causal pathway from intervention implementation to the observation of reduced bullying,
this study establishes a broader connection between empathy and the reduction of bullying.
Equipped with these comprehensive mechanisms, one can employ mechanism mapping to as-

sess the external validity of the experiment across diverse settings.
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Table 1: Balance Test

Mean Difference

Control Treat C-T SE
Panel A. Individual characteristics
1(male) 0.526 0.532 -0.006 (0.015)
age 14.028 14.012 0.016 (0.138)
1(urban hukou) 0.476 0.447 0.029 (0.033)
1(only child) 0.295 0.299 -0.005 (0.020)
height in cm 161.785 161.936 -0.151 (0.716)
weight in half kilo 101.599 100.270 1.329 (1.400)
empathy score 47.659  48.504 -0.846 (0.614)
empathy index -0.000 0.083 -0.083 (0.059)
bully score 0.002 -0.010 0.012 (0.036)
1(bully)(at least once) 0.380 0.381 -0.002 (0.024)
1(bully)(more than once) 0.214 0.197 0.017 (0.019)
1 (victim)(at least once) 0.704 0.710 -0.005 (0.023)
1(victim)(more than once) 0.574 0.574 -0.000 (0.024)
positive personality index 0.000 0.030 -0.030 (0.040)
stress index -0.000 0.027 -0.027 (0.042)
time with parents 10.680 10.711 -0.031 (0.760)
reported number of friends 3.968 4.025 -0.057 (0.128)
1(in a small group) 0.619 0.635 -0.017 (0.026)
class size 46.856  46.648 0.207 (1.118)
time spent on studying (per day) 5.904 6.086 -0.182 (0.229)
time spent on playing (per day) 4.876 4.859 0.017 (0.276)
Panel B. Network statistics
in-degree 3.054 3.158 -0.104 (0.154)
eigenvector centrality 0.213 0.215 -0.002 (0.017)
# reciprocal links 1.340 1.369 -0.029 (0.167)
# unilateral links 1.713 1.788 -0.075 (0.098)
1 (isolation) 0.100 0.101 -0.002 (0.013)
N 1,025 1,206
P-Value (Joint Significance) 0.403

Note. This table shows the results of the summary statistics and balance test for individual characteristics (Panel A)
and network statistics (Panel B). In-degree: Represents the number of nominations a student received. Eigenvector
centrality: Measures the connectedness of a student to other popular students in the network. Reciprocal link:
Occurs when both students nominate each other as friends. Unilateral link: Occurs when one student nominates
the other as a friend, but the other doesn’t reciprocate. Isolation: A dummy variable taking the value one when
the student receives no nominations. More details about the network statistics can be found in Appendix Section
A.1. Columns (1) and (2) report the mean of each variable for the control and treatment groups, respectively.
Column (3) is the difference between the first two columns. Column (4) reports the standard errors for item-wise
regressions using the variables labeled in the first column as the dependent variables and the treatment indicator
as the only independent variable. Classroom-level clustered standard errors are presented in parentheses.
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Table 2: Relationship between Own Perpetration and Peers’ Bullying Perpetration

€] 2) 3) “)
Being a bully Being a bully Being a bully Being a bully
# of bully friends 0.041 %% 0.041%#%%* 0.039%#*%* 0.040%**
(0.013) (0.013) (0.013) (0.013)
# of friends -0.014%* -0.010 -0.009 -0.008
(0.007) (0.007) (0.007) (0.010)
Baseline empathy index -0.084 %% -0.056%%*%* -0.056%**
(0.014) (0.017) (0.017)
Baseline positive personality -0.057%%%* -0.057#**
(0.013) (0.013)
# of victim friends -0.002
(0.011)
Strata FE Y Y Y Y
Demographics Y Y Y Y
R? 0.021 0.037 0.047 0.047
N 2,231 2,231 2,231 2,231

Note. This table shows the correlation estimates between the likelihood of an individual being a bully and her
friends’ bully status using only the baseline data. Details about the variable construction methods can be found
in Appendix Section A.2. In all regressions, I control for demographic indicator variables, including male, urban
hukou, and only-child status. For each regression, I also control for strata fixed effects. Standard errors are

clustered at the classroom level and presented in parentheses (* p<0.10, ** p<0.05, *** p<0.01).
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Table 3: Program Effects on Network Statistics

(D 2) 3) “)
Control Intention to treat WCB p-value N

Panel A. Individual level

In-degree 3.030 0.195* 0.075 2,231
(2.137) (0.101)

Eigenvector centrality 0.233 -0.020 0.269 2,231
(0.279) (0.017)

Reciprocal link 1.467 0.051 0.608 2,231
(1.401) (0.102)

Unilateral link 1.563 0.159* 0.049 2,231
(1.396) (0.080)

Panel B. Classroom level
Coleman homophily index

High empathy 0.043 0.005 0.888 48
(0.145) (0.036)

Low empathy -0.096 -0.007 0.915 48
(0.175) (0.049)

# of isolated students 5.140 -0.976* 0.075 48
(3.686) (0.559)

Note. This table shows the intention-to-treat (ITT) estimates on various network measures. The individual-level
measures consist of in-degree, eigenvector centrality, reciprocal links, and unilateral links; the classroom-level
measures consist of the homophily index and the number of isolated students. In-degree: Represents the number
of nominations a student received. Eigenvector centrality: Measures the connectedness of a student to other
popular students in the network. Reciprocal link: Occurs when both students nominate each other as friends.
Unilateral link: Occurs when one student nominates the other as a friend, but the other doesn’t reciprocate.
Coleman homophily index: Measures the degree of homophily along a particular characteristic within a network.
Isolation: A dummy variable taking the value one when the student receives no nominations. More details about
the network statistics can be found in Appendix Section A.1. Column (1) reports the means and the standard
deviations for the corresponding outcome variables for those in control classes. Column (2) reports the ITT
estimates and standard errors, while Columns (3) and (4) report the Cameron et al. (2008) wild cluster bootstrapped
(wcb) p-values after 9,999 resampling and the number of valid observations for each analysis. Standard errors are
clustered at the classroom level and presented in parentheses (* p<0.10, ** p<0.05, *** p<0.01).
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Table 4: Who Makes Friends with Who? A Subgroup Analysis

) 2) 3) 4)
Control Intention to treat WCB p-value N

Panel A. Bully (baseline)

# peers are bullies 0.447 0.004 0.966 456
(0.717) (0.084)

# peers are non-bullies 2.174 0.185 0.160 456
(1.647) (0.131)

Panel B. Non-bully (baseline)

# peers are bullies 0.459 -0.063 0.404 1,775
(0.746) (0.078)

# peers are non-bullies 2.566 0.220%* 0.072 1,775
(1.641) (0.112)

Panel C. Homophily

Bully homophily -0.166 -0.055 0.601 48
(0.392) (0.101)

Non-bully homophily 0.105 0.012 0.698 48
(0.172) (0.031)

Note. This table shows the intention-to-treat (ITT) estimates for the subgroup analyses of the program’s impact
on network structure. I define bullies after accounting for the repetition of each of the five events. I report the
ITT estimates on whether friends at the follow-up are bullies and non-bullies for baseline bullies (Panel A) and
non-bullies (Panel B) separately. At the classroom level, I report the ITT estimates on the bully and non-bully ho-
mophily index (Panel C). Column (1) reports the means and the standard deviations for the corresponding outcome
variables for those in control classes. Column (2) reports the ITT estimates and standard errors, while Columns (3)
and (4) report the Cameron et al. (2008) wild cluster bootstrapped (wcb) p-values after 9,999 resampling and the
number of valid observations for each analysis. Standard errors are clustered at the classroom level and presented
in parentheses (* p<0.10, ** p<0.05, *** p<0.01). Another set of results with an alternative definition of being
a bully (at least once) is reported in Appendix Table I5.
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Table 5: Parents’ Participation and Child Empathy Production Functions Parameter Estimates

ey 2
Parameter Label Value Std. Err
Panel A. Parents’ participation decision
Yo intercept -0.343%**  (0.036)
" parental preference on the gain in empathy 0.820***  (0.278)
X variable
1 child bully 0.009 (0.033)
Yoo child popularity -0.004 (0.011)
Y3 child friend bully proportion -0.077 (0.059)
Vo4 child inverse CES-D score -0.006*%*  (0.002)
Y5 standardized test score 0.037***  (0.012)
Y6 child test score missing indicator -0.125%*%  (0.063)
Yo7 child study pressure -0.017**  (0.008)
P8 parent age 0.003**  (0.001)
Y29 mother -0.015 (0.031)
C variable
) income -0.002 (0.012)
Panel B. Child empathy formation
Using treatment group (T=1)
B(} average empathy change at level -0.083 (0.159)
o average empathy change at level when participating 0.246 (0.210)
ﬁ1170 marginal return of baseline empathy skill when not participating 0.235***  (0.037)
[31171 marginal return of baseline empathy skill when participating 0.287***  (0.057)
Ocy covariance of empathy shock € and parents’ utility shock ¥ -0.113 (0.140)
6129 variance of parents’ preference shock 9 0.061 (0.069)
o} variance of empathy shock & 1.060 0.077)
Using control group (T=0)
[38 average empathy change at level -0.066 (0.039)
ﬁﬁ 0 marginal return of baseline empathy skill when not participating 0.239*%**  (0.035)

Validation: Tests of equality of coefficients

Bl =B p=0916
Blo=Bo p=0.926
Joint tests p=0.989

Note. This table shows the estimation results of parents’ decisions including the participation decision (Panel
A) and the technology of empathy formation functions (Panel B). I construct the empathy skill index for both
the baseline and the follow-up using the Bartlett factor score. In Panel A, the estimation is performed using
a probit regression model, where the dependent variable is the predicted probability of participation (1) versus
non-participation (0). All variables are measured at the baseline. In Panel B, I show the estimation results using
the treatment group and the validation using the control group. Bootstrapped standard errors are presented in
parentheses (* p<0.10, ** p<0.05, *** p<0.01).
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Table 6: Child Network Formation and Bullying Involvement Functions Parameter Estimates

(1) (2)
Parameter Label Value Std. Err
Panel A. Network formation
Vo friends at baseline 0.463***  (0.016)
1 [xi = x]
W1 bully at baseline 0.002 (0.001)
%53 victim at baseline 0.003 (0.002)
i =]
V3 age -0.007**  (0.003)
Vya empathy index -0.001 (0.001)
W5 height -0.002***  (0.002)
W6 time spent on studying  -0.001 (0.001)
V7 time spent on leisure -0.002%* (0.001)
V.8 pocket money -0.002 (0.001)
Vi test score -0.001 (0.002)
Xj
Yy male 0.002 (0.002)
2%} only child -0.001 (0.002)
% empathy index 0.003***  (0.001)
WVy4 test score rank -0.001 (0.001)
Panel B. Bullying involvement
A peer bullying score 0.484***  (0.129)
B1 empathy index -0.139%**  (0.024)
B> male 0.161%**  (0.040)
B3 urban hukou 0.082**  (0.038)
Ba bully at baseline 0.562%**  (0.074)
Bs victim at baseline 0.162*%**  (0.042)

Note. This table shows the estimation results of the network formation model (Eq (15)) in Panel A and the bullying
involvement equation (Eq (9)) in Panel B. For network formation, I model the directed links. The dependent
variable wy;; takes value 1 if i nominates j (and zero otherwise, even in the event that j nominates i, i.e., wy j; = 1).
I estimate fixed-effect logit regressions. I include agent i (i.e., sender) fixed effects. The number of observations
(i.e., potential links) in all the regressions is 102,054, which stems from a sample of 2,231 unique observations.
Standard errors are two-way clustered by nominating and nominated students and presented in parentheses. For
bullying involvement, the dependent variable is the standardized bullying score at the follow-up constructed by
the IRT model (See details in Appendix Section E). It is worth noting that only the empathy index is obtained from
the follow-up measure, while all other variables are measured at the baseline. I use the second- and third-order
predicted friends’ characteristics as the instrument. The Cragg-Donald F-stat testing validity of the instrument is
20.534. For each regression, I also control for strata fixed effects. Bootstrapped standard errors are presented in
parentheses (* p<0.10, ** p<0.05, *** p<0.01).
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Figure 1: Visual Illustration of Classroom Network Structure
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Note. The two figures visualize the friendship network structure of one randomly chosen class in the study sample
at the baseline (Panel A) and the follow-up (Panel B). The blue dots represent bullies, while the orange dots
represent non-bullies. The size of each dot (network node) is scaled by in-degree, meaning the nomination links
the student received. Larger dots indicate greater popularity.
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Figure 2: Decomposition Results
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Note. The figure shows the results of the decomposition exercise aiming to obtain empathy’s individual human
capital and social effects on bullying perpetration. The human capital effect is defined as the change in own
bullying score due to changes in own empathy. The social effect is defined as the change in own bullying score
due to empathy-induced changes in peer networks and the associated spillovers from peers’ bullying on own
bullying score. I obtain the human capital effect by setting the peer effect parameter in Eq (16) equal to zero and
simulating the new bullying score. The social effect is obtained by subtracting the simulated change in bullying
scores when calculating the human capital effect from the total change in bullying scores, which is observed
from our experimental data. The orange-filled box denotes the proportion of the total change in bullying scores
explained by the social effect, while the blue-filled box denotes the remaining part explained by the human capital
effect. The social effect accounts for 32% of the empathy effect, and it is almost identical to results calculated
using the model estimates in Appendix Figure I5.
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Figure 3: Model Goodness of Fit
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Note. The figures show the model fit. Panel A shows the density plot of the observed and predicted bullying
score. Panel B shows the proportions of bullies and non-bullies from the data and the model. I use the cutpointr
package in R to transform the continuous bullying score measures into dummy classifications. In Panel A, the
orange solid line denotes the predicted bully score and the blue dashed line denotes the observed bully score. In
Panel B, the blue dashed bar denotes the proportion of non-bully students observed in the data, while the orange
dashed bar denotes the proportion of non-bully students predicted by the model. The blue solid bar denotes
the proportion of bully students observed in the data, while the orange solid bar denotes the proportion of bully
students predicted by the model.
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Figure 4: Popularity-based Targeting VS. Random Assignment
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Note. The figure plots the percentage-point (pp) decrease in the number of bullies for targeting experiments based
on students’ popularity and random treatment assignments. The x-axis denotes the number of treated units. The
y-axis denotes the pp decrease in bullies. I use a blue dashed line to represent the results for the random treatment
assignment, while the orange solid line denotes the results for the targeting experiment.
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Figure 5: Alternative Targeting Experiments VS. Random Assignment
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Note. The figures plot the percentage-point (pp) decrease in the number of bullies for alternative targeting and
random assignment experiments. Panel A shows the results of targeting bullies, including targeting popular bullies,
non-popular bullies, and bullies. Panel B shows the results of targeting bullies’ social circle, including the top
10% most popular students, bullies’ best friends, and bullies & best friends. The orange bar shows the results of
targeting experiments considering imperfect compliance. The exact numbers are reported in Panel A of Table I15.
The light blue bar shows the results of the corresponding random assignment, which assigns the same number
of treated units for each scenario. Results of the random experiments are obtained from calculating the average
bullying score reduction for 100 simulations of empathy x 10,000 simulations of network structure. I also plot
the 90% confidence interval on top of each bar.
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APPENDIX

A More Details on Measures

A.1 Friendship Network Statistics

To rigorously examine how social status in friendship networks relates to bully status, I con-
struct five measures of social status based on the network literature.>

In-degree Centrality = In-degree centrality measures the number of nominations a stu-
dent received in the friendship network survey. This measure is also equivalent to a measure of
popularity.

Eigenvector Centrality In addition to only counting the number of links one student
received, eigenvector centrality also accounts for the status of individuals who are connected to
the student. Eigenvector centrality is calculated by taking the sum of the centrality of the con-
nected individuals and multiplying it by a scalar. Thus, a student who is nominated as a friend
by three students with relatively more ties has a higher eigenvector centrality than those who
are nominated by three less connected students. Equivalently, eigenvector centrality is a mea-
sure of connectedness to other well-connected individuals (Alan et al., 2021b). This centrality
measure is a number between 0 and 1, with a higher value indicating more connectedness. The
mean of the measure in the study sample is 0.21.

Reciprocal Link In this directed friendship network, a reciprocal link is denoted as 1
when both individuals, denoted as i and j, list each other as friends; otherwise, it is 0. The
average number of reciprocal links in the study sample is 1.36, ranging from O to a maximum
of 5 ties due to the 5-friendship nomination limit.

Unilateral Link  As there may be an asymmetry between students i and j’s nominations,
I then construct a measure of unilateral links following Lin and Weinberg (2014). Unilateral
link is counted as 1 if person i lists person j as a friend but person j does not nominate i as
a friend, or if person i does not list person j as a friend but person j nominates i as a friend;
otherwise, unilateral link equals 0. The average number of reciprocal links in the study sample
is 1.75, with a minimum of zero and a maximum of 7 ties.

Coleman Index I look at the distribution of the quality of the social circles. Specifi-
cally, I construct the Coleman index to measure the degree of homophily to depict link quality
(Coleman, 1958).°! Since the theme of the intervention is on cultivating empathy. I thus cal-
culate the Coleman index for high and low empathy, respectively. I classify students as low- or
high-empathetic by comparing their empathy levels with the classroom-level median empathy
level. A student is classified as having low empathy if he/she has lower empathy skills than

the classroom median. The formal definition of the Coleman index is as follows: Let L and H

S0Note that all these measures are constructed using only the baseline data.
31 The same methodology is used by Alan et al. (2021b) who study social exclusion and ethnic segregation
among host children and refugee children in Turkish schools.



denote low- and high-empathy students, respectively. Denote the number of within-group ties
of group i in classroom j as s;;, and the total number of ties of group i in classroom j as #;;,
where i € {L,H}. Then, s;;/t;; gives the share of within-group (homophilic) ties for group i.
Let w;; denote the population share of group i in classroom j. Then, Coleman’s Homophily

Index for group i € {L,H} in classroom j is:

S,'j
JELEA Vi) pp
Cii— tij 1
1] — 5, -
J l—W,'j

Intuitively, the Coleman index compares the observed friendship links with links formed at ran-
dom. Moreover, it takes into account groups with very large size w;; and a larger Coleman index
indicates more segregation.’”> Note that since we have two groups (low- and high-empathy stu-
dents), the Coleman index gives us two normalized excess homophily scores, one for each
group. Appendix Figure I8 shows two examples of classroom friendship networks by students’
empathy level at the baseline. I scale the size of the network node by in-degree, that is, the
nomination links the student received. The figure on the left panel depicts a friendship net-
work with higher segregation for low-empathy students than for high-empathy students. The
figure on the right panel depicts a friendship network with higher segregation for high-empathy

students than for low-empathy students.

A.2 Students’ Outcome Measures

The detailed measures and questions for children’s outcomes are listed below:

* School bullying: Students’ self-report, using a 5-point Likert scale, on whether they
threatened others, physically bullied (hitting/kicking) others, spread rumors about others,
socially isolated others, and cyberbullied (abusive or hurtful texts online) others during
the semester of the intervention. The frequency is coded as 1) never, 2) once, 3) two
or three times, 4) once or twice a month, and 5) at least once a week. Similarly, we
also record whether they were bullying victims of any of these behaviors. The detailed
questions are specified as follows: “1) During this past semester, has anyone spread
rumors or false information about you at school, trying to make other students dislike
you? 2) During this past semester, have you ever been threatened by classmates? 3)
During this past semester, have any classmates pushed you, hit you, or intentionally
tripped you? 4) During this past semester, have any classmates ever verbally abused
you online, such as on gaming platforms, school forums, or public discussion boards?
and 5) During this past semester, have any classmates deliberately excluded you from
certain activities and prevented you from participating?” In addition, they were asked

whether they had ever witnessed school bullying incidents in the follow-up survey. We

2In cases where there is excess heterophily, i.e. s, j/tij < wjj, the measure is normalized by w;; instead of
1 —w;;. This adjustment ensures that the Coleman Homophily Index is between -1 and 1.
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also asked them whether they would help those bullying victims when they witness a

bullying incident.

* Empathy: To avoid a longsome questionnaire, we use a 9-item empathy measurement
to explore two dimensions of empathetic concerns and perspective taking, which is also
used in Alan et al. (2021a). For most items, we use a 7-point Likert scale for both baseline
and follow-up surveys: from completely disagree (1) to completely agree (7). We add
another dimension, prosociality, to the follow-up survey. The questions include the hypo-
thetical scenarios about helping other children in difficulty, doing others a favor, helping
my mother do housework, becoming a charitable person, and rescuing a drowning child
adapted from the official guide from Centers for Disease Control (CDC) (Dahlberg et al.,
2005). For each scenario, we ask students whether they have ever imagined the scenarios,

and they are asked to choose (1) Never; (2) Sometimes; or (3) Very frequent.

* Mental health: Mental health is measured using the 10-item Center for the Epidemiolog-
ical Studies of Depression Short Form, or CES-D-10, is a 10-item Likert scale question-
naire (Yang et al., 2018).%3 The depression indicator is generated with a threshold value
of 12. The inverse CESD index is constructed by 30 minus the CESD score so that a
higher score indicates better mental health status. We construct a happiness score using

a scale of 1-7, with 7 being the happiest.

* Stress score: We elicit students’ stress by three categories of sources: (i) studies at school,
(i1) peer relationships; and (iii) rank/test scores in the class. For each item, we use a 7-
point Likert scale for both baseline and follow-up surveys: from the least stressed (1) to
the most stressed (7). We then construct the inverse stress index consisting of these three

components so that a higher score indicates less stress.

* Positive personality: The positive personality measure is composed of two dimensions:
positive self-image and perseverance. Four aspects of self-image were measured by four
single-item questions: (i) I am satisfied with myself (self-satisfied); (ii) I have many
valuable traits (self-worth); (iii) I can do well in most cases (self-confident); (iv) I am not
worse than others and proud of myself (self-esteem). For each item, we use a 7-point Lik-
ert scale for both baseline and follow-up surveys: from completely disagree (1) to com-
pletely agree (7). In the empirical analysis, we use inverse covariance matrix weighting
methods to construct the self-esteem index that includes these four components. For per-
severance, we ask students whether they agree or disagree with the statement “Frustration
and difficulty will not stop me from reaching my goals.” We use a 7-point Likert scale for
both baseline and follow-up surveys: from completely disagree (1) to completely agree
(7). We then construct the Positive personality index consisting of the self-esteem index

and perseverance score, so that a higher score indicates a more positive personality.

3The items are also employed in China Family Panel Studies (CFPS) 2012 survey.
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* Time with parents: As a cross-check of parental time investment, we ask students to count
the total number (ranges from O - 7) of each activity that parents have been involved in a
normal week in the past semester. The activities include having dinner, talking/discussing

school life, watching TV, checking homework, and playing outdoor activities.

* Time spent on study and leisure per day: We ask for students’ time use on a range of
activities per day in a normal week in the past semester. To measure time spent on study,
we sum up the time they reported on doing homework and attending tutoring classes. To
measure time spent on leisure, we sum up the time they reported on playing video games,

hanging out with friends, and doing workouts. The time use is measured in minutes.

B Findings From Previous Analyses

The findings from Cunha et al. (2023), who evaluate the program’s effects on students’ out-
comes, help establish the causal link between adolescents’ empathy skills and bullying reduc-
tion. Specifically, we find that the empathy development program is effective in improving stu-
dents’ empathy skills. We also find that the intervention is effective in reducing bullying across
various dimensions, including bullies (4 percentage-point), victims (5 percentage-point), and
witnesses (6 percentage-point), as summarized in Appendix Table I1. Moreover, data exported
from the app shows that 71% of eligible parents enrolled (N = 872) and the overall take-up or
participation rate of eligible parents is 41% (N = 495).>*

While our previous study briefly examines the social aspect through an investigation of
spillover effects, we find no evidence of spillovers on bullying reduction between classes,
thereby confirming the Stable Unit Treatment Value Assumption (SUTVA). However, we ob-
serve a significant spillover effect of bullying reduction within classes, specifically from stu-
dents who complied with the program to those who did not. This finding underscores the
significance of exploring the social dynamics involved in the empathy effect on school bully-

ing.

C A Simple Theoretical Framework

De Vignemont and Singer (2006) suggests that empathy has two roles. One is the epistemo-
logical role in the sense that empathy helps people understand others’ feelings. Another is
the social role which makes people internalize others’ feelings. Therefore, empathy skills can
shape an individual’s utility function by changing their utility gains from peers. For instance, a
student with high empathy can experience a loss in utility from knowing peers’ suffering. Ad-
ditionally, an empathetic student endogenizes friends’ utility and may change his/her behavior
to friends’ preferences/behaviors. In this section, the Psychology insights are translated into

Economics terms using the utility maximization framework.

>4*We define take-up or participation as completing at least half of the tasks.
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C.1 Model Human Capital Effect of Empathy

One possible explanation is that empathy skills, which consist of perspective-taking, empa-
thetic concerns, and prosociality, may directly affect the utility of bullying others. Let peer
victimization enter one’s utility function, and bullying others can make the student worse off if
the student’s empathy is high enough. One can construct the following utility specification for
student i:

Ui =U(l,si,s—i),

where [; denotes leisure, s; denotes my own status, and s_; denotes peers’ status.

Assuming the social status s; has a formation function following

si = S(t;,bi,vi),
1
S = NTZS(tﬁbj?vj)u
JFi

where ¢; is student i’s test score, b; is i’s bullying effort, measured by time spent on bullying, v;
is the severity level of victimization, and N is the total number of students in the class.

To make it concrete, suppose [;, s;, and s_; additively enter the utility function and let
empathy affect the parameter ¢, which is the marginal utility gained from the peer’s status. The
other two parameters, o and f3, capture one’s utility from leisure and own status, respectively.
It gives:

U= ali+ Bsi+ ¢s_,

subject to the time constraint 7; = [; + b;.
The marginal utility with respect to the amount of effort on bullying, b, is derived as:
au;

b, =—o+p

@—F (Pds,,-dv,,-
db,‘ dv,i dbi ’

human capital effect

(17)

where the ¢j’%d;—bj explains the reduction in school bullying by improving empathy skills ¢,

which lower the marginal utility of bullying others, as Zlﬁ is negative and izv_l;,»i is positive.
Hence, we reach the first implication:

Proposition 1. A higher level of empathy implies a larger ¢, and subsequently leads to a
lower bullying rate as students internalize peers’ victimization.

This implication summarizes the general explanation from the psychology literature of em-

pathy’s effect on bullying reduction in economic terms.



C.2 Model Social Effect of Empathy

Empathy may affect one’s behavior through the friend circle. To consider the social sides of
empathy, we assume that the student not only cares about peers’ statuses but also cares about
their good friends’ utility. The difference between peers and friends is that individual i only
knows peers’ statuses, but they know more information about their good friends, so we assume
the student internalizes their good friends’ utility in their own utility function. In a simple

situation with one good friend j, the student i’s utility function takes the following form:
Ui - U(li,Si,S_i,Uj),

where U; is good friend j's utilities. Using the same social status formation function and

assuming linear additive of the inputs of the utility function, we have:
U =al;+ ﬁsi + ¢S_i + )LUJ'.

We simplify the chains and assume that friend j’s utility U; is not reciprocal. The marginal

utility with respect to the bullying effort b takes the following form:

du;

dsi dS_,' dv_,- 2 de dS_,' dv_,-
db;

d_bi+ ¢dv_,- db; + ds_jdv_; db;

~ Vv Vv
human capital effect social effect

—a+p

The third item ljs—lifﬁév—g suggests that friend j also cares about peers —i’s victimization
which further lowers i’s marginal utility from increasing bullying effort.

In this case, empathy may affect the bullying decision through the human capital effect
(l)fﬁddv—; and the social effect Ajs—lﬁfﬁ‘zv—,;. The parameter ¢ depends on student i’s empathy
level and captures the effect on reduction in bullying as a result of empathizing peers’ potential
victimization. Or one could consider that empathy can directly lower i’s utility through their
own empathetic concerns about victims. The parameter A captures the social effect as it implies
that empathy makes student i internalize his/her friend j’s empathetic concerns about victims.
The social effects accumulate as the number of good friends increases. In sum, empathy skill
controls A and controls for the marginal disutility from the reduction in friend’s utility as a
result of bullying perpetration, and we have the second implication:

Proposition 2. A higher level of empathy implies a larger A, and subsequently leads to a
lower bullying rate as students internalize friends’ disutility from seeing victimization.

Unlike the first implication, Proposition 2 suggests the existence of the social side of em-

pathy’s effect on bullying reduction.



D Additional Evidence

D.1 Understanding the Network Changes

Appendix Table 16 helps to understand the ITT on network changes by examining the effects
on the number of new or old friends who are bullies or non-bullies.

Panel A suggests that the treatment leads to a small and insignificant decrease in the number
of friends who are bullies. Either making fewer new bully friends or maintaining friendships
with fewer old bully friends can help explain this change.

In Panel B, I evaluate the effect through the angle of non-bullies. On average, I observe a
0.28 unit increase in making non-bully friends at the follow-up. Though not significant, I find
that a larger proportion of the effects is driven by having non-bully old friends.

In sum, the ITT estimates shown in Appendix Table 16 suggest that the program slightly

reduces the number of bully friends but significantly increases the number of non-bully friends.

D.2 Program Effects on Homophily

Empathy makes people more inclusive, especially to individuals from diverse backgrounds
(Wolfer et al., 2012). Therefore, I continue to examine whether the intervention affects ho-
mophily, namely, whether the intervention encourages students to make friends who are less
similar. I explore the effects across several other dimensions in addition to bully status: gender,
high/low achiever (based on test scores), hukou status, college aspiration, self-esteem, perse-
verance, self-confidence, and empathy.”> Appendix Table I9 shows the results — there is no
significant change across all the examined dimensions after the intervention. The insignificant
effects on homophily indicate that changing the quality of links, especially the bond of “best
friend,” takes time, and the construction of the social capital measured by the quantity of links

might drive more short-run effects.

E Item Response Theory and Related Models

In the survey, students’ involvement in bullying was measured using a detailed frequency scale
ranging from O (never) to 4 (at least once a week). However, directly using the raw frequency
score 1s problematic as it is difficult to interpret the meaning of the gap between two frequency
scores.”® To address this issue, I employed Item Response Theory (IRT), a method commonly
used in psychology introduced by Lord (2012). First, I generate binary indicators of bullying in-
volvement, assigning a value of one if an individual engages in at least one bullying event more

than once, and zero otherwise. In the second step, I apply the two-parameter Logistic model

331 construct a Homophily index following Currarini et al. (2009), which has a similar flavor as the Coleman
index but is built at the individual level.

36For instance, comparing 2 with 3 may deliver different meaning about the bullying involvement rates from
comparing 3 with 4.



from IRT to map these binary indicators to latent bullying scores. This method considers the
probability of correctly answering a question as a function of various question characteristics,
including difficulty levels and a respondent’s latent bullying effort.

Let Y;; represent the response to question i (i.e., a particular type of bullying event i) from
student j. Note that I use binary measures of bullying involvement for a more balanced dis-
tribution of the latent bullying effort. ¥;; = 1 denotes student i ever involved in a particular
type of bullying event, and vice versa. Consider a Two-parameter Logistic (2PL) model with
parameters I' = (k,A), the probability of student j with latent bullying effort {; providing a
correct response to the item i is given by:

exp {K; (& — i) }
l+exp{K({i—A)}

Pr(Yi.i =1 ’F7€j) =

where k; represents discrimination, and A; represents the difficulty of item i. This setup implies
that in the neighborhood of a given difficulty level, questions with higher discrimination indi-
cate that two students with distinct bullying efforts would have different predicted probabilities
of responding to their involvement in bullying.

Students’ latent bullying efforts { are assumed to have a standard Normal distribution. Then

the student j ’s contribution to the likelihood is:
I
= [ TTPe 10,60 [y 1) 6 (65
J 1=

where the integral is with respect to latent bullying effort {; and is approximated numerically.
For estimation, I recover the expected latent bullying efforts for each student in the data using
the empirical likelihood and the score density via empirical Bayesian updating after estimating

the Two-parameter Logistic model.

F Estimation Details of Parents’ Problem

To obtain the estimates of variances of the shocks, we also need to rely on the second-order

moments from the data. Specifically, for those who choose to participate:

Var(H;1|H;0,Ci,Xi, P = 1) = Var(g]|d; < h)

2
o _
= Var (—ezvﬁi+ni|19,~ < h) = —84 (Var(ﬁ | < h)) +Var(n;).

® ©)

To calculate (1) Var(80; < h) = o3 (Var( 2| 2 < 7*)) = o3 (1 - ’_’;‘ﬁg}? — (2 )2y e
to the property of truncated normal distribution.
2
To calculate (2) Var(n;) = Var(g — G‘” 19) =07 — %,
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Therefore, plugging (1) and (2), one obtains:

2 ljl* h* ]’l* 2 2
Var(H;|H,;0,Ci, Xi, P, = 1) = Jev (1— (P}% )—((P(_)) 4_0-82_6_82{

619

Similarly, for those who choose not to participate:

2 l:l* }_l* Ijl* 2 2
Var(H; 1|H;0,Ci, X;, P, = 0) = & <1+ ¢(n") _(¢(_)) ro2_ O

(o] 1 —®(h*) d(h*) Oy

I then need to obtain the unconditional variances to map to the data moments from the
above conditional variances, since each individual has different H;(. Following Var(Y) =
E(Var(Y|X))+Var(E(Y|X)), one derives:

Var(Hi,l‘Pi - 1) :g(var(Hi,l’Hi,Ovci;Xi;B = 1)2+Yar(E(Hi,l‘Hi,()?ChXh})i = 1)2

® ®

Var(H; |P,=0) = F(Var(Hi.,L |Hi0,Ci,X;, P, = 0)Z+Yai’(E(Hi71 |Hi 0,Ci, Xi, P = 0)2.

® ®

The sample counterpart of Var(H; 1 |P, = 1) is =] 1) 2711(1'11'1,1 —fﬁ)z, where N is the total

2 — 2
number of participants. The sample counterpart of (3) is z—?ﬁl Z?Ql S (hi*) + 02— Gj: where

— ]’;l'* };i* ]/;i* .
filhi):=1— <1>(?f§i*)) — (i((ﬁi*)))z, The sample counterpart of (4) is ﬁiﬂl(ﬂ{] —Hgl) ,

where Hl.l1 is the predicted empathy obtained from estimating Eq (12).
Similarly, the sample counterpart of Var(H; 1|P; = 0) is -1 1) ZfVOI(HO ﬂ)z, where N
is the total number of individuals in the treatment group who did not participate. The sample

631 1 _ 2v A E,*¢(/’;,*) _ ¢(ﬁl*) 2
counterpart of (5) is Z fo(hi") + o2 o , where fo(hi ) =1+ o) (<1>(ﬁi*)) .

The sample counterpart of (6) is m ZNO (H? | Hlol) where Hl?l is the predicted empathy

i,

obtained from estimating Eq (11).
Therefore, I can estimate the variance of both shocks {c?, Gg} using a nonlinear least

square estimator, where the objective function is:

1 Y — —
g, min 5 | (Hiy — Pk (= HODPO = P
{687619} ’

2 62 —
(3 RO R Aol )1 )+ 02 = 25 (L~ Bl P (50, (1 )
v



G Derivation of Equation (16)

I show the steps to obtain Eq (16) as follows:

b*post = [I + (P (I - Wpost)] _ldpost
= [T+ ¢ (T~ Wpos)] ™' dpre + [T+ 9 (T Wpoy)] ' Ad

As b*pre = [T+ ¢ (I — Wpre)] 'dpre, we can get dpre = [I+ ¢ (I— Wpre)|b*pre. After plugging
in, we get b*post = [T+ @ (T— Wpost)] I+ ¢ (I— Wopre)[b*pre + [T+ ¢ (T — Wpogt)] ' Ad.

Therefore,

Ab = b*post - b*pre

= [0 91— Wyou )] I+ 01— Wy b + 1+ 01—~ Wies)] ' Ad — b7 e
=T+ ¢(T—Wpost)] [T+ 0 (T— Wpee)[b*pre + [T+ ¢ (1= Wpog)] ' BAH; — b* e
= [T+ ¢ (T— Wiost)] " ([T+ (T — Wpre) — (T4 0 (T— Wpog)) | b*pre + BAH)

= [I+¢(I_Wpost)]_l(ﬁAHi+¢(Wpost — Wore )b pre).

H Key Player Exercise

In addition to comparing targeting by popularity with random assignment, I empirically inves-
tigate the “key player” theorem, following the methodologies outlined in Zenou (2016) and Lee
et al. (2021). Instead of identifying key players by removing individuals, the applied approach
involves the selection of optimal candidates for intervention using a greedy algorithm, resulting
in a rank order for each student. This analysis simulates a potential policy query: “When con-
fronted with limited resources and the imperative to select only ten students from each class for
program participation, which ten students should be chosen?” Here, I use ten as an illustrative
example.

Similar to Lee et al. (2021), I also report the Spearman’s rank correlation coefficients in
Appendix Table 116. Notably, the identification of key players strongly correlates with their
network positions, especially in-degree. When considered alongside individual characteristics,
it becomes clear that students with higher in-degree, lower empathy, and lower test scores
should be prioritized targeting when faced with constraints. However, it is important to note
that the level of bullying involvement is not closely related to the targeting order, indicating that

these prioritized students may not necessarily exhibit the highest levels of bullying involvement.
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I Appendix Tables and Figures

Table I1: Findings in Previous Analysis

(1 2 3)
Control mean ITT WCB p-value

Panel A. Parents’ outcomes

Time investment (weekday) 3.725 0.513%* 0.020
(3.288) (0.204)
Time investment (weekend) 5.413 0.417* 0.103
(3.649) (0.230)
Empathy index 0 0.100%* 0.040
(1) (0.046)
Authoritative parenting 0.789 0.039%* 0.033
(0.408) (0.017)
N 848 1,852
Panel B. Non-cognitive skills
Empathy index 0 0.154%* 0.050
(1) (0.073)
Positive trait index 0 0.157%** 0.007
(1) (0.056)
Mental health index 0 0.164** 0.038
(1 (0.076)
N 1,029 2,246
Panel C. Bullying
Bullying score 0 -0.104%* 0.108
(1) (0.059)
Bully 0.176 -0.040* 0.107
(0.381) (0.024)
Victim 0.421 -0.052* 0.118
(0.494) (0.031)
Witnesses 0.420 -0.061%* 0.092
(0.494) (0.034)
Willing to help victims 0.767 0.053** 0.014
(0.423) (0.021)
N 1,029 2,246

Note. This table shows results in Cunha et al. (2023). Regression follows ANCOVA specification, similar to
Eq (1). Panel A reports the intention-to-treat (ITT) estimates on parents’ time investments and parental skills
(N=1,852), while Panel B reports the ITT estimates on students’ non-cognitive skills (N=2,246), and Panel C
reports the ITT estimates on bullying-related outcomes (N=2,246). I also report the wild cluster bootstrapped
(wcb) p-values after 9,999 resampling. Standard errors are clustered at the classroom level and presented in
parentheses (* p<0.10, ** p<0.05, *** p<0.01).
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Table I12: Attrition in Network Information

(1) () (3) “4)
Control Treatment Difference Total number
Number of classes 22 26 4 48
Number of students who complete survey 1,029 1,217 188 2,246
Number of students with valid network information 1,025 1,206 181 2,231
Number of attrition 4 11 7 15
Attrition rate 0.004 0.009 0.005

Note. This table shows the attrition pattern once accounted for network information. Column (1) reports the
statistics for control classes. Column (2) reports the statistics for treatment classes. Column (3) is the difference
between the first two columns. Column (4) is the sum of the first two columns.

Table I3: Pattern of Friends’ Structure by Bully Status

Bully Non-bully  Total

(D () (3)
Panel A. Baseline
Bully 0.706 2.175 2.882
Non-bully 0.567 2.468 3.035

p=0.001 p=0.001 p=0.091

Panel B. Follow-up

Bully 0.637 1.944 2.581
Non-bully 0.389 2.681 3.070
p=0.000 p=0.000 p=0.000

Note. This table shows the distribution of the number of friends by bully status at baseline (top panel) and follow-
up (bottom panel). I define a student being a bully as engaging in more than once for each of the five events. I also
report the p-value for the t-test comparing the differences between the two numbers in the same column.
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Table 14: Empathy and Social Status

ey 2 3) “) &)
In-degree  Isolation Eigenvector centrality Reciprocal link Unilateral link
empathy index 0.361%**  -0.037%** 0.021** 0.175%%* 0.123*
(0.075) (0.011) (0.009) (0.050) (0.066)
1(male) -0.050 0.021 -0.030 -0.221%%* 0.058
(0.101) (0.016) (0.033) (0.093) (0.070)
age 0.153%* 0.003 0.019** 0.071 -0.013
(0.082) (0.014) (0.008) (0.047) (0.055)
1 (urban hukou) 0.114 0.010 0.003 -0.001 -0.003
(0.090) (0.015) (0.012) (0.060) (0.056)
1(only child) 0.122 0.013 0.029** 0.024 -0.032
(0.112) (0.013) (0.014) (0.062) (0.078)
class size 0.064***  -0.005* -0.003 0.054*%* 0.009
(0.022) (0.003) (0.002) (0.021) (0.011)
share of male -0.512 0.110 -0.187 -1.567 0.985
(2.063) 0.177) 0.217) (2.614) (1.661)
time spent on study 0.016 -0.001 0.003 0.012 0.007
(0.015) (0.002) (0.002) (0.010) (0.012)
time spent on leisure -0.038%** 0.001 -0.005%%** -0.022%%* 0.011
(0.013) (0.002) (0.002) (0.009) (0.009)
positive personality index 0.064 0.008 0.012 0.049 0.041
(0.056) (0.010) (0.007) (0.039) (0.040)
stress index 0.275%*%* -0.011 0.030%** 0.144%#%* -0.024
(0.073) (0.010) (0.009) (0.047) (0.052)
Strata FE Y Y Y Y Y
R? 0.045 0.013 0.035 0.061 0.019
N 2,231 2,231 2,231 2,231 2,231

Note. This table shows the association between empathy and students’ social status. I quantify the social status us-
ing several network statistics, including in-degree, isolation, eigenvector centrality, reciprocal link, and unilateral
link. The network statistics are defined in Appendix Section A.1. The numbers are the regression results of the
network statistics over the variables listed in the first column using the baseline data. For each regression, I also
control for strata fixed effects. Standard errors are clustered at the classroom level and presented in parentheses (*
p<0.10, ** p<0.05, *** p<0.01).
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Table I5: Who Makes Friends with Who? — Alternative Bully Definition

(D () 3) C))
Control Intention to treat WCB p-value N

Bully once (baseline)

# peers are bullies 0.974 -0.033 0.733 849
(1.038) (0.093)

# peers are non-bullies 1.833 0.262%* 0.040 849
(1.422) (0.127)

Never bully (baseline)

# peers are bullies 0.943 -0.061 0.509 1,382
(1.004) (0.090)

# peers are non-bullies  2.075 0.221%** 0.030 1,382
(1.453) (0.097)

Homophily

Bully homophily -0.023 -0.004 0.945 48
(0.177) (0.060)

Non-bully homophily 0.054 0.040 0.180 48
(0.105) (0.031)

Note. This table shows the intention-to-treat (ITT) estimates for the subgroup analyses of the program’s impact on
network structure. For this set of results, I use an alternative definition of being a bully (at least once). I report the
ITT estimates on whether friends at the follow-up are bullies and non-bullies for baseline bullies and non-bullies
separately. At the classroom level, I also report the ITT estimates on the bully and non-bully homophily indices.
I also report the wild cluster bootstrapped (wcb) p-values after 9,999 resampling. Standard errors are clustered at
the classroom level and presented in parentheses (* p<0.10, ** p<0.05, *** p<0.01).

Table 16: Bullies and Non-Bullies in Friend Network

(1) (2 (3) 4)

Control Intention to treat WCB p-value N

Panel A. Bullies

# friends are bullies 0.457 -0.067 0.390 2,231
(0.738) (0.076)

# old friends are bullies 0.267 -0.044 0.553 2,231
(0.553) (0.050)

# new friends are bullies 0.189 -0.023 0.473 2,231
(0.473) (0.036)

Panel B. Non-bullies

# friends are non-bullies 2.482 0.275%* 0.033 2,231
(1.649) (0.119)

# old friends are non-bullies 1.397 0.174 0.133 2,231
(1.355) (0.106)

# new friends are non-bullies  1.085 0.101 0.292 2,231
(1.221) (0.093)

Note. This table shows the intention-to-treat (ITT) estimates on various measures of the number of friends who are
bullies/non-bullies at the follow-up. I define bullies after accounting for the repetition of each of the five events.
Panel A reports results for the number of bully friends for the whole sample at the follow-up, while Panel B reports
results for the number of non-bully friends. I further divide these friends based on whether they are new or old
friends compared to the baseline friendship links. I also report the wild cluster bootstrapped (wcb) p-values after
9,999 resampling. Standard errors are clustered at the classroom level and presented in parentheses (* p<0.10, **
p<0.05, *** p<0.01). 14



Table I7: Who Makes Friends with Who? A Subgroup Analysis on Victims

ey 2 3) “)
Control Intention to treat WCB p-value N

Victim (baseline)

# peers are victims 1.153 -0.091 0.530 1,280
(1.105) (0.132)

# peers are non-victims 1.656 0.269** 0.041 1,280
(1.399) ©.121)

Non-victim (baseline)

# peers are victims 1.082 -0.077 0.474 951
(1.050) (0.102)

# peers are non-victims ~ 2.030 0.264%* 0.044 951
(1.466) (0.123)

Homophily

Victim homophily 0.018 0.005 0.876 48
(0.170) (0.034)

Non-victim homophily  0.041 0.012 0.784 48
(0.178) (0.042)

Note. This table shows the intention-to-treat (ITT) estimates for the subgroup analyses of the program’s impact
on network structure for victims. I define victims after accounting for the repetition of each of the five events.
I report the ITT estimates on whether friends at the follow-up are victims and non-victims for baseline victims
and non-victims separately. At the classroom level, I also report the ITT estimates on the victim and non-victim
homophily index. I also report the wild cluster bootstrapped (wcb) p-values after 9,999 resampling. Standard
errors are clustered at the classroom level and presented in parentheses (* p<0.10, ** p<0.05, *** p<0.01).

Table I8: Victims and Non-Victims in Friend Network

(h (2) (3) 4)

Control Intention to treat WCB p-value N

Panel A. Victims

# friends are victims 1.123 -0.081 0.494 2,231
(1.082) (0.110)

# old friends are victims 0.671 -0.055 0.527 2,231
(0.850) (0.080)

# new friends are victims 0.452 -0.026 0.622 2,231
(0.743) (0.051)

Panel B. Non-victims

# friends are non-victims 1.816 0.289** 0.038 2,231
(1.439) (0.129)

# old friends are non-victims 0.993 0.185% 0.075 2,231
(1.155) (0.098)

# new friends are non-victims  0.822 0.105 0.231 2,231
(1.053) (0.082)

Note. This table shows the intention-to-treat (ITT) estimates on various measures of the number of friends who
are victims/non-victims. I define victims after accounting for the repetition of each of the five events. Panels A
and B report results for the number of victim friends and non-victim friends, respectively. I further divide these
friends based on whether they are new or old friends compared to the baseline friendship links. I also report the
wild cluster bootstrapped (wcb) p-values after 9,999 resampling. Standard errors are clustered at the classroom
level and presented in parentheses (* p<0.10, ** p<0.05, *** p<0.01).
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Table 19: Program Effects on Homophily Structure

ey @ 3

Treat S.E N
Gender Overall 0.031 (0.032) 1,803
Male 0.053 (0.038) 926
Female 0.004 (0.038) 877
Academic skill Overall 1.662 (1.150) 1,794
High-achiever 0.154 (0.245) 492
Low-achiever 2.308 (1.571) 1,302
Hukou status Overall -0.028 (0.023) 1,803
Urban hukou -0.006 (0.030) 836
Rural hukou -0.047 (0.035) 967
College aspiration  Overall 0.089 (0.071) 1,803

High college aspiration 0.126  (0.075) 1,550
Low college aspiration -0.191 (0.146) 253

Self-esteem Overall -0.007 (0.042) 1,766
High self-esteem -0.069 (0.065) 718
Low self-esteem 0.037 (0.049) 1,048

Perseverance Overall 0.052 (0.042) 1,766
High perseverance 0.049 (0.053) 727
Low perseverance 0.056 (0.052) 1,039

Self-confidence Overall 0.009 (0.037) 1,721

High self-confidence -0.070 (0.051) 678
Low self-confidence 0.059 (0.044) 1,043

Empathy Overall 0.021  (0.032) 1,766
High empathy -0.004 (0.041) 899
Low empathy 0.043 (0.046) 867

Note. This table shows the program’s intention-to-treat (ITT) effects on the homophily structure of students’
friendship networks. The outcome variable for each column is the homophily index for the corresponding char-
acteristic constructed following Currarini et al. (2009). Low/High is relative to the class average. The number of
observations is distinct from 2,231 due to the existence of students nominating zero friends or missing the key
variables. For each regression, I also control for baseline outcome measures and strata fixed effects. Classroom-
level clustered standard errors are presented in parentheses (* p<0.10, ** p<0.05, *** p<0.01).
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Table 110: Empirical Test of the Sequential Independence Assumption

(1 2 3) “4) ®)

In-degree  Isolation Eigenvector centrality Reciprocal link Unilateral link

Panel A. Empathy (follow-up)

empathy index 0.093* -0.019%:* 0.012%* 0.095%* 0.156%**
(0.049) (0.007) (0.007) (0.039) (0.040)

treat 0.158 -0.016 -0.025 0.019 0.142%
(0.096) (0.011) (0.018) (0.098) (0.079)

Panel B. Empathy (baseline)

empathy index 0.156**  -0.033*** 0.008 0.137#** 0.028
(0.063) (0.010) (0.008) (0.040) (0.048)

treat 0.181%* -0.019* -0.022 0.037 0.159*
(0.101) 0.011) 0.017) (0.100) (0.079)

Baseline network statistics Y Y Y Y Y

Follow-up noncognitive skills Y Y Y Y Y

Individual characteristics Y Y Y Y Y

N 2,231 2,231 2,231 2,231 2,231

Note. This table shows the results of empirically testing the sequential independence assumption. In Panel A,
I show the results when regressing the corresponding follow-up network statistics over the follow-up empathy
index and the treatment indicator. In Panel B, I show the results when regressing the corresponding follow-up
network statistics over the baseline empathy index and the treatment indicator. For all regressions, I control for
the corresponding baseline network statistics. I also control for the same set of individual characteristics as in
Appendix Table 14 and the follow-up noncognitive skills, including the positive personality index and the stress
index. I omit the estimated coefficients as those are all insignificant. Standard errors are clustered at the classroom
level and presented in parentheses (* p<0.10, ** p<0.05, *** p<0.01).
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Table I11: Probability of Forming a Friendship Link at Follow-up (no baseline network)

(1) (2)

Value Std.Err
1 [xi =X j}
gender 0.148***  (0.002)
hukou 0.011#**  (0.002)
only child 0.005**  (0.002)
bully at baseline 0.004**  (0.002)
victim at baseline 0.005***  (0.002)
[xi x|
age -0.010***  (0.002)
empathy index -0.004*** (0.001)
height -0.023*** (0.001)

time spent on studying -0.003**  (0.001)
time spent on leisure -0.007*** (0.001)

pocket money -0.006%**  (0.001)
test score -0.010***  (0.001)
Xj

male -0.006***  (0.002)
only child 0.002 (0.002)
empathy index 0.004#** (0.001)
test score rank -0.003***  (0.001)
R? 0.100

N 102,054

# students 2,231

Note. This table shows the estimation results of Eq (15) when not conditional on the baseline network wo;;. I
model the directed links. The dependent variable wy;; takes on value 1 if i nominated j (and zero otherwise, even
in the event that j nominated i, i.e., wij; = 1). I estimate fixed-effect logit regressions. I include agent i (i.e.,
sender) fixed effects. It is worth noting that only the empathy index is obtained from the follow-up measure, while
all other variables are measured at the baseline. The number of observations (i.e., potential links) in all regression
is 102,054, which stems from a sample of 2,231 unique observations. Standard errors are two-way clustered by
nominating and nominated students and presented in parentheses (* p<0.10, ** p<0.05, *** p<0.01).
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Table [12: Robustness Checks of Network Formation and Bullying Involvement Estimation
Censored Network

Model Truncated 5th friend Truncated 4th friend Truncated 3rd friend
Value Std. Err. Value Std.Err. Value Std.Err. Value Std.Err.

Panel A. Link formation

friends at baseline  0.463#**  (0.016) 0455+ (0.015) 0441¥* (0.015) 0421%+ (0.014)
L [x; =x]

bully at baseline 0002 (0.001)  0002% (0.001) 0002  (0.001) 0.003**  (0.001)
victim at baseline 0003  (0.002) 0002  (0.002) 0003  (0.002) 0002  (0.002)
il

age 0.007%  (0.003)  -0.006% (0.003) -0.006** (0.003) -0.007%*  (0.003)
empathy index 0001  (0.001)  -0.001  (0.001) -0001  (0.001) -0.001  (0.001)
height L0.0024%%  (0.000) -0.002%%% (0.000) -0.002%% (0.000) -0.002*¥% (0.000)

time spent on studying ~ -0.001 (0.001) -0.001 (0.001) -0.001 (0.001) -0.001 (0.001)
time spent on leisure -0.002%* (0.001)  -0.002**  (0.001) -0.003**  (0.001) -0.003*** (0.001)

pocket money -0.002 (0.001) -0.002*  (0.001) -0.002**  (0.001) -0.002**  (0.001)
test score -0.001 (0.002) -0.000 (0.002) -0.001 (0.002) -0.002 (0.002)
Xj

male -0.002 (0.002) -0.001 (0.001) -0.001 (0.001) -0.000 (0.002)
only child -0.001 (0.002) -0.001 (0.002) -0.001 (0.001) 0.001 (0.002)
empathy index 0.003***  (0.001) 0.003*** (0.001) 0.002*** (0.001) 0.003*** (0.001)
test score rank -0.001 (0.001)  -0.002**  (0.001) -0.001 (0.001) -0.001 (0.001)
R? 0.241 0.230 0.217 0.201

N 102,054

# students 2,231

Panel B. Peer effects of bullying

peer bullying score 0.484***  (0.129)  0.477**%* (0.128) 0.471**%* (0.135) 0.464*** (0.136)

empathy index -0.139%**  (0.024) -0.139*%** (0.024) -0.139%** (0.024) -0.138%** (0.024)
male 0.161%**  (0.040) 0.163*** (0.039) 0.164*** (0.040) 0.166%** (0.042)
urban hukou 0.082%*  (0.038)  0.085**  (0.039) 0.081**  (0.038) 0.083**  (0.038)
bully at baseline 0.562***  (0.074) 0.563*** (0.074) 0.559*** (0.074) 0.562***  (0.074)
victim at baseline 0.162*%**  (0.042)  0.162%*%* (0.042) 0.167**%* (0.041) 0.162%** (0.042)
F-statistic 20.534 21.190 19.579 19.724

N 2,231

Note. This table shows the robustness checks for the estimation results of network formation and bullying in-
volvement to address the censored network concern. The first two columns display the main model estimates
from Table 6. In the subsequent columns, I report estimation results after truncating friends at specific rank-order
positions. Students were asked to rank their friends by closeness, with the 1st friend being the best friend and the
5th friend being the least close. Bootstrapped standard errors are presented in parentheses (* p<0.10, ** p<0.05,
*xx p<0.01).
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Table I13: Robustness Checks of Bullying Involvement Estimation
Comparing with Other Estimates

Bullying score

(1) 2 (3)
OLS 2SLS 2SLS (model)
empathy index -0.150%*%%  -0.142%%* -0.139%**
(0.024) (0.024) (0.024)
peer bullying score 0.154%** 0.322%#%* 0.484 %%
(0.072) 0.116) (0.129)
2 3 T2y T3
Instruments WX, WX W X W X
Cragg-Donald Wald F-statistic 31.065 20.534
Strata FE Y Y Y
N 2,231 2,231 2,231

Note. This table shows the estimation results of an OLS estimation, 2SLS estimation following Bramoullé et al.
(2009), and the 2SLS estimation (used in this study). The 2SLS in Column (2) differs from the 2SLS method used
in this study reported in Column (3) in that the former does not account for friendship network endogeneity. I
include the same control variables for all three specifications as in the main model. Bootstrapped standard errors
are presented in parentheses (* p<0.10, ** p<0.05, *** p<0.01).

Table [14: Within-Sample Model Fit

Model Data
Mean of simulated means Mean SE of mean
Proportion of take-up 0.402 0.400 0.014
Follow-up empathy (SD) 0.072 0.076 0.022
In-degree 3.354 3.101 0.048
Change in bully score (SD) -0.015 -0.027 0.023

Note. This table shows the within-sample model fit. Simulations are based upon 1,000 repetitions.
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Table I15: Effects on Bullying Reduction and Empathy for Counterfactual Experiments

Everyone Topl0% mostpop  Bully  Bully’s best friends Bully & best friends  Popular bully Nonpop bully
Panel A. Offer treatment
Unit treated (N) 2,231 480 456 394 761 200 256
Unit take-up (N) 1,044 243 173 180 314 84 89
Effect on bully score (SD)  -0.165 -0.039 -0.024 -0.030 -0.049 -0.012 -0.013
(0.0023) (0.0022) (0.0026) (0.0035) (0.0029) (0.0026) (0.0025)
PP decrease in bullies -8.08pp -1.93pp -1.19pp -1.48pp -2.41pp -0.58pp -0.61pp
Effect on empathy (SD) 0.148 0.033 0.027 0.026 0.047 0.012 0.015
(0.0016) (0.0015) (0.0013) (0.0014) (0.0017) (0.0010) (0.0010)
Panel B. Assume take-up
Unit treated (N) 2,231 480 456 394 761 200 256
Unit take-up (N) 2,231 480 456 394 761 200 256
Effect on bully score (SD)  -0.351 -0.081 -0.058 -0.065 -0.110 -0.027 -0.031
(0.0043) (0.0042) (0.0046) (0.0045) (0.0047) (0.0044) (0.0044)
PP decrease in bullies -17.16pp -3.96pp -2.82pp -3.17pp -5.88pp -1.33pp -1.50pp
Effect on empathy (SD) 0.318 0.068 0.065 0.056 0.108 0.028 0.036
(0.0000) (0.0028) (0.0027) (0.0026) (0.0032) (0.0019) (0.0021)

Note. This table reports the simulation results for the following counterfactual scenarios: (i) treating everyone,
(ii) treating the top 10% most popular students, (iii) treating bullies, (iv) treating bullies’ best friends, (v) treating
bullies and best friends, (vi) treating popular bully, and (vii) treating non-popular bully. Popular or non-popular
bullies are defined by comparing with the median value of the in-degree measure for bullies. In Panel A, I report
the results of offering the treatment. In Panel B, I report the results of assigning take-up, i.e., assuming perfect
compliance. I report the changes in bullying scores and in empathy, both measured by the standard deviation
(SD). I also convert the bullying score to a percentage-point (pp) decrease in bullies following the evidence that
our intervention reduces 4 pp bullies while lowering the bullying score by 0.079 SD in the estimation sample.

Table I16: Testing the Key Player Theorem — Spearman’s Rank Correlation Coefficients

Target order

Panel A. Network statistics

in-degree -0.486
eigenvector centrality -0.030
closeness centrality -0.067
isolation -0.357

Panel B. Individual characteristics

bully score -0.103
male 0.352
hukou -0.329
only child -0.371
positive personality index 0.867
empathy index 0.988
standardized test score 0.648

Note. This table reports Spearman’s rank correlation coefficients between students’ target order predicted by the
greedy algorithm and their network statistics as well as individual characteristics at the baseline.
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Figure I1: Distribution of the Popularity Measure
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Note. The figure plots the distribution of the popularity measure at the baseline. The popularity measure is
constructed by counting the total number of nomination links each student received.

Figure 12: Distribution of the Number of Isolated Students (With No Friend Nominations)
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Note. The figure plots the distribution of the number of isolated students with no friend nominations within each
class at the baseline.
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Figure I3: Heterogeneity of the Program Effects on Network Statistics
Panel A. By baseline empathy level
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Panel B. By baseline bully status
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Note. The figures show the heterogeneity effects of program impacts on network statistics by baseline empathy
level (Panel A) and by baseline bully status (Panel B). High/low empathy is defined according to the baseline
measure of empathy and the classroom-level median empathy: When the individual has a higher empathy than the
classroom median, he/she is defined as a high-empathy type and vice versa. I show the point estimates based on
estimating Eq (1) as well as 90% confidence intervals. Confidence intervals are calculated based on bootstrapped
standard errors clustered at the class level. 73



Figure 14: Model Validation
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Note. The figures show the model validation results, comparing the predicted impacts under the model to the
experimental impact. I present the results for empathy (Panel A), bully score (Panel B), and in-degree (Panel C).
The black solid line represents the distribution of the predicted impacts obtained from 1,000 simulations of the
1,206 treatment units, while the black dashed line represents the estimated impacts from the data.
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Figure I5: Additional Results of Decomposition Exercise
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Note. The figure plots the additional results of the decomposition exercise based on Eq (16). The first bar reports
the total change in the bullying score. The second bar reports the change in the bullying score when only keeping
the estimated peer effect coefficient and setting the empathy effect equal to zero, which is an alternative method to
calculate the social effect. The third bar reports the change in the bullying score when assuming the network links
at the baseline and at the follow-up are the same. I also report the 95% confidence intervals for the changes using
the orange solid line. The social effect obtained from the second bar accounts for 30% of the empathy effect on
bullying, which is very close to the results shown in Figure 2.
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Figure 16: Decomposition for Counterfactual Experiments

| Bullies (N=456) |

| 0.38
Target | 062
Random | oo
| 0.49
| Top 10% most pop (N=480)
| 0.52
Target | 048
Random | 0%
| 0.51
| Bullies' best friends (N=394) |
| 0.57
Target | 043
0.55
Random |
| 0.45
0 20% 40% 60%

[ Social effect
[ Human capital effect

Note. The figure plots the human capital and social effects of empathy on bully reduction for the three counter-
factual scenarios: (i) treating bullies, (ii) treating bullies’ best friends, and (iii) treating the top 10% most popular
students. For each scenario, I present decomposition results for both the targeted interventions and correspond-
ing random assignments with the same number of treated units. The orange-filled box denotes the social effects,
defined as the empathy-induced network changes and the associated peer bullying spillovers. The blue-filled box
denotes the individual human capital effects, defined as the improvement in own empathy. To obtain the individual
human capital effect, I set the peer effect parameter in Eq (9) equal to zero and simulated the new bullying score
for the study sample for all three targeting experiments. The percentage is then obtained by calculating the pro-
portion of the simulated change in bullying score over the total change in bully score. The remaining proportion
is then defined as the contribution due to the social effect.
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Figure I7: Density Plot of the In-degree for Bullies and Bullies” Best Friends
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Note. The figure plots the kernel density distribution of the in-degrees for bullies (N = 456) and bullies’ best
friends (N = 394) at the baseline, respectively. I also plot the density distribution of in-degree for the top 10%
most popular students (N = 480) for comparison purposes. In-degree is defined as the total number of nomination
links the student received.

Figure 18: Two Examples of Classroom Networks (by Empathy)
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Note. The two figures are visualizations of the friendship network of two classes. The blue color denotes students
who are low empathetic, while the red color denotes students who are highly empathetic. High/low empathy
is defined according to the baseline measure of empathy and the classroom-level median empathy: When the
individual has a higher empathy than the classroom median, he/she is defined as a high-empathy type and vice
versa. The size of the network node is scaled by in-degree, that is, the nomination links the student received. The
figure on the left panel depicts a friendship network with higher segregation for low-empathy students than for
high-empathy students. The figure on the right panel depicts a friendship network with higher segregation for
high-empathy students compared to low-empathy students.
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