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1. INTRODUCTION

Disruptive students have been shown to cause negative externalities on peers’ achieve-
ment scores in elementary school (Aizer, 2008, Carrell and Hoekstra, 2010). The effects
persist into the early career labor market (Carrell et al., 2018). Yet, beyond their existence
and total magnitude, little is known about these important externalities. In particular,
studies that examine peer effects as complex mechanisms governing the diffusion of
the treatment effects in the classroom—and the resulting treatment heterogeneity—are
scarce (Jackson and Yariv, 2011, Sacerdote, 2011, Carrell et al., 2013, Arduini et al., 2015,
de Paula, 2017).! This area of research has, however, considerable potential to help guide
policymakers towards interventions that can dissipate and contain the spread of the ex-
ternality (Manski, 2013a,b, Graham, 2018).

Advances in the econometric modeling of peer effects using network data have opened
up important avenues for research into how they permeate the reference group. Recent
network versions of the Manski (1993) linear-in-means peer effects model (LIMM) pro-
vide ways to jointly estimate a network formation technology and a production func-
tion of economic outcomes whose inputs include peers’ actions and characteristics,
and prior similarities between agents (Goldsmith-Pinkham and Imbens, 2013, Arduini
et al,, 2015, Hsieh and Lee, 2015, Hsieh et al., 2020, Johnsson and Moon, 2021, Auer-
bach, 2022a,b, Hsieh et al., 2022). Yet, few applications have exploited these models in
educational settings and, to our knowledge, none of the existing applications deal with
negative externalities.

This paper leverages network data to explore the diffusion of negative externalities gen-
erated by abused and neglected classmates. Specifically, we ask whether the size of the
externality on cognitive ability wanes with social distance between the student and her
abused and neglected peer. Our focus is thus on the interaction-driven heterogeneity of
treatment responses induced by the way the network architecture shapes the diffusion
of a treatment. Starting from the network version of the LIMM, we derive and estimate
amodel in which distance (the shortest path length in terms of links in the network) be-
tween the abused and neglected peer and each student in the classroom affects the size
of the externality. We use data from the Stockholm Birth Cohort Study—a unique lon-
gitudinal dataset following the entire cohort of children born in Stockholm, Sweden in
1953—that links school survey data with administrative records including birth records
and population censuses. These data have two important features. First, we can identify
all children who have been abused or neglected by their parents, as recorded in the uni-
verse of administrative files of the Swedish child protection services agency. This feature
is crucial for causal identification as exposure to parental abuse and neglect is a good
proxy for student disruptiveness (see Table A.1 in the Appendix and Carrell and Hoekstra

11n fact, in his handbook chapter on peer effects, Sacerdote (2011) observes that the “linear-in-means
model masks considerable heterogeneity in the effects experienced by different types of students.”
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(2010) and Carrell et al. (2018)), while also being exogenous to the abused and neglected
student’s classmates.? Second, the data include classroom friendship nominations in
the sixth grade, making it possible to map the social network of each classroom and, in
particular, the position of the abused and neglected peers within it. Meanwhile, cogni-
tive tests administered in sixth grade measure verbal, numeric, and spatial ability.

Identification in our empirical strategy relies on within-school across-classroom varia-
tion of the fraction of abused and neglected classmates (Hoxby, 2000).2 We show em-
pirically that disruptive peers within the same school were randomly assigned to class-
rooms. In this sense, we exploit the fact that a student in a given school may be allocated
by chance to a classroom with a low number of abused and neglected peers, while an-
other who attends the same school and grade may be allocated to the classroom next
door where there is a high number of abused and neglected peers. In our case, the strat-
egy is facilitated by the institutional framework that administered school assignment in
Sweden in the 1960s. In particular, students attended their nearest school, and tracking
on the basis of ability or background was not permitted, resulting in randomly formed
classroom rosters within elementary schools, at least in terms of the share of abused and
neglected students.

Causal identification also requires dealing with the fact that social networks are endoge-
nous, as students themselves choose who to befriend and who not to befriend. To this
end, we model the friendship link formation process as the product of homophilic pref-
erences (i.e., people tend to befriend others who are similar to themselves) and unob-
served student-level social ability (Graham, 2017). We measure pair-wise homophily us-
ing information on arguably exogenous sociodemographic characteristics such as fa-
ther’s socioeconomic status (SES) at birth, whether the student is the first-born sibling,
gender, prenatal care, block-level geographic location of residence, and other predeter-
mined data. The results of the friendship formation model allow us to generate instru-
ments for the observed friendship links.

Our findings indicate that abused and neglected peers exert the largest negative effect
on the verbal and numeric abilities of their closest friends. The externality fades out

2Existing literature in psychology and economics shows that child maltreatment significantly con-
tributes to various social and emotional problems, such as aggression, depression, anxiety, and decreased
social competence (Carlson, 2000, Wolfe et al., 2003, Holt et al., 2008, Moylan et al., 2009, Carrell and Hoek-
stra, 2010, Eriksen et al., 2014, Sarzosa and Urzua, 2021). Table A.1 shows empirically that the children in our
data exposed to parental abuse and neglect have substantially lower cognitive test scores and grades and
are more likely to have adjustment problems and engage in risky behaviors compared to their counterparts
who were not abused or neglected.

3Earlier studies have used variations of this approach to quantify negative classroom externalities ex-
erted by children, with particular attention to those with attention deficit hyperactivity disorders (Aizer,
2008, de Chaisemartin and Navarrete H., 2023), migrants (Gould et al., 2009), children linked to domestic
violence (Carrell and Hoekstra, 2010, Carrell et al., 2018), boys with female-sounding names (Figlio, 2005),
students with high blood lead levels (Gazze et al., 2022), low-ability students (Lavy et al., 2011), and bullies
(Sarzosa and Urzua, 2021, Sarzosa, 2021).
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at a rate proportional to the distance. When the distance between the student and the
abused and neglected peer exceeds two friendship links in the social network, the statis-
tically significant negative peer effect fades out completely. This pattern is particularly
evident for males, whereas for girls we only find evidence of effect heterogeneity by so-
cial distance for numeric ability. We further exploit the classroom networks to estimate
the structural parameters of the LIMM using the joint regression framework (network
formation equation and outcome equation) developed by Johnsson and Moon (2021),
which controls for the independent effect of an individual’s social ability on academic
achievement. This allows us to distinguish between different sources of treatment trans-
mission. In particular, we can discern how much of the negative externality is generated
by variation in the child abuse and neglect of peers (exogenous effects, in the LIMM
jargon) and how much is due to spillovers through the peers’ academic achievement
(endogenous effects). We find that abused and neglected peers affect their classmates’
verbal ability scores through the endogenous effect. In contrast, the effect of abused and
neglected peers on their classmates’ numeric ability seems to be more directly afflicted
by the abuse and neglect itself. We use Monte Carlo simulations to interpret our struc-
tural estimates. The structural model results corroborate the decay of the peer effect that
we find in our social distance model.

We contribute to the growing literature on school peer effects by documenting that so-
cial networks determine their scope and diffusion. Unlike existing studies on school peer
effects, we show that an abused or neglected student can have heterogeneous conse-
quences for her peers.* These consequences depend on how far apart the student and
the abused and neglected peer are in the classroom network. In this regard, our paper
relates to the literature that views peer effects as a mechanism by which the treatments
may propagate through the network (Calvé-Armengol et al., 2009, Jackson and Yariv,
2011, Banerjee et al., 2013, Arduini et al., 2015, Schennach, 2018) and the literature that
puts forth theoretical and empirical models of peer effects based on social networks in-
corporating the idea that the position in the network matters for exposure (Jackson and
Wolinsky, 1996, Calv6-Armengol et al., 2009, Bramoullé et al., 2009, Dahl et al., 2014,
Diaz et al., 2021). In particular, we extend the literature focusing on the role of networks
in the diffusion, reach, and interaction-driven heterogeneity of the effects of treatments
and interventions in educational settings (List et al., 2020, Opper, 2019). To the best of
our knowledge, we are the first to show that the externality of disruptive students is al-
most exclusively confined to their circle of friends and these friends’ friends, and that
the mechanisms through which the effects propagate and decay in the numeric-ability
dimension differ from those through which they propagate in the verbal-ability dimen-
sion. Our contribution is important because, as corroborated by our counterfactual pol-
icy exercises, it indicates that policies aimed at reducing the negative consequences of
disruptive peers should target disruptive children and their circle of friends. Accordingly,
class-wide interventions are not the most cost-efficient way of addressing this problem

4Patacchini et al. (2017) provide some evidence on effect heterogeneity by friendship duration, observing
that strong friendships—those that last for more than a year—have a greater scope of influencing behaviors.
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given that some resources would be devoted to unaffected students. Examples of po-
tentially effective targeted local interventions include providing special emotional sup-
port to children with abusive or neglectful parents, and introducing remedial language
courses for disruptive male students and their friends. Finally, our results suggest that
teachers and education authorities, if provided with pertinent information, may be able
to anticipate which students are more likely to belong to the disruptive peer’s social cir-
cle and thus prepare targeted early interventions.

The remainder of the paper is organized as follows. Section 2 describes the data. Section
3 presents the empirical strategies for estimating both our reduced-form and diffusion
models of peer effects and discusses the validity of the underlying identifying assump-
tions. Section 4 shares the main estimates of disruptive peer effects on students’ cog-
nitive outcomes. Section 5 provides evidence of the mechanisms driving the negative
effects of disruptive peers by outlining and estimating the structural LIMM. Section 6
tests the robustness of our results and Section 7 concludes.

2. DATA: THE STOCKHOLM BIRTH COHORT STUDY

We use the original sampling frame of the Stockholm Birth Cohort Study (hereafter, SBC)
of all children born in the Stockholm metropolitan area in 1953 (Almquist, 2014).° In
total, 12,677 children completed a school survey in sixth grade in 1966. They comprise
our baseline sample of interest. We drop classrooms with fewer than seven students as
they presumably hold very different social networks to ones observed in regular-sized
classrooms. We also drop 54 schools with only one class per grade and which therefore
are not subject to the classroom-level variation within school that our empirical strategy
exploits, and 30 schools with at least one special education class in sixth grade.® We end
up with a study sample of 7,995 students from 382 classrooms belonging to 116 schools.
Table 1 presents summary statistics of the key variables used in this study.

An advantage of the SBC’s 1966 school survey is that it was conducted in-class, which
made practically every sixth grader in the county of Stockholm fill out two question-
naires (during two consecutive classes), eliciting information on a number of learning-
related aspects including friendship nominations and a cognitive ability test. As a re-
sult, the non-response rate is only 7 percent (the percentage of students absent on that

5See Stenberg and Végero (2006) for a cohort profile and Santavirta and Sarzosa (2025a) for codebooks
for the included registries.

6We use the direct individual-level survey responses on the attendance of a special education classroom
to identify schools with special education classes. In our data, there are 435 students reported being in a
sixth-grade special education class. Using cluster analyses, we further validate that these special education
classes house children whose IQ scores are substantially lower than scores of students in the same schools
but in different classrooms.
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particular school day). The low non-response rate in combination with the fact that all
students in the county took the survey is likely to increase the external validity of our
study.’

The SBC also contains the municipal registers of case files of investigations by the child
protection services (known as the Child Welfare Committee, hereafter CWC). These reg-
isters record each child’s cases accumulated up to age 18 and case files remain in the
register even though families would move to other municipalities.

Moreover, extensive information on the cohort members and their families was ascer-
tained. Among other things, SBC contains prenatal and perinatal care records, student
performance and Census records containing data such as household composition, par-
ents’ education and occupation and the family’s neighborhood block of residence at the
time the cohort member was born. Importantly for our purposes, the data contain in-
formation on all cohort members in the Stockholm region (net of the 7 percent non-
response rate) allowing us with the help of the friendship nominations of the school
survey to characterize the social networks of complete classrooms. Below, we describe
the key components of the data in detail. For further information on the data used in
this study, see Santavirta and Sarzosa (2025a).

Cognitive tests. We use the three components of ability collected by the school survey
in 1966 (at age 13): numeric, verbal, and spatial ability. The tests were developed by the
Swedish Institute for Educational Research in the early 1960s and have served to this
date as the default cognitive tests in elementary school (Svensson, 1964). The test of nu-
meric ability poses 40 numerical sequences of six numbers, each of which follows a log-
ical pattern based on elementary arithmetic concepts. The students are asked to predict
the next two numbers following the same pattern in the sequence. The verbal ability test
presents the student with 40 words, for which the student has to find antonyms among
four options. The spatial ability test consists of 40 unfolded figures that need to be folded
mentally.

The verbal and numeric tests are weighted more toward crystallized intelligence. Scores
on crystallized intelligence tests are in part determined by innate ability but also by ac-
quired skills and knowledge and are thus depending on educational opportunity and
motivation (Borghans et al., 2008). Some work on ability testing suggests that the nu-
meric and verbal tests might more appropriately be called achievement tests than intel-
ligence test (Almlund et al., 2011). In contrast, the spatial ability test is weighted more

7In addition to the 12,677 sixth graders who completed the survey, another 1,296 cohort members com-
pleted the survey but were in fifth grade or seventh grade at the time of the survey in 1966 due to grade
retention of class skipping. These students are dropped from our data. Our reported non-response rate
refers to all 14,073 students who completed the survey as separate non-response rates were not available at
grade-level.
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TABLE 1. Summary Statistics

Variable Mean SD Obs.

School characteristics

Number of schools 116
Number of classrooms 382
Avg. no of classrooms per school 3.29 1.36 116
Students per classroom 25.96 3.62 382

Abused and neglected peers (A&N)

Share of classrooms with a A&N 0.628 0.484 382
No of A&N in the classroom 1.168 1.311 382
No of A&N |(A&N in classroom>1) 1.858 1.205 240
Overall share of A&N 0.056 0.230 7,995
Controls

Female' 0512 0500 7,995
Parents social aid recipientsT 0.118 0.322 7,995
Birthweight (g) 35183  529.2 6,476
Mother’s age 24.21 5.69 6,655
Owner of dwelling' 0.181 0385 7,995
Dwelling size' 0916 0277 7,995
Older siblings 0.860 0.994 7,995
Outcomes

Verbal ability 25.698 6.088 7,995
Numeric ability 21752  7.589 7,995
Spatial ability 23.493 6.808 7,995

GPA in grade 9 (multiplied by 100)  321.473  76.462 7,592

Note: The summary statistics for disruptive peers within classrooms as well as
the individual-level descriptive statistics (outcomes and controls ) refer to the
analytic sample (see Section 2 for sample restrictions). The second column re-
ports standard deviations (SD). fIndicates a binary variable.

towards fluid intelligence, which is often considered the more innate of the two mea-
sures of intelligence, cleaner from acquired knowledge (Svensson, 1971). In addition to
the cognitive test scores, we use the grade point average (GPA) of the Spring term in
grade nine of compulsory school. This grade point average is measured on a grade scale
from 1 to 5 (we rescale the variable multiplying it by 100).

Social interactions. In a classroom survey conducted for sixth graders (age 13), stu-
dents were asked to nominate their three best classroom friends (the nominations only
concerned friends within the same classroom). Of all students in SBC who participated
in the school survey and nominated friends (n=11,854), 7,499 nominated three friends
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(62.7 percent), 3,198 nominated two friends (26.8 percent), 787 nominated only one
friend (6.6 percent), and 468 did not nominate any friends (3.9 percent). In our ana-
lytic sample (n=7,995), 5,124 students nominated three friends (64.1 percent), 2,120 stu-
dents nominated two friends (26.5 percent), 488 students nominated only one friend
(6.1 percent), and 262 students did not nominate any friends (3.2 percent). Reassuringly,
our study sample is representative of the complete population of survey participants in
terms of social interactions. A limitation to the sociometric data is that roughly 7 percent
of cohort members did not participate in the school survey, yet the students who partic-
ipated in the survey could have made nominations to these classmates who were absent
on the day of the survey. We do not observe these nominations. Moreover, we do not ob-
serve the nominations made to classmates in sixth grade who were not born in 1953 and
hence did not belong to the studied birth cohort. Based on the share of the cohort mem-
bers themselves who deviated from the default grade at the time of the completion of the
survey (sixth grade), this source of attrition is estimated to be 9 percent. Compared to the
missing values in other youth surveys ascertaining youth friendship networks, this share
of missing values seems reasonably low (Boucher and Houndetoungan, Forthcoming).?

Disruptiveness. We proxy disruptive peers with children whose parents have under-
gone an investigation for parental abuse or neglect up until the child was 13 years old
(in sixth grade) by the CWC. The Swedish child welfare policy was very institutionalized
already in the 1960s with a well established system of foster care mandated by the Child
Protection Act. The share of foster care placements in the population of underaged chil-
dren at a given point in time was roughly the same in the 1960s as in the contemporary
context, i.e., 1 percent of the relevant population (SOU1974:7, 1974, Statistics Sweden,
2023). The CWC investigated parents on suspicion of abuse and neglect and 90 percent
of the investigations in our data were substantiated and lead to protective actions by the
CWC (warnings, intensified surveillance or child removal). We drop the unsubstantiated
cases. Of all children in SBC (n=12,677), we observed 798 CWC investigations that match
our definition of abuse and neglect, of which 689 (86.3 percent) were carried out before
the child started school and the rest were carried out during elementary school before
age 13.% In our study sample (n=7,995), we observe 446 children whose parents were
investigated for abuse and neglect at least once before the child turned 13. Of these,
385 (86.3 percent) children’s parents were investigated before the child started school.
Of all the 446 investigations in our analytic sample, 401 cases warranted child removal

8This type of attrition, though relatively small, can potentially be selective if retained students (born in
1952) are more likely to be abused and neglected. We find that retained students from the cohort we observe
(born in 1953) are indeed 7 percentage points more likely to be abused and neglected than cohort members
being in the right grade for their age. In Section 4 and Section VII of the Supplemental Appendix (Santavirta
and Sarzosa, 2025b), we show that our results remain robust to the inclusion of the attrited retainers.

90f the 798 observed investigations in the full SBC sample that match our definition for abuse and ne-
glect, 651 children were removed from their biological families mandated by §31 of the Swedish Child Pro-
tection Act (in co-operation with the parents) and eight child removals were mandated by §29 of the same
act (against the will of the biological parents). The rest (n=139) of the cases led to preventive measures
(warnings, instructions, advice or supervision) based on §26.
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and placement in foster care or institution. According to our data, the main reasons for
launching an investigation for abuse and neglect were parents’ alcohol abuse, parents’
psychiatric disorders, and parents’ death.

3. EMPIRICAL MODEL AND IDENTIFICATION
3.1 Social distance and the diffusion of disruptive peer effects

In this section, we lay out a framework that builds on the network version of Manski
(1993)’s LIMM formalized in Bramoullé et al. (2009). We explore whether the external-
ity that a particular student exerts on each of her classmates may differ depending on
how closely socially connected the two of them are. We develop an empirical model of
how social influence diffuses with social distance, define our estimating equations and
outline an identification strategy based on dyadic link formation.

3.1.1 Linear-in-means model of social interactions Children interact more with some
classmates than with others. Thus, the graph that represents a typical classroom’s so-
cial network differs from a uniform and complete set of connections between all those
who belong to the group (Coleman, 1964, de Paula, 2017). Formally, we consider class-
room r to be a set of students C, = {1,...,n,} that create a graph (n,,D,) through
friendships. That is, a network C, with vertex set C, and link set D, = {(i,5) € C, :
i considers j to be her friend}. Therefore, we can represent C, with the adjacency matrix
D whose typical element D;; = 1 when i considers j to be her friend and 0 otherwise.
Following convention, we assume that D;; = 0, Vi. That is, one cannot befriend oneself
(Jackson, 2010). Importantly for our setting, within classroom r, there is a subset of stu-
dents A, = {i € C, : i's parents were investigated by CWC for abuse and neglect}.

Student 7 in classroom r is described by: (i) whether the her parents at some point dur-
ing their childhood were investigated by CWC for abuse and neglect a;, € {0,1}, (ii)
her scholastic achievement y;,., which is the student’s choice variable, and (iii) her po-
sition in classroom network D,.. The student wants to do well in school but achieve-
ment is costly and is influenced by peers. In particular, students want to comply with
social norms, defined as the average achievement of her friends: m;rldi,rym where d;
is D,’s it" row and m;,- collects i’s total number of friends m; = Z?;l D;;, such that vec-
tor M, contains the network’s degree sequence. If we define the row-normalized matrix
G = diag(M)~!'D, we can write the student i’s utility in a linear-quadratic structure sim-
ilar to the one used in Topa and Zenou (2014) as

- 1 g
U(yiraYT7 GT‘) = (040 + aaiy + azGray, + 777“) Yir — §y12r + %(yzr - GTYT)Q» (1)
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where ag > 0, a <0, az <0, and 0 < 8y < 1. Disruptiveness affects student i’s utility
through two channels: it affects the marginal utility of i’s effort (az G a,y;-) but also
affects utility through the student’s conformity to the peer’s normative studying effort
(% (yir — Gryr)?). Students’ social sub-utility is such that studying effort is positively or
negatively affected by the degree to which they conform to their peers’ level of studying
effort, as is reflected by the last term of equation (1). This aligns with the findings of Liu
et al. (2014) and Boucher et al. (2024), who both show that, for studying effort, students
tend to conform to the social norm of their friends. The lower bound for 3; is based on
the assumption that students have positive utility from conforming to their friends.

Stacking students into classroom vectors y, and a,, each of size n,. x 1, we can write the
best-response function calculating the first order condition with respect to y;, as

yr = Botr + Bay +ﬂgGT‘yT + Bz Gra, + 1, 2)

where 8o = (14 85) a0, 8= (1+ By) o, Bz = (14 By) oz and 0, = (1 + B) 7.
Equation (2) is a version of the LIMM (Manski, 1993, Brock and Durlauf, 2001, Blume
et al,, 2011) that incorporates the social interactions collected in network C,. (Bramoullé
etal., 2009, Goldsmith-Pinkham and Imbens, 2013). Let I, be the n,. x n,. identity matrix,
then Patacchini and Zenou (2012) and Ushchev and Zenou (2020) show that as long as
By < 1, which makes the matrix (/. — 33 G,) row-diagonally dominant due to the row-
normalized nature of G,, and thus invertible, the best-response functions produce a
unique interior Nash equilibrium y* given by

y: = (IT _IBQGT>_1 (/80LT+63T+65:G7~3T +77r)a 3)

which yields a reduced-form relation between peer abuse and neglect and achievement.

3.1.2 The diffusion of peer effects As in Calvo-Armengol et al. (2009), let Wy G, a, =
(I-B;G1)B:Gra, =Y 72 BEG*(8;:Ga,) be the vector of 3G a,-weighted central-
ities of parameter 85 and network G. We can re-parameterize and write equation (3) in
terms of a vector of centralities

= ¢otr + P12, + WBEGTa,« (Gvﬁy) +éer, 4)

where ¢o = (I, — 83Gr) 180, ¢1 = (I — 83G,) 1B, and ¢ = (I, — B3;G,) 11, Further-
more, using the proof of Proposition 1 in Calvé-Armengol et al. (2009), we can write

g’f Wi, G0 (G ) = g;”b(cr,ﬁy,an, )
where b(G,, 33,a,) = 3;Gra, + ﬁgG%ar + BgGiaT + ... is the vector of Katz-Bonacich
centralities, but taking into account only paths that lead to the abused and neglected
(A&N) peers. That is, while 5 captures how the value of being connected to another
node decays with distance, Sza, captures the base value of each node. Given that a;,

Wg.G,a, (G, B5) =Bz W@, a, (G, B5) =
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Vi € C, is a binary variable, the latter implies that the only valuable nodes here are those
who belong to set A, (i.e., the A&N peers). Then, we can write equation (4) as

A :¢0Lr+¢1ar+%b((}mﬁg,aw)+sr. (6)
]

This simplifies matters because the Katz-Bonacich centrality takes into account the dis-
tance between nodes as a factor in the calculation of node centrality. The centrality score
ofanode is proportional to the sum of the centrality scores of its neighbors, and so on re-
cursively, until all nodes in the network have been accounted for. This recursive calcula-
tion of centrality takes into account the paths of different lengths between nodes. Nodes
with high centrality tend to be connected to other highly central nodes, and these con-
nections form pathways that can reduce the distance between nodes in the network. In
contrast, nodes with low centrality tend to be connected to other low-centrality nodes,
which can lead to longer geodesic distances between nodes in the network. Thus, we
have a parametric relation between peers’ disruptiveness a, and one’s own outcome y,,
the strength of which is determined by social distance.

We can further write the centrality of node i as follows:

0o Ny

bir=>_ Y Brofiagr= Y Z gk =% ZBSU—H@ itk -

k=1j5=1 JEAr k=6;; JEA, k=0

where 6;; > 0 is the geodesic between nodes i and j, where i # j and ¢;; = 0. It indi-
cates the minimum number of friendship links separating student 7 from student j in
the social network. The second equality reflects the way we have defined the centrality
in which the relevant paths are only those that lead to students in set A,. It follows from
the fact that each relevant node contributes to i’s centrality depending on its distance to
1 at every path that connects these two nodes. That is, j's contribution to i’s centrality is
the weighted sum of all the paths that connect them, where the weight is proportional to
the distance between 7 and j in each path. Therefore, there must exist one path among
these in which ¢ and j are closest. That is the geodesic between i and j, which is thus the
path through which j contributes the most to i’s centrality. The third equality takes the
argument further as it sorts the contributions of j to i’s centrality according to how long
the paths that connect them are. Contributions to i’s centrality through longer paths are
more heavily discounted. How much an A&N peer can affect i’ centrality depends on
how close the two of them are socially. If we split each node’s contribution to i’s central-
ity made through the shortest path(s) from the rest of the contributions, we can write i’s
centrality as

bir(di-, 9i.) Z Byl] 9ij T+ Z Z 51/91] 8)

JEA, JEAr k=6;j+1

Closer A&N nodes will influence i’s centrality more because their greatest contribution

will be discounted by less (ﬁg” will be larger), and will tend to have more paths connect-
ing them to 7 than further away A&N nodes. That is, 0b;,.(0;5,9:;)/90;; < 0Vj € A, (i.e.,
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the change in the centrality of ; associated with a unit change in the distance between ¢
and A&N peer j, holding the rest of the network fixed is negative). We use this feature of
centrality and the fact that empirical analyses of social networks have established that
the diameter (the maximum distance between any pair of agents) of a social network
tends to be small (Jackson and Rogers, 2007), in order to conceptualize a parsimonious
model for the mechanisms through which effects of disruptive peers play out within the
classroom. We approximate b;,.(6;;) with a function of the geodesic between the two rel-
evant nodes d;;a,;. Let A, be a symmetric matrix containing the geodesics J;; between
any two nodes in set C,.. Then, we can write an approximation of equation (6) as

Yr = ¢otr + P12, + ¢2f(Ar)ar + & 9

Note that f(A,) captures variation coming exclusively from the first part of equation
(8). Thus, it is capturing a lower bound of the effect that A&N students can have on their
peers, as it does not include part of the effect that can be channeled through longer
paths. Equation (9) is informative because Vy;./Va, = ¢1e + ¢2f(d;r) + V&;-/Vay,
where e is a vector of zeroes with a one in the i*" position. It indicates that the size of the
total peer-effect can depend on the distance between the two agents (i.e., the shortest
path length between them).

In principle, we do not need to impose further restrictions on f(A,) beyond the one
bounding gy to the (0,1) interval. However, when taking the function to our data, we
need to make some considerations. First, we must consider its endogeneity, which arises
from that of D. Therefore, we need to ensure f(A,) fulfills the rank condition with re-
spect to the number of available instruments. Second, our data has two characteristics
that we must accommodate through our choice of the functional form of f(A,). The
first characteristic is that due to the fact that social networks are built based on stu-
dents’ active choices to befriend some peers but not others, we observe several classes’
social networks comprising two or more components (i.e., a subnetwork formed by
path-connected nodes that is not connected with other subnetworks) resulting in stu-
dents who, although being classmates, are not socially connected. We cannot calcu-
late the shortest path length between two students belonging to two different compo-
nents. That implies that the matrices A, in classrooms with disjoint subnetworks have
some elements for which §;; = cc. In response to this feature of the data, we structure
f(A,) in a way in which we split it into two parts. One that captures possible effects
of those who are further than « links away (i.e., d;; > ~, those with whom one shares
a classroom but are not in one’s component), and another one capturing the effect-
heterogeneity by distance to peers with whom the student shares a component. That
is, f(A;) = f1(1[A, < k]) + f2(1[A, > k]), where 1[-] is an indicator function that takes
the value one if the argument is true and zero otherwise.

The second characteristic of our data that influences our choice of f(A,)a, is the fact
that some classrooms have no disruptive children. That is, those classrooms’ a, is a vec-
tor of zeros (i.e., t,-a, = 0, where ¢, is a row-vector of ones). We use those classrooms as
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a comparison group that helps us tease out classroom-wide effects from localized ones
of disruptive peers. If social connections drive the diffusion of the effect, the outcomes
of the disruptive students’ classmates who are not socially connected to them should
not differ from those of students who have no disruptive peers in their classroom. If, on
the contrary, just having a disruptive peer in the classroom is enough to disrupt learning
regardless of social connections, then the outcomes of disruptive students’ classmates
that do not share a component with them should differ from those of the students in
classrooms that lack disruptive peers. To capture this comparison, we extend f(A, )a, to
include a wedge between the classrooms that lack disruptive peers and the classrooms
who have at least one of them (i.e., ¢,-a,- > 0).

Furthermore, given that we will need to instrument f(A,) = f; (1[A, < &]) + f2(1[A, >
k])a, separately, we favor parsimonious choices of those functions. We recognize that
parsimonious choices of f(A,)a, may render the approximation to 5z /83b(A,, G,) less
precise especially for large k. However, empirical analyses of social networks have estab-
lished that both the average shortest distance between pairs of agents and the diame-
ter (the maximum distance between any pair of agents) of a social network are usually
small (Jackson and Rogers, 2007). Thus, we assume linearity in f; and f». This linearity
assumption—stemming from the need of parsimonious modelling choices due to a fi-
nite number of instruments—does not imply a decaying relation between a, and y,.. The
parameters describing that relation are free fo be non-negative. Our empirical model of
the diffusion of disruptive peer effects becomes:

yr = Botr + By L[rar > 0] + Y1Avay + 20 1[Ara > K] + ey, (10)

where Sij =0;; if §;; < w (i.e,, if 7 and j share the network component) and zero other-
wise. 3 captures the average effect of having at least one disruptive peer in the class-
room over not having any, v captures any additional effect not connected disruptive
classmates (i.e., those outside one’s network component) might have, and ~; captures
the rate at which the effect of connected disruptive peers changes depending on how far
away in the social network they are located.

3.2 Identification

There are four possible threats to the identification of causal estimates of equation
(10). First, common to most studies on peer effects, the existence of a feedback loop
in which just as student i affects student j, so j will also affect i. Second, the potential
non-random sorting of disruptive peers into classrooms within schools. Third, that peer
groups themselves may be endogenous, resulting from students’ subjective choices of
friends. Fourth, possible mechanical links between individual outcomes and peer group
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characteristics. Failing to address these concerns will deem our estimates mere correla-
tions.!? In what follows, we present an identification strategy that deals with the four
threats to the identification.

3.2.1 Exogeneity of disruptiveness We first deal with the simultaneous determination
of outcomes within a peer group, which arises as a problem in our context because dis-
ruptiveness could very well be endogenous to the classroom composition. For instance,
Sarzosa (2021) finds that the incidence of bullying is higher in classrooms where there
are more children with uncommon traits relative to those of their classmates. Therefore,
it is not possible to disentangle the effect a disruptive child has on its classmates from
the effect the classmates have on the child that becomes disruptive. We address this si-
multaneity issue by proxying peers’ disruptiveness with an exogenous measure that the
student herself cannot influence: having parents who were investigated for abuse and
neglect. In this sense, we follow Carrell and Hoekstra (2010), who proxy disruptive peers
as children who at some point experienced domestic violence. In the same way as Carrell
and Hoekstra (2010) we interpret the negative spillover in the broad sense of how some
“bad apples” in the classroom may harm the academic performance of other students.

We argue that our measure is exogenous because a feedback loop is very unlikely. For it
to exist, a child’s classmate should be able to induce abuse and neglect within the child’s
own household. We test the existence of a feedback loop by regressing the student’s own
exposure to abuse and neglect against share of male and share of female classmates that
have experienced abuse and neglect while controlling for school fixed effects (Guryan
et al., 2009). As expected, Table A.2 in the Appendix shows that there is no significant
association between the two variables.

3.2.2 Random sorting into classrooms Our second threat to identification considers
the possibility of sorting into classrooms. Here, we take advantage of the institutional
framework that administered student assignments to Swedish primary schools (grades
1 to 6) in the 1960s. In particular, students attended the nearest school in the neighbor-
hood, and tracking based on ability or background was not allowed in the first six grades
of the newly reformed comprehensive school based on the accord of the 1957 School
Committee (Husen, 1961, Paulston, 1966, SOU1961:30, 1961).!! Further, a homogenous
curriculum and a fixed number of weekly hours of instruction (34 hours in grade 4 and

10Tn particular, the third and fourth outlined identification concerns relate to the problem that Man-
ski (1993) calls ‘correlated effects’ as correlations in cognitive outcomes may indeed reflect prior similari-
ties between individuals rather than any direct peer effect of distuptiveness (contextual effect according to
Manski’s taxonomy) or its indirect effect through its influence on peers’ cognitive outcomes (endogenous
effect according to (Manski, 1993)).

1n 1960s Sweden, students attended a single-tracked comprehensive school with six years of primary
school and three years of secondary school. Primary education comprised two stages: grades 1 to 3 of lower
primary school (from age 7 to 10) and upper primary school up until completion of sixth grade (at age 13).
Formal grading of students only began in seventh grade—this substantially mitigates concerns of any in-
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35 hours in grades 5 and 6) resulted in what explicitly was called a primary school system
absent of any “organizational differentiation” of students with respect to ability or social
background (SOU1961:30, 1961). The only homogenous groupings allowed during the
first six grades of Swedish comprehensive school were special education classes for stu-
dents with special needs (Husen, 1961). We empirically show that this was the case—at
least with respect to the share of abused and neglected (A&N) students. Tables A.3 and
A.4 in the Appendix document that the share of A&N peers in the classroom and that
having at least one A&N student in the classroom are both uncorrelated with several im-
portant background characteristics (e.g., gender, being social aid recipient, birth weight,
mother’s age at birth, parent’s ownership status of the dwelling, size of the dwelling, hav-
ing older siblings) once we control for school fixed effects.

Our strategy deals with potential sorting of students into classrooms by exploiting
within-school variation in classroom composition as in the strategy originally proposed
by Hoxby (2000). The identifying assumption is that all other determinants of long-run
outcomes are orthogonal to this within-school across-classrooms variation in peers’
family circumstances and peers’ parents’ behavior. The intuition being that while a stu-
dent by chance ends up in a classroom with, say 3 percent students with abusive parents,
the student ending up in a classroom next door in the same corridor may be exposed to
6 percent of students with abusive parents. We empirically confirm that parental abuse
and neglect does not drive students’ assignment to classrooms by contrasting our ob-
served within-classroom proportion of A&N students with ones that would result from
arandom process as in Lavy et al. (2011). In a nutshell their procedure as adapted to our
context goes as follows. We randomly generate the A&N status of the students in each
school using a binomial distribution with a probability of success equal to the propor-
tion of A&N students in the school. Based on the simulated data, we then calculate the
within-school standard deviation of the proportion of A&N students. We repeat this pro-
cess 1,000 times. These simulations allow us to compute empirical confidence intervals
for the standard deviation for each school. Our Monte Carlo simulations indicate that
the observed within-school variation in the proportion of A&N peers is consistent with
arandom process—despite having much less data than Lavy et al. (2011) to implement
the procedure, as we only observe one cohort. We find that 96 percent of schools had
a standard deviation of the proportion of A&N students that fall within the 95 percent
confidence interval. Furthermore, Figure A.1 in the Appendix shows that the distribu-
tion of the within-school standard deviation of the proportion of A&N students that we
observe in our data closely follows that produced by a random process.

formal tracking of students based on ability. The government centralized school funding, and the children’s
residence determined school assignments. Swedish school districts differ very much from U.S. school dis-
tricts; their principal task is to allocate teachers across classes within the district. The catchment areas of the
school district were determined by the maximum traveling distance to the district’s lower secondary school.
Recommendations of maximum traveling distance were more restrictive for primary school students, and
hence there were typically more primary schools than secondary schools in one district (Fredriksson et al.,
2012).
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3.2.3 Dealing with endogneous friendship formation The third threat to identification
relates to the fact that people do not befriend randomly. In fact, socially generated net-
works share empirical regularities that are incompatible with random formation of links
(Jackson and Rogers, 2007). Thus, friendship formation and social networks are endoge-
nous (Carrell et al., 2013). Friendship is an active choice and, in consequence, the shape
of a given network is going to be the result of those choices. This confounding problem
is the sub-classroom analogue to the correlated effects identification issue (Lin, 2010).
We address this issue by modeling the friendship formation process using a dyadic re-
gression that is standard to the network formation literature (see the handbook chapters
of Graham (2020) and de Paula (2020) for various examples).

We assume dense networks, in the sense that the probability of any two students within
one forming a link is bounded away from zero, and model friendship link formation
based on homophily and unobserved degree heterogeneity following Graham (2017).
People with homophilous preferences tend to befriend others with similar characteris-
tics. Homophily is a common feature of human social networks (McPherson et al., 2001,
Jackson, 2010, Attanasio et al., 2012, Graham, 2017, Boucher et al., 2023). Formally, let
Zij = (Zle (zf -z JP )2)% be the distance between 7 and j in K dimensions of character-
istics. Student i befriends j if there is positive value of doing so: d;; = 1(Z;; 8z + U;; > 0),
where U;; is an unobserved component affecting link surplus. Then, homophily implies
that dyads in which Z;; is low have higher surplus implying a negative sign of 3.12

Unobserved degree heterogeneity captures another common feature of human social
networks, namely that some people make friends with greater ease than others. Using
the surplus structure proposed by Graham (2017), we write the unobserved component
contributing to the link surplus, U;;, as a function of unobserved student-level degree
heterogeneity ¢; and ¢, and an idiosynchratic component &;; drawn from a random dis-
tribution with full support, U;; = 0; + 6; + &;;. Moreover, for the networks to be dense,
we need to assume that the function Z Z’ ; Bz +0; + 0; is bounded away from zero (Johns-
son and Moon, 2021). We further assume that 7; = 6; + v; as compounded error terms
where Z;; 1 (6;,0;) and &;; L v;. Then, assuming that &;; follows a logistic distribution
and that they are independently and identically distributed across dyads, we can write

12By focusing on homophily, we shut down the other channel through which friends form clusters,
namely strategic friendship formation—that the utility an individual attaches to a particular friendship link
depends on the presence (or absence) of other links in the network (Jackson and Wolinsky, 1996, Graham,
2015). This simplifying assumption gains tractability in two ways. First, a model that incorporates strate-
gic aspects while allowing for agent heterogeneity would require panel data on networks, which we do not
have access to (Graham, 2017). Second, opening up for strategic aspects of link formation would compli-
cate the analysis considerably due to the possibility of multiple equilibria of the network formation model
(Sheng, 2020, Badev, 2021). Graham (2015) notes that a fixed effects model of degree heterogeneity is likely
to predict the link probability well even if the true link formation process happened to include strategic
aspects.
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the likelihood of observing network d as

1
1+exp(Z;;fz + 0; +05)

exp(Z;;Bz +0i + 6;)

Pr(D=d|Z,0) =
1“( | ) H 1 +€Xp(Z£jﬂZ + 6; Jr@j)

1#]

(11)
Equation (11) implies that conditional on homophily Z and degree heterogeneity 6, links
form independently.

Note that although we allow for the individual-level characteristics Z; underlying
our dyadic-level homophily variables Z;; to be correlated with the error term of the
individual-level outcome equation (10), the dyadic-level variables, Z;;, are assumed to
be uncorrelated with it, Z; Y n;. This is because individual-level characteristics affect
links through absolute values of differences | Z; — Z;|, while they affect outcomes directly.
In this sense, equation (11) provides us with instruments for the endogenous variables
in individual-level outcome equation (10) that are motivated through functional form.
The rationale for our identifying assumption is as follows. Take for instance the distance
between student i and j in health endowments at birth. If this distance is small (i.e.,
health endowments are similar), the students are more likely to be friends (d;; = 1) than
if this distance was large (i.e., if the students had little similarity in health endowments).
But conditional on school fixed effects, the distance between i and ;’s health endow-
ments should not directly affect outcomes of either  or j (i.e., the fitted link probabili-
ties satisfy the exclusion restriction). As such, the dyad-level variables are excluded from
the outcome equation that models action choices: the difference in dimensions of the
dyad-level link formation equation (11) and the individual-level outcome equation (2)
provides an exclusion restriction that relies on nonlinearities (Patacchini et al., 2017,
Hsieh and Lee, 2015). Sub-section 3.3 describes the exact instrumental variable estima-
tion strategy.

3.2.4 The Angrist critique In addition to the identification considerations described
above, we must take into account Angrist (2014)’s critique that flags for the mechani-
cal correlation that arises between own and peer characteristics in estimates relating
individual outcomes to peer group averages. Angrist (2014) shows that excluding indi-
vidual 7 from the peer group average on the right hand side (RHS) of a grouping estima-
tor only partly solves the mechanical link between both sides of the estimating equation,
and ever the less so the larger the group size. He also shows that random group forma-
tion will not help solving this spurious nature of peer effects estimated using a leave-out
grouping estimator.!3 To ameliorate this issue, we follow Angrist’s recommendation to

13 Angrist (2014) shows first algebraically that the estimated coefficient of a grouping estimator differs
by a factor of % according to whether or not student ¢ is excluded from the RHS peer group average,
meaning that the difference between the two peer group averages will become small once N is large. Angrist
(2014) goes on to show in the 2SLS framework (allowing the first stage regression to do the averaging of the
RHS), that if groups are formed randomly (i.e., if the first stage is weak), a bivariate grouping estimator that
leaves out student s from the group average would mechanically produce strong negative estimates even in
the absence of any peer effects.
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separate those who are potential subjects to the peer effects from the senders of the ef-
fect. We do so by dropping the abused and neglected students. That way, we also exclude
the analysis of the effect of abuse and neglect by own parents which is not the focus of
this paper.

3.3 Estimation

3.3.1 Link formation. To estimate equation (11), we arrange the data in dyadic form
considering the possible friendships with every other student in the classroom. We es-
timate equation (11) with a logistic regression that includes fixed-effects of the students
sending and receiving the friendship nomination intended to capture the unobserved
degree heterogeneity (we model undirected social networks), where the dyadic covari-
ate space Z;; contains variables indicating whether i and j have the same gender, have
parents with the same social aid recipient status, parents with dwelling ownership, and
father’s occupational state at the time of birth, if they lived in the same neighborhood
block in 1953, the distance between i and j with respect to two neonatal health indices.
We report the estimation results in Supplemental Appendix Table I.2. The results show
statistically significant homophily with respect to most aforementioned variables.

3.3.2 Diffusion model. In our main estimating equation (10), we instrument i’s dis-
tance to an A&N peer in i’s network component, A, a,, and the indicator function that
captures possible effects of A&N peers who are outside of i’s component, 1[A,a, > «],
with a set of predicted propensities of friendship based on homophily Z that come from
our estimations of (11). Specifically, we use two instruments: i) the probability that stu-
dent i forms a link with the A&N peer ¢, P;r(Diq =1|Ziq,0:,04), and ii) the probability that
student 4’s friends are friends with the A&N peer ¢ while i and ¢ are not friends.!# This
instrumental variable solution forms a system of three equations that we estimate using

Limited Information Maximum Likelihood estimation (LIML).

As an alternative to the LIML estimation, we propose a more parsimonious empirical
operationalization of equation (9) in which we top-code the distance to the A&N peer
of those students that are not socially connected to her. That is, we impute the distance
to the A&N peer of the disconnected students with the maximum observed distance of
those connected to the troubled peer plus one. Hence,

Al = Aya, if Aa, <k
(k+1a, ifAa,>«k

l4gee Kelejian and Piras (2014) and Konig et al. (2019) for applications that fit the complete adjacency
matrix by exploiting the same difference in dimensionality between the dyadic-level link formation model
and the outcome equation.
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That way, the estimating equation only contains one endogenous variable, namely A
yr = Botr + 61[.}1[57"3?“ > 0] + 'YlA;“ +éer,

A caveat to this top-coding approach is that it might place some of the disconnected
classmates closer to the A&N peer than they would actually be if we observed an untrun-
cated classroom network. For this reason, we consider the LIML model of equation (10)
our main estimating equation. We further deal with additional consequences of network
truncation in Section 6.1.

4. MAIN RESULTS

This section presents the main results of the model outlined in subsection 3.1.2 on the
diffusion of the negative peer effect with social distance in terms of shortest path length
within the network to the A&N peer.'® Table 2 reports the results of estimating equation
(10) using the limited information maximum likelihood (LIML) estimator and the esti-
mator that top-codes (TC) the distance to not-connected peers to the network diameter
plus one. The results show that the network architecture is an essential determinant of
the size of the negative externality exerted by troubled classroom peers. Both models
tell a consistent story: score losses caused by having an A&N peer diminish as social dis-
tance to her increases. The top panel shows that each edge away from the troubled peer
reduces the score losses by 0.49 points which corresponds to 8 percent of a SD in verbal
scores, 0.53 points (7 percent of a SD) in numeric scores, 0.47 points in spatial scores (7
percent of a SD) and 8 percent of a SD in marks at ninth grade. Thus, the direct friends
(i.e., those with a social distance equal to one edge from the disruptive peer) suffer the
greatest losses in terms of cognitive ability. The effect then dissipates following an in-
verse distance rule.

The bottom panel of Table 2 is intended to aid interpretation by reporting the estimated
effects at different values of the geodesic to the A&N peer. It shows that verbal and nu-
meric ability test scores decrease on average by roughly -1.02 (~ -1.52+0.49) points and

15In Supplemental Appendix II, we document the presence of overall negative spillovers of disruptive
peers. We estimate the average total effect using the reduced form of the typical LIMM as in Carrell and
Hoekstra (2010) and Carrell et al. (2018). Supplemental Appendix Table II.1 shows that peer abuse and ne-
glect has a significant and substantial effect on own verbal and numeric abilities in sixth grade and on GPA
in ninth grade. In general, the inclusion of one additional A&N classmate to a classroom of 20 students
decreases verbal and numeric ability in sixth grades by 3.2 percent and 3.0 percent of a SD respectively.
Our results are very much in line with the results of Carrell and Hoekstra (2010) who explore whether chil-
dren exposed to domestic violence exert negative externalities on their classmates’ math and reading test
scores for third to fifth graders in a county in Florida. In Supplemental Appendix Table II.1, we also examine
the results by gender of the peer exposed to abuse and neglect. We find that while A&N males affect their
male and female classmates, A&N females have negative externalities on other females but not on males.
Supplemental Appendix Table II.2 documents robustness to inclusion of the disruptive peers themselves.
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TABLE 2. Effects of Distance to Abused and Neglected Peers on Cognitive Scores at Ages 13 and
16, Full Sample

IQ Components at 13 Grades at 16
Verbal Numeric Spatial GPA in grade 9

TC LIML TC LIML TC LIML TC LIML

A&N in class -1.166 -1.517 0.916 -1.446 -0.688 -1.105 -0.136 -0.202
(0.462) (0.619) (0.586) (0.649) (0.524) (0.779) (0.078) (0.108)

Not connected 1.442 1.347 1.319 0.185
(0.566) (0.677) (0.781) (0.107)

Dist. to A&N 0.259 0.493 0.223 0.529 0.221 0.473 0.036 0.079
(0.122) (0.218) (0.154) (0.263) (0.138) (0.294) (0.020) (0.042)

Observations 7,464 7,464 7,464 7,464 7,464 7,464 7,101 7,101

Effect by Distance:

One edge -0.907  -1.024 -0.693 -0.917 -0.467 -0.631 -0.100 -0.123
(0.353) (0.425) (0.448) (0.427) (0.400) (0.520) (0.060) (0.070)
Two edges -0.648 -0.531 -0.470 -0.388 -0.246 -0.158 -0.064 -0.044
(0.256) (0.269) (0.325) (0.284) (0.290) (0.325) (0.043) (0.042)
Three edges -0.389  -0.039  -0.247 0.141 -0.025 0.315 -0.028 0.035
(0.190) (0.242) (0.241) (0.342) (0.215) (0.337) (0.032) (0.046)

Note: Data from Stockholm Birth Cohort Study. Sample excludes classes with less than seven students,
schools with only one class in grade 6, schools with special education classrooms and classrooms in which
no one participated in the sociometric survey. Sample restricted to individuals who were not abused and
neglected (Angrist, 2014). A&N in class takes on value one if there is a student in the classroom whose par-
ents underwent an investigation for abuse and neglect by the child protection services (CWC) that was sub-
stantiated and zero otherwise; Not connected takes on value one if the potential disruptive peer in the class-
room does not belong to the social network of the student; and Dist. to A&N stands for the path length be-
tween the student and the closest disruptive peer. All regressions include school fixed effects, a dummy for
being female, whether family receive social assistance, birth weight, mother’s age, dwelling type, dwelling
ownership and number of older siblings. Further, the estimated degree heterogeneity 6; for student i is
treated as an included instrument and is hence included in both the first stages and the second stage.
Columns labeled TC report the estimates of model in which the distance between two not-connected peers
is top-coded to be equal to the network diameter plus one. Columns labeled LIML report the estimates of
the distance model outlined in equation (10). The bottom panel reports the linear combination of the esti-
mates associated to whether there is an A&N peer in class and the distance to the closest A&N peer, when
evaluating the latter values from one to three. Standard errors, shown in parentheses, are clustered at the
school level.

-0.92 (=~ -1.45+0.53) points respectively among direct friends of A&N classroom peers.
They imply a reduction in verbal and numeric test scores by 16.8 percent of a SD and
12 percent of a SD, respectively. We find a similar pattern when analyzing the effects of
having an A&N peer on student performance (Spring term GPA) three years later in 9*"
grade. The closest friends of the disruptive peers will see their grades fall by 12.3 percent
of a SD. For the classmates not directly connected to the A&N peer, the negative effect
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on cognitive outcomes wanes as the distance increases. For instance, the friends of A&N
peer’s friends (friends of friends) suffer a decrease of -0.53 (= —1.52 + 2 x 0.49) points
in the verbal score and -0.39 points in the numeric score. Our results show that those
students who are three edges away from the A&N peer incur almost no harm of being
associated with her socially.

Although the effect of A&N peers on their classmates’ spatial ability also follows the in-
verse distance pattern, it is relatively small even for the closest friends and wanes rapidly
with distance. The A&N peers’ closest friends lose roughly 0.63 points on their spatial
scores—but the effect is statistically indistinguishable from zero. The reason behind the
effect being weaker for spatial ability may be that the spatial ability component of the
intelligence test is weighted more towards fluid intelligence. Fluid intelligence is consid-
ered less responsive to external inputs, as discussed in Section 2.

Our estimates of the effects of A&N peers on those who are socially disconnected from
them provide further evidence of the importance of the social network’s architecture in
diffusing the externality. Our results show that regardless of the outcome we measure,
not being socially connected to the A&N peer, as measured by undirected links, offsets
almost entirely the negative effect of having her in the classroom. In other words, un-
like those socially close, A&N classmates have no adverse effect on peers who belong
to a different network component. Taken together, our results indicate that A&N peers’
disruptiveness does not affect everyone equally in the sense of affecting overall learning
through interrupting during class or capturing resources from the teacher. If that was the
case, even disconnected peers would be affected. Instead, the effects of disruptiveness
concentrate on the inner social circle of the disruptive students.

Table 3 presents the subgroup analysis by gender. It shows that social closeness to an
A&N peer is more harmful to males’ language development than to that of females. Each
additional edge away from the A&N peer reduces its impact on males’ verbal scores by
0.43 points or 7 percent of a SD. On average, A&N peers’ close male friends suffer a 1.3
points decrease in their verbal score. The male friends of those friends lose 0.88 points.
The evidence of a social distance-induced fade out of a disruptive peer effect on verbal
ability is substantially weaker and statistically insignificant for females. As to numeric
ability, we find a more similar pattern of effect heterogeneity by social distance for fe-
males and males; each additional edge away from the A&N peer reduces the harm con-
ferred on males’ numeric scores by 0.49 and on females’ numeric scores by 0.63 points.
The two parameters are not statistically different form each other. The bottom panel
of Table 3 indicates that according to the LIML estimation, males lose one point due to
their A&N close friend, and their male friend who are two edges away from the A&N peer
(and thus form an intransitive triad with the former two), lose in turn 0.55 points. Female
friends of A&N students lose 0.71 points and those two edges away from the A&N peer
do not suffer a noticeable effect.
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TABLE 3. Effects of Distance to Abused and Neglected Peers on Cognitive Scores at Ages 13 and
16, By Gender

1Q Components at 13 Grades at 16
Verbal Numeric Spatial GPA in grade 9

TC LIML TC LIML TC LIML TC LIML

Males
A&N in class -1.731 -2.129  -1.131 -1.515 -1.189 -1.567 -0.105 -0.119
(0.661) (0.878) (0.881) (1.011) (0.795) (1.203) (0.117) (0.132)
Not connected 2.381 1.617 2.558 0.202
(0.831) (1.058) (1.191) (0.146)

Dist. to A&N 0.428 0.687 0.275 0.491 0.452 0.701 0.040 0.054
(0.184) (0.323) (0.245) (0.396) (0.221) (0.440) (0.033) (0.053)

Observations 3,647 3,647 3,647 3,647 3,647 3,647 3,474 3,474

Females
A&N in class -0.463 -0.708 -0.318 -1.395 -0.357 -1.044 -0.173 -0.368
(0.782) (0.818) (0.946) (1.013) (0.835) (0.938) (0.124) (0.158)
Not connected 0.506 1.388 0.756 0.278
(0.832) (1.063) (0.987) (0.154)

Dist. to A&N 0.074 0.214 0.111 0.628 0.088 0.456 0.037 0.145
(0.204) (0.311) (0.247) (0.406) (0.218) (0.363) (0.032) (0.061)

Observations 3,817 3,817 3,817 3,817 3,817 3,817 3,627 3,627

Males

Effect by Distance:
One edge -1.304 -1.442 -0.856 -1.023 -0.737 -0.866 -0.064 -0.065
(0.496) (0.587) (0.660) (0.665) (0.596) (0.802) (0.088) (0.086)
Two edges -0.876  -0.754 -0.581 -0.532 -0.285 -0.165 -0.024 -0.011
(0.349) (0.356) (0.465) (0.418) (0.419) (0.477) (0.062) (0.055)
Three edges -0.448 -0.067 -0.307 -0.041  0.167 0.536 0.016 0.044
(0.257) (0.342) (0.342) (0.471) (0.308) (0.446) (0.045) (0.066)
Females

Effect by Distance:
One edge -0.390 -0.494 -0.207 -0.766 -0.269 -0.588 -0.135 -0.223

(0.594) (0.539) (0.719) (0.648) (0.634) (0.608) (0.095) (0.103)
Two edges -0.316  -0.280 -0.097 -0.138 -0.181 -0.132 -0.098 -0.078
(0.421) (0.325) (0.510) (0.377) (0.449) (0.351) (0.067) (0.063)
Three edges -0.242  -0.067 0.014 0.490 -0.093 0.325 -0.061 0.067
(0.292) (0.336) (0.353) (0.441) (0.311) (0.375) (0.047) (0.068)

Note: Data from Stockholm Birth Cohort Study. See Table notes of Table 2 for sample restrictions, variable
definitions and control variables. Standard errors, shown in parentheses, are clustered at the school level.
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The results on spatial ability also show differences by gender. Although not statistically
significant at standard levels, our results suggest that the closest male friends of the A&N
peer lose about 0.87 points in the spatial score. Interestingly, we find a significant neg-
ative effect that persists until 9" grade only for females. We find the effect also decays
with social distance. Close female friends of the A&N peer lose around 22.3 percent of
a SD in their 9t grade marks. Female friends of friends of the A&N peer lose about 8
percent of a SD.

Taken together, these results suggest that A&N peers affect females and males differently
depending on the cognitive dimension explored. On the one hand, the sheer existence of
A&N peers affects females’ verbal test scores regardless of their gender or relative posi-
tion in the social network. On the other hand, only male A&N peers affect males and only
if they are in their inner social circle. This difference is remarkable especially consider-
ing that the set of A&N peers comprise females and males in equal proportions—being
abused and neglected depends on the parents’ and not the children’s characteristics.
Therefore, females have A&N peers in their inner circle as much as males do. Five per-
cent of males and five percent of females have at least one A&N peer among their closest
friends. Thus, despite both genders being equally well connected with A&N peers, we
observe different mechanisms affecting males’ and females’ verbal scores.

5. UNDERSTANDING THE NATURE OF THE PEER EFFECT

We have thus far explored the magnitude and the reach of the peer effect and will in
this section turn our attention towards the nature of the peer effect. In the case of dis-
ruptiveness, it is particularly important to be informed about the extent to which it is
the A&N peer’s disruptiveness that affects student’s cognitive achievement and student
performance and to which the A&N peer might affect her classmates through her own
academic achievement and student performance. In particular, we explore how the A&N
peer effect on cognitive outcomes finds its path through the classroom’s social network.
For this purpose, we return to the network version of LIMM in equation (2) and consider
it the structural formulation of the peer-effect process. The LIMM’s structure allows us to
inquire the extent to which the A&N peer affects classmates’ cognitive achievement via
her disruptiveness itself (5z, the direct contextual effect) or indirectly via the disruptive
peers’ lower cognitive outcomes (53, the indirect endogenous effect).

Identification of the structural parameters in equation (2) requires addressing two is-
sues. First, the endogeneity of G,y, (i.e., the reflection problem (Manski, 1993)). Sec-
ond, just like in Section 3, the endogeneity of friendship formation (i.e., the endogeneity
of the row-normalized adjacency matrix G,.). As we will explain in detail in Section 5.1.1,
we deal with both identification issues by exploiting the social network architecture in
each classroom. In a nutshell, we follow the joint regression framework of Johnsson and
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Moon (2021) and extend the 2SLS procedure that draws instruments for G,y, from par-
tially overlapping networks (Bramoullé et al., 2009, De Giorgi et al., 2010) by including
a control function—that relies on the unobserved social ability (6;)—to account for en-
dogenous friendship formation.

5.1 Estimating the structural LIMM

5.1.1 2SLS approach to the reflection problem As in Bramoullé et al. (2009), we use the
series expansion (I, — 3;G,) "1 =372 B’gG’; to express the reduced form as:

o0

+Ba, + (BBy+Bz) Y ByGrtla. + ) BIGIn,. (12)

k=0 k=0

__bo ,
yr 1_637T

The series expansion formulation of the reduced form LIMM in equation (12) implies
that, given linear independence of I,, G, and G? and 83 + 3z # 0, [G2a,, Gia,, ...]
are the best instruments for G,.y,. in equation (2).'® The important insight made by
Bramoullé et al. (2009) is that equation (12) delivers a first stage for a two-stage least
squares (2SLS) approach to estimating the structural LIMM outlined in equation (2)
with excluded instruments for the endogenous variable G,y, based on the identifying
power of intransitive triads (i.e., matrices I, G and G? are linearly independent). Apart
from intransitivity of friendships, another key to this approach is the exclusion restric-
tion that friends-of-friends’ characteristics (in our case, their abuse and neglect) do not
affect own cognitive achievement directly (Bramoullé et al., 2009, De Giorgi et al., 2010).
Then, the 2SLS estimator becomes

1

BQSLS = (W;Cr (C'/rCT') C?”WT‘)_l W;«Cr (C'/r'CT)_ C;«}’ry (13)

where W,. = [G,y,, a,, Gra,] and C, = [a,, G,a,, G2a,, Ga,]

5.1.2 Control function solution to homophily bias However, when friendship forma-
tion is endogenous, matrix C, is no longer orthogonal to the error term 7, because un-
observed student characteristics are potentially correlated with both friendship forma-
tion and individual outcomes. In that context, Johnsson and Moon (2021) show that one
can use a control function approach based on the unobserved degree heterogeneity 6;
that is identified in the friendship formation equation (11). They treat 6; as an individ-
ual fixed-effect that is correlated with a, (e.g., disruptive children might face difficulty
making friends), which they assume accounts for all the dependence between a,. and 7.

16To keep exposition simple, in this subsection we keep the school-level fixed-effects implicit. We do
include them in the estimation of the structural model in order to leverage on the random allocations of
students to classrooms within schools.
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Based on this assumption, Johnsson and Moon (2021) show that ¢; — E[c;|6;] is orthogo-
nal to n; — E[n;|0;]. Then, the ¢;-partialled-out instrument matrix C, = C, — E[C,|f] isa
good IV for the 0;-partialled-out regressors matrix W, = W,. — E[W..|0].

We operationalize this in a two-step procedure. First, we create a flexible function h(6;)
out of our estimates of unobserved degree heterogeneity for each student.!” Following
Johnsson and Moon (2021), we approximate h(6;) with fifth- and sixth-degree polyno-

mial sieves. From here, we go on to create C, and W, by partialling h(6;) out of every

term therein. Second, we perform a 2SLS procedure where we instrument W, with C,..
Therefore, the new 2SLS estimator becomes:

. ~/~ f2lz2 N2 =\ t=/2 /ar2\"Llar_
Breaem = (WTCT <CTCT> CTWT> Ww._.C, (CTCT> C,y, (14)

5.2 Results of the structural LIMM

In Table 4, we present the estimation results of the structural model. For each outcome,
we report the results of two different models of which the first one is the baseline 2SLS
of estimating equation (13) and the second one is the control function model (2SLS+CF)
of equation (14). Of particular interest are the estimates on verbal and numeric ability
as these are the outcomes for which we find peer effects in our diffusion model (Sec-
tion 4) and in the reduced form (Supplemental Appendix II). The findings suggest that
the mechanisms through which A&N students’ disruptiveness harms peers depend on
the dimension of cognitive ability. While the endogenous effect is larger than the direct
contextual effect in depleting verbal ability, the opposite is true for numeric ability. This
difference indicates that while A&N students’ disruptiveness affects students’ acquisi-
tion of verbal ability through the drop in the A&N peer’s verbal performance, it depletes
numeric skills directly. These findings are in line with the psychometric and pedagogical
literature showing that children exposed to richer vocabulary develop greater language
skills (Hart and Risley, 1995), while acquiring math skills is less reliant on peer social
connections and more reliant on the intrinsic ability to perform certain cognitive pro-
cesses (Purpura et al., 2017).

To further explore effect heterogeneity by gender, we construct separate adjacency ma-
trices GM and G for the classroom’s male and female networks, respectively.'® We

17Following Johnsson and Moon (2021), we use the estimates of §; that we obtain from the joint fixed
effect structure in equation (11). That is, we use the friendship formation model with undirected links.

181n theory, splitting the adjacency matrix into gender-specific matrices might violate the exclusion re-
striction of the 2SLS strategy as the omission of opposite-sex friends from the sample will censor same-sex
friends of friends linked to each other by an opposite-sex friend. However, as noted above, cross-gender
friendships are rare in our data. Thus, the gender-censoring induced bias of the estimates is likely to be
small.
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TABLE 4. Structural Estimation Results

IQ Components at 13 Grades at 16
Verbal Numeric Spatial GPAin grade 9
2SLS  2SLS+CF  2SLS  2SLS+CF  2SLS  2SLS+CF 2SLS 2SLS+CF

Gy 0.640 0.635 0.417 0.426 0.628 0.656 0.312 0.332

(0.211) (0.283) (0.238) (0.327) (0.624) (0.825) (0.364) (0.373)
a -1.266 -1.264 -1.553 -1.538 -0.866 -0.859 -29.189 -28.950

(0.317) (0.366) (0.496) (0.507) (0.344) (0.424) (5.157) (5.176)
Ga -0.329 -0.397 -1.702 -1.736 0.179 0.184 -14.836 -14.235

(0.875) (0.877) (0.895) (1.189) (1.113) (1.151) (17.519)  (16.510)

Observations 7,964 7,964 7,974 7,974 7,964 7,964 7,878 7,878

Note: Data from Stockholm Birth Cohort Study. Table present the estimates of structural model (2). The co-
efficients associated with Gy and Ga represent the endogenous and contextual components of the peer-
effects respectively. Estimations include school fixed effects. Sample excludes classes with less than seven
students, schools with only one class in grade 6, schools with special education classrooms and classrooms
in which no one participated in the sociometric survey. Standard errors in parentheses. 25LS models use
clustered standard errors at the classroom level. 2SLS+CF models use clustered at the classroom level boot-
strapped standard errors.

present the results in Supplemental Appendix III. The results in Table III.1 suggest that
the endogenous effect is an important pathway of A&N peers’ effect on males but not on
females. Furthermore, the direct effect of A&N male disruptiveness seems to substan-
tially deter numeric skill acquisition for both genders (the point estimates on females
being substantially larger, although less precise).

Interpretation of the estimates in the structural model is not straight forward. First,
the estimates are embedded in the interconnections within social clusters (i.e., friends
have friends in common) that may create a feedback loop. Second, matrix G is row-
normalized (i.e., G = diag(M)~!D) so that the interpretation of the estimates depends
on the total number friends. For instance, our estimates indicate that a student’s verbal
score drops by 0.64 if all her friends lost one point in their own verbal score. Alternatively,
she would lose 0.32 if only half of her friends lost one point in their own verbal score.
Thus, excluding feedback loops, a drop of 1.26 points in the verbal score of a student
due to her own disruptiveness results in a 0.8/m points drop in her immediate friends’
verbal scores.

To aid interpretation of the LIMM’s estimated parameters, we take a network, assign
A&N peers within it and, based on the estimated parameters and the friendship links,
let the model—and therefore, the location relative to the A&N peer—yield the expected
outcome for each individual. That way, we let the effects work their way through the
friendship loops and cliques that produce feedback. Of course, the shape of the net-
work matters in such an exercise. For this reason, we take 1,000 random draws of social
networks that, on average, match the characteristics of the average classroom in our
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FIGURE 1. Structural Model: Results From Simulations, Overall Sample
(a) Verbal Score (b) Numeric Score

Score Loss (points)
Score Loss (points)

T T T T T T T T T T T T
A&N Peer 1 2 3 4 5 A&N Peer 1 2 3 4 5
Shortest Distance to A&N Peer Shortest Distance to A&N Peer

Note: Data from Stockholm Birth Cohort Study. Figures present the score losses by the distance to an A&N
peer according to the LIMM as estimated using 2SLS+CF estimator reported in Table 4. We simulated 1000
networks in which the dyad linking probabilities were such that the networks matched, on average, the
number of edges and the clustering of the average classroom network we observe in the data. See mode
details on the simulation in Supplemental Appendix IV.

data. Specifically, we calibrate a distribution of dyad linking probabilities yielding net-
works that, in expectation, have the same density, number of edges and clustering as
the average classroom in our data. Within each draw, we randomly set two nodes in the
network to be A&N students—thus, effectively randomizing the A&N peers’ location in
the network. Using the parameters reported in Table 4, we quantify the effect inflicted
upon each node by the A&N peers. We then summarize the results of our simulations by
aggregating the effects by the distance to the closest A&N student. We present further
details of the Monte Carlo simulation in Supplemental Appendix IV.

Figures 1 present the results of the simulations for the verbal and numeric ability dimen-
sions. They show that even though the structural LIMM estimates suggest that the effects
of A&N peers on each dimension of ability go through different channels, they dissipate
at a rate proportional to the distance to the A&N peer. Confirming the results of our dif-
fusion model in Section 4, the fade-out rates are such that there is no longer a detectable
effect beyond two friendship links. The effect is larger for the A&N students themselves.
They not only suffer the direct effect of exposure to abuse and neglect (i.e., a) but also
a feedback effect that their harmed friends circle back to them. We find that the direct
contextual effect of the A&N peers on their friends (i.e., Ga) is larger for numeric ability
than verbal ability. However, the endogenous effect is smaller for numeric than for ver-
bal, and thus—in accordance with our distance model results—the effect wanes faster
for numeric than verbal ability as the social distance to the A&N peer increases.

Using a similar procedure, we also interpret the gender-subgroup estimates presented in
Supplemental Appendix Table III.1. That is, we randomly generate 1,000 networks that
in expectation, have the same density, number of edges and clustering as the average
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FIGURE 2. Structural Model: Results From Simulations, Gender-Specific Effects
(a) Verbal Score (b) Numeric Score
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-3.5- -3.54
A&N Peer 1 2 3 4 5 A&N Peer 1 2 3 4 5
Shortest Distance to A&N Peer Shortest Distance to A&N Peer

—e— Males —®— Females —e— Males —o— Females

Note: Data from Stockholm Birth Cohort Study. Figures present the score losses by the distance to a disrup-
tive peer according to the LIMM as estimated using 2SLS+CF estimator reported in Supplemental Appendix
Table III.1. We simulated 1000 networks in which the dyad linking probabilities were such that the networks
matched, on average, the number of edges and the clustering of the average classroom network we observe
in the data. See mode details on the simulation in Supplemental Appendix IV.

classroom in our data. We randomly select two nodes to be A&N students. We assume
that nodes are evenly distributed by gender and randomize both the network location
and the gender of the A&N nodes. We plot the simulation results aggregated by the dis-
tance to the A&N node of the same gender in Figures 2. In congruence with the gender-
specific distance results presented in Table 3, Figures 2 show that while the effects on
verbal ability dissipate throughout the network differently for females and males, the
treatment propagation on numeric ability seems to be more similar across genders. In
particular, a male friend of the friend of a male A&N peer still loses some verbal score
points, while this peer effect does not reach friends of friends of a female A&N peer. As
to numeric ability, although A&N females lose more than their male counterparts, and
exert a greater externality for their friends, the gender difference is leveled for the friends
of the A&N peer’s friends.

5.3 Counterfactual policy exercises

Taking advantage of the structural results, we consider two counterfactual scenarios that
evaluate possible policy interventions. First, in the spirit of Diaz et al. (2021), we remove
one A&N peer from the classrooms (we call this counterfactual “One A&N less”). This can
be seen as a social intervention that reduces abusive behaviors in parents (e.g., reduc-
tion in the incidence of alcoholism in adults). Second, we consider a case where policy
makers want to reduce the cognitive achievement losses due to the presence of A&N
peers. They are faced with two alternatives: a) target resources on the A&N peers (e.g.,
hire tutors or organize counseling for the A&N peers), and b) spread out the same re-
sources across all members of the classroom (i.e., use the same amount of tutoring or
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counseling hours but divided equally among all classmates).'” To operationalize these
alternatives, we consider a typical 22-student classroom with two A&N peers. For a), the
policy maker considers a remedial intervention like the one described in Ozek (2021),
who finds that having under-performing middle school students take a reading reme-
dial class in addition to their normal course load boosts their scores by 11 percent of a
SD relative to similarly-skilled ineligible students (we call this counterfactual “ Remedial
A&N only"). As a comparison, in b), the policy maker “subsidizes” achievement of all 22
students by a 0.5 percent of a SD improvement relative to a no-intervention scenario
(we call this counterfactual “ Remedial All").?° We think of this scenario as an interven-
tion where all students get one tutoring session per-month as opposed to enrolling on
a full course like in the “Remedial A&N only” option. Our key assumption in order to
be able to compare them is that the score returns to a dollar spent are linear and equal
across students.

Each line in Panel A of Figure 3 reports the score losses by distance to the closest A&N
peer for each counterfactual scenario. Panel B of Figure 3 represents the corresponding
total score losses relative to the actual loss based on our baseline results of the structural
model. Each line and bar are the results of 1,000 simulations under each counterfactual
scenario. We also present the actual effects estimated in our structural model for com-
parison. The figures show that, among the three proposed policies, the one reducing the
number of A&N students in the classroom has the smallest impact in palliating the nega-
tive effect of A&N peers. At face value, it might seem counterintuitive. However, note two
important features of our setting. First, children at this age almost exclusively befriend
children of the same gender (Stehlé et al., 2013)—in our data, 97 percent of friendship
nominations are within gender. Second, A&N students are roughly evenly split across
genders, a pattern coming directly from the circumstance that parental abuse and ne-
glect is equally prevalent among parents of daughters and sons. Therefore, dropping one
of the two A&N students from the classroom implies that it is likely that students from a
different gender than the removed student will remain connected to the remaining A&N
student. Thus, the students closest to the remaining A&N peer are largely unaffected.
The total effects’ small relative reductions of 10.3 and 9.6 percent for verbal and numeric

19We refrain from considering policies based on allocative designs (e.g., equalizing the share of disruptive
peers across classes) as such prescriptions would require knowledge about the presence of social multipli-
ers, the identification of which is not straightforward. Some research has equated the endogenous effect
with a social multiplier. However, recent literature has shown that a significant non-zero coefficient of 33
need not be evidence of a social multiplier (Bramoullé et al., 2020, Boucher and Fortin, 2016).

20We consider the 0.5 percent shift to be an upper bound. Swedish statistics indicate that the average
per-pupil cost of a school year is SEK 67,000. If we consider that 6t" grade students take 10 subjects in a
school year (e.g., Swedish, English, math, science, social studies, etc.) and that the average classroom has
two A&N peers, then the “Remedial A&N only” policy would spend SEK 609 ((67,000 x 2)/(10 x 22)) per-
pupil. That represents 0.91 percent of the per-pupil yearly cost of a student. Estimates using Swedish data
contemporaneous to ours indicate that the causal effect of an extra year of schooling on scores amounts to
17 percent of a SD (Meghir et al., 2013). Thus, a subsidy of SEK 609 can buy a boost in scores of about 0.155
percent (0.91% x 17%) of a SD for everyone in the classroom. That is less than a third of the 0.5 percent of
SD shift in scores that we use in our simulation exercises.
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FIGURE 3. Counterfactual Policy Exercises

Panel A. Structural Results: Effect of A&N in Classroom by Distance to Peer
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Note: Data from Stockholm Birth Cohort Study. Figure 3 presents the score losses by the distance to an
A&N peer according to the LIMM as estimated using 2SLS+CF estimator reported in Table 4 under different
counterfactual scenarios. 1. Actual Effect (blue line), replicating our original results. 2.0ne A&N less (red
line), remove one A&N student from the classrooms. 3. Remedial A&N only (green line), boosting scores of
A&N students by 11 percent of a SD. 4. Remedial All (yellow line), “subsidize” achievement of all 22 students
so that each increases it by 0.5 percent of a SD. We simulated 1000 networks in which the dyadic linking
probabilities were such that the networks matched, on average, the number of edges and the clustering of
the average classroom network we observe in the data. See mode details on the simulation in Supplemental
Appendix IV. Panel A presents the effects by distance to the closest A&N peer for verbal ability (Sub-figure
3a) and numeric ability (Sub-figure 3b) and Panel B presents the aggregate losses at the classroom level.

scores result from eliminating feedback loops where the two A&N peers were close to the
same social groups. The largest relative effect reduction is in the counterfactual scenario
where A&N students get remedial classes and boost their scores by 11 percent of a SD.
It reduces the total effect by 43.4 percent in verbal and 32.9 percent in numeric ability.
Panel A of Figure 3 shows that most of the effect reductions achieved by the targeted
policy come from the score losses avoided among the A&N students themselves. It also
shows that the direct friends of the A&N student also benefit from the intervention, in


http://qeconomics.org

Quantitative Economics Effects of Disruptive Peers 31

particularly their verbal score. Finally, we show that subsidizing all students’ scores by
0.5 percent of a SD reduces the total effect of having A&N peers by 22 percent in verbal
and 14.4 percent in numeric scores. This policy shifts very little the effect for the affected
peers, and it is, in fact, regressive, as those who face no negative impact from the A&N
peers (i.e., those three friends away) see their scores improve.

6. ROBUSTNESS

6.1 Missing links

The observed networks in our data are likely to suffer from mismeasurement. The num-
ber of links per student (i.e., edges per node) is top-coded in the sense that students can
only nominate a maximum of three friends. We observe that roughly 60 percent of the
students nominated three friends, suggesting that many would have nominated more
had they had the chance to do so. Potential link censoring leads to the concern that dis-
tances to A&N peers might be shorter than observed and that some of the observed net-
work components may be disjoint due to link censoring (Kossinets, 2006). Missing links
due to top coding might lead us to incorrectly identify triads as intransitive when in real-
ity, they are transitive. That may be problematic for identifying the structural parameters
of the LIMM based on intransitive triads (Blume et al., 2015). Chandrasekhar and Lewis
(2016) and Griffith (2022) show that censoring of networks either due to missing nodes
or missing edges can lead to bias in the linear-in-means model and the reduced-form
representation of it. While the two aforementioned studies offer constructive solutions
to link censoring they are not particularly suitable for our application since they would
require an uncensored subsample or at least certainty of uncensored nodes.?!

In order to assess how sensitive our results are to network truncation we use the simu-
lated data approach proposed by Patacchini et al. (2017) by artificially creating friend-
ship links. First, we add one friend (i.e., a friendship nomination) to every student whose
number of friends was top coded. We assign that link to the classmate with the closest
Z vector who is currently not her friend. Second, we assign the link to a friend’s friend
who is currently not her friend. Third, we assign the link to a classmate who is currently
not her friend but lives in the same neighborhood block. Finally, we add one friendship
nomination to every student who nominated three friends and has an estimated degree
heterogeneity above the 50th percentile. As with the first approach, we assign the link to
the classmate with the closest Z vector who is currently not her friend.

2lCertainty of the absence of censoring cannot be established by dropping all top coded individuals since
some 7 percent of the students in the classrooms did not participate in the sociometric survey. Nominations
to non-participants are not observed.
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Supplemental Appendix Table V.2 tests how sensitive our distance results in Table 2
are to the network truncation issue by extending the observed networks following the
four hypothetical scenarios listed above. It indicates that our results are robust to those
changes in the networks. Similarly, in Supplemental Appendix Table V.3, we inquire how
robust our structural estimates are to network truncation. The results remain remark-
ably robust.

In Supplemental Appendix VII, we revisit the attrition of retained students discussed
in Section 2. We probe its impact by running simulations in which we take the A&N
children of the 1953 cohort that are not in the right grade for their age, randomly assign
them to 1953-cohort classrooms, and synthetically link them to friends. We find that
the negative relation between the size of the peer effect and distance to the A&N peer
remains robust to recovering the attrited A&N retained students.

6.2 Exclusion restriction of the link formation regression

As discussed in Section 3.2 and Supplemental Appendix I, the identification hinges on
the assumption that links are determined by a dyadic model (i.e., homophily variables
are defined at the dyad-level for each i, j cell in the adjacency matrix) whereas the out-
comes are determined at the individual level and hence the dyadic variables must be
excluded from the outcome equation of individual . Further, we construct our dyadic
variables using arguably exogenous variables, namely prebirth and perinatal character-
istics and family characteristics at birth. Nonetheless, how similar one is to one’s class-
mates may both influence the likelihood of making friends and directly influence the
outcome. We address this concern by running an informal test of the exclusion restric-
tion that is based on the idea that the stability of the coefficients to observed character-
istics is symptomatic of the stability to unobserved characteristics (Altonji et al., 2005,
Hsieh and Kippersluis, 2018). We add to our main specification (10) the leave-out mean
ﬁ >_jier 2ij for each z that yields binary homophily variables. This measures the
shares of classmates (or alternatively friends) who have the same value as i on the data
that we use in the link formation model.?? This way, we control for measures indicating
how typical student i is relative to her classmates. The results reported in Supplemen-
tal Appendix Table V.1 show remarkable stability relative to the benchmark estimates of
our main specification in Table 2. These results indicate that (dis)similarities between
classmates do not affect the peer effect.

22Hsieh and Kippersluis (2018) control for aggregate (not average, as we do) differences between the
individual and her friends in their local aggregate model (instead of a local average model).
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6.3 Placebo treatment analyses

To test whether our estimates report spurious relationships, are driven by peculiarities
in the data, or model mispecification, we implement placebo treatment analyses. We
performed 1,000 iterations where we randomly assigned students the A&N status, re-
calculated our explanatory variables based on the new (fake) A&N peers, and estimated
each of our models for the numeric and verbal scores. We then collect the estimated pa-
rameters and plot their distributions in Supplemental Appendix Figures V.1. They show
that for both outcomes, the distribution of the estimated parameters are, as expected,
tightly centered at zero. Furthermore, Supplemental Appendix Figures V.1 show that our
actual estimates are on the tails of these placebo-coefficient distributions. In particu-
lar, in the estimations regarding verbal ability, our estimated coefficients would be in
the top-1 percent (Distance to A&N) or bottom 1 percent (A&N in class) of the placebo-
coefficient distributions. Similarly, our estimated coefficients for numeric ability would
be in the top-5 percent (Distance to A&N) or bottom 5 percent (A&N in class) of the
placebo-coefficient distributions. These results indicate that the relationships we have
identified between the location of the A&N peer and the size of the negative externality
are genuine and not due to chance, modelling choices, or estimation flukes.

6.4 Falsification regressions

To further test whether it is our exogenous variation in the treatment (i.e., exposure to
disruptive peers) that drives the results of our main specification reported in Table 2,
we run a falsification test of our distance model (10) using the following predetermined
placebo outcomes that could arguably not have been affected by one’s A&N peers in
sixth grade: the duration of mother’s postpartum stay (days) after the cohort member’s
birth, height at birth, number of rooms in the apartment as of 1960, number of house-
hold members as of 1960, an indicator variable for own father having a white collar oc-
cupation. Although perhaps more tenuous than the aforementioned placebo outcomes,
the cohort member’s own height measured at enlistment (age 19) should arguably be
resilient to abused and neglected peers. Supplemental Appendix Table V.4 shows no ev-
idence of distance to the A&N peers having an effect on the placebo outcomes. These
null results lend further support to the treatment being the driver of our main estimates
and not alternative processes related to selection or classroom manipulation by parents.
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7. CONCLUSIONS

This study analyzes the diffusion of the negative externalities generated by parentally
abused and neglected classroom peers. In the first part of the paper, we propose a par-
simonious empirical model on the diffusion of classroom externalities, which captures
the idea of a fade-out of the peer-effect as it progresses away from its source through the
classroom’s social network. Friends of the abused and neglected peer face substantially
stronger adverse effects on cognitive outcomes than those who are more remotely con-
nected to her. Our results show that being three friends (as measured by path length)
away from the abused and neglected peer is equivalent to not having her in the class-
room at all. These findings suggest that parentally abused and neglected peers do not
uniformly impede everyone’s learning and cognitive development. Rather, their experi-
ences of abuse and neglect, externalizing behavior, and worse academic achievement
imprint negative spillovers primarily on their closest friends. These spillovers dissipate
quickly as the path length to the peer increases.

In the second part of the paper, we estimate the structural parameters of the LIMM using
methods that help to overcome the reflection problem, thus providing a way to under-
stand the nature of the peer effect. We find that, even though the students’ losses in
verbal and numeric abilities caused by abused and neglected peers have similar fade-
out rates as path length increases, the nature of the effects through which those losses
materialize differ. While abused and neglected students’ disruptiveness affects peers’
acquisition of verbal ability through the drop in the former’s verbal performance, it de-
pletes numeric skills directly.

Understanding the nature of the disruptive peer effects at work in the classroom has im-
portant implications for the design of policy responses. Our results suggest that while
disruptiveness generally does not affect the learning process of every classmate (e.g.,
stopping class, diverting resources to the disruptive peer), it does significantly harm the
cognitive acquisition of the disruptive peer as well as her social circle. Our counterfac-
tual policy experiments show that interventions aimed at reducing the negative con-
sequences of parentally abused and neglected peers should therefore specifically target
the student in question and her immediate friends. Class-wide interventions are accord-
ingly less efficient, as some resources would be devoted to students who are not affected
by the disruptiveness.
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APPENDIX

TABLE A.1. The Association between Abuse and Neglect and Own Achievement and Behavioral
Outcomes during Adolescence

Cognitive measures & educational attainment

IQ Components at 13 Yearsof  Drop out of Any post
Verbal Numeric  Spatial  education highschool  secondary
Abused & -2.361 -2.498 -1.468 -0.667 0.147 -0.086
Neglected (0.243) (0.301) (0.267) (0.081) (0.019) (0.013)
Observations 11,434 11,444 11,431 11,476 11,476 11,476
Acting out during adolescence (Child Welfare Committee reports)
Adjustment
problems Drugs  Violence Vandalism  Drinking  Delinquency

Abused & 0.084 0.063 0.035 0.011 0.049 0.108
Neglected (0.012) (0.010) (0.009) (0.006) (0.010) (0.014)
Observations 12,047 12,047 12,047 12,047 12,047 12,047

Note: Data from Stockholm Birth Cohort Study. f Adjustment problems refers to adjustment problems at
home (e.g., running away), at school (truancy), or attempted suicide. The OLS regressions includes school
fixed effects and gender controls. Robust standard errors in parentheses.
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TABLE A.2. Exposure to Abused and Neglected Peers and Own Parental Abuse and Neglect

Dependent variable:
Own parental abuse & neglect
Coefficient  Standard error

Percent abused & neglected male peers -0.019 (0.116)
Percent abused & neglected female peers 0.067 (0.104)
Observations 7,995

Note: Data from Stockholm Birth Cohort Study. Sample excludes classes with less than seven
students, schools with only one class in grade 6, schools with special education classrooms
and classrooms in which no one participated in the sociometric survey. Robust standard er-
rors in parentheses clustered at the school level. Following Guryan et al. (2009).
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TABLE A.3. Balancing Test with Continuous Exposure: Fraction of Disruptive Peers and Own
Characteristics

Social aid Birth Mother’s
Gender receipt weight age at birth
1) ) 0y)] 2 1 2) 1) 2)
Share of A&N peers in class
All -0.001  -0.001 0.029 0.002 -0.036  -0.009 0.005 0.001
(0.002) (0.001) (0.007) (0.003) (0.018) (0.014) (0.003) (0.001)
Male 0.001 0.000 0.014 0.001 -0.008 0.000 0.002 0.000
(0.001) (0.001) (0.003) (0.002) (0.012) (0.010) (0.001) (0.001)
Female -0.002  -0.001 0.016 0.001 -0.028  -0.009 0.003 0.000
(0.001) (0.001) (0.004) (0.002) (0.011) (0.009) (0.002) (0.001)
School FE N Y N Y N Y N Y
Observations 7,549 7,549 7,549 7,549 6,091 6,091 6,255 6,255
Owner of Dwelling Older
dwelling size siblings
1) 2) ) ) 1) )
Share of A&N peers in class
All -0.020 0.004 0.034 0.029 0.000 -0.001
(0.004) (0.002) (0.003) (0.003) (0.001) (0.001)
Male -0.008  0.002 0.018 0.015  -0.001 -0.001
(0.003) (0.001) (0.002) (0.002) (0.001) (0.000)
Female -0.012  0.002 0.017 0.015 0.000 0.000
(0.003) (0.001) (0.002) (0.002) (0.001) (0.000)
School FE N Y N Y N Y
Observations 7,549 7,549 7,549 7,549 7,549 7,549

Note: Data from Stockholm Birth Cohort Study. Each table entry reports the slope coefficient from a sepa-
rate OLS regression in which the dependent variable is share of A&N peers in class and the individual-level

explanatory variable in columns. Sample excludes classes with less than seven students, schools with only

one class in grade 6, schools with special education classrooms and classrooms in which no one partic-
ipated in the sociometric survey. Sample restricted to individuals who were not themselves abused and
neglected (Angrist, 2014). Robust standard errors in parentheses clustered at the school level.
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TABLE A.4. Balancing Test with Binary Exposure: Exposure to at Least One Disruptive Peers and
Own Characteristics

Social aid Birth Mother’s
Gender receipt weight age at birth
ey 2) 1) @) Y] 2) ey 2)
At least one A&N peer in class
All -0.018  -0.009 0.158 -0.001 -0.224  -0.083 0.006 -0.009
(0.014) (0.009) (0.027) (0.015) (0.125) (0.109) (0.016) (0.010)
Male 0.002 0.000 0.135 0.004 -0.056  -0.020 0.009 -0.001
(0.014) (0.011) (0.035) (0.016) (0.135) (0.120) (0.019) (0.011)
Female -0.022  -0.016 0.143 -0.005 -0.348 -0.129 0.018 0.001
(0.013) (0.008) (0.028) (0.018) (0.122) (0.097) (0.016) (0.009)
School FE N Y N Y N Y N Y
Observations 7,549 7,549 7,549 7,549 6,091 6,091 6,255 6,255
Owner of Dwelling Older
dwelling size siblings
1) ) (1) ) ey )
At least one A&N peer in class
All -0.113  0.056 0.384 0.319 0.000 0.003
(0.041) (0.024) (0.032) (0.031) (0.007) (0.005)
Male -0.081 0.025 0.279 0.224 -0.006  -0.007
(0.039) (0.022) (0.028) (0.024) (0.007) (0.005)
Female -0.100 0.049 0.245 0.199 0.002 0.007
(0.037) (0.021) (0.028) (0.029) (0.007) (0.005)
School FE N Y N Y N Y
Observations 7,549 7,549 7,549 7,549 7,549 7,549

Note: Data from Stockholm Birth Cohort Study. Each table entry reports the slope coefficient from a sepa-
rate OLS regression in which the dependent variable is a binary variable indicating whether the class has at
least one A&N student and the individual-level explanatory variable in columns. Sample excludes classes
with less than seven students, schools with only one class in grade 6, schools with special education class-
rooms and classrooms in which no one participated in the sociometric survey. Sample restricted to individ-
uals who were not themselves abused and neglected (Angrist, 2014). Robust standard errors in parentheses
clustered at the school level.
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FIGURE A.1. Actual and Simulated Within-school Standard Deviation in the Proportion A&N
Students

20+

151

10

——

0 0.05 0.1 0.15 0.2
Within-school standard deviation of the proportion of A&N students

= Actual = Simulated

Note: The figure shows the observed and simulated distributions of the within-school standard
deviations of the classroom proportion of A&N students as in Lavy et al. (2011). We obtain the
simulated distribution by randomly generating the A&N status of the students in each school
using a binomial distribution with a p equal to the proportion of A&N students in the school.
Using the simulated data, we calculate the within-school standard deviation of the classroom
proportion of A&N students. We repeat this procedure 1,000 times. Vertical lines indicate the
mean of each distribution.
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I. LINK FORMATION REGRESSION RESULTS
TABLE I.1. Summary Statistics of the Homophily Variables

Variable Mean Std.Dev. Observations
Female 0.512 0.500 7,995
Parents social aid recipients 0.118 0.322 7,995
Owner of dwelling 0.181 0.385 7,995
Death of a sibling (pregnancy or postpartum stay)  0.160 0.367 6,480
First pregnancy 0.387 0.487 6,480
Prenatal care by doctor 0.425 0.494 6,470
Natal health 1 -0.018 1.399 6,275
Natal health 2 -0.006 1.297 6,275

Father’s Occupational Status in 1953

Upper & upper middle class 0.146 0.354 7,777
Middle class 0.336 0.472 7,777
Lower middle class 0.064 0.245 7,777
Skilled workers 0.280 0.449 7,777
Unskilled workers 0.173 0.378 7,777

Note: Data from Stockholm Birth Cohort Study. Sample excludes classes with less than seven students, schools
with only one class in grade 6, schools with special education classrooms and classrooms in which no one
participated in the sociometric survey. Natal Health 1 and Natal Health 2 are health endowment indices that
consolidate information on prenatal and perinatal health of the child that comes from birth records in 1953.
They are the first two principal components of a system of measures that include: mother’s age at birth, hos-
pital delivery, length of postpartum hospital stay, pre-eclampsia during pregnancy, other health conditions
during pregnancy, anemia during pregnancy, fever during delivery, C-section, whether the delivery was facil-
itated by forceps, birthweight, and length at birth. Natal Health 1 and Natal Health 2 collect 14 percent and
12.3 percent of the measurement system variation respectively.

We estimate the link formation equation (11) of the main text with a joint maximum
likelihood estimator proposed by Graham (2017) that identifies the unobserved hetero-
geneity of the sender i and receiver j jointly. The observed dyadic covariate space Z;;
contains variables indicating whether i and j have the same gender, have a mother who
received prenatal care by a physician during pregnancy, their fathers had the same SES
in 1953, they lived in the same neighborhood block in 1953}, both families owned their
dwelling, and both households received social aid between 1953-1959. Z;; also contains
the dyadic distances between ¢ and j in two health endowment indices that summarize

1We use Statistics Sweden’s most granular neighborhood classification available in SBC for year 1953 (See
Codebook III, available in the replication package of Santavirta and Sarzosa (2025)). For the individuals who
were born outside of Stockholm county but still belonged to the sampling frame (i.e., in-movers who lived in
Stockholm as of 1963), we replaced neighborhood in 1953 with neighborhood in 1963. In total, our analytic
sample contains students from 375 different neighborhoods.


http://qeconomics.org

Quantitative Economics Effects of Disruptive Peers 3

their prenatal and perinatal health based on information from the birth records (i.e.,
Neonatal health 1 and Neonatal health 2).? Modeling link formation between individ-
uals i and j based on the utility derived from similarity in observed and unobserved
characteristics is common identification strategy to deal with endogeneity in peer ef-
fect studies (Goldsmith-Pinkham and Imbens, 2013, Hsieh and Lee, 2015, Graham, 2017,
Patacchini et al., 2017, Johnsson and Moon, 2021, Auerbach, 2022). The predetermined
dyadic-level regressors are arguably excluded at the dyad-level from the outcome equa-
tion. For example, the distance in health endowments between student ; and j does af-
fect the probability of forming a link (d;; = 1) (as seen in Table 1.2) but at the dyad-level,
it does not affect i’s of j's outcomes. Hence, the identification comes from exclusion re-
strictions through functional form (Hsieh and Lee, 2015).

2See the descriptive statistics of the characteristics included in Z;; as dyad-specific variables in Table I.1
in this Supplemental Appendix.
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TABLE I.2. Probability of Link Formation Between Two Classmates

Dependent variable: Link btw i and j: d;;

Homophily in terms of similarity: 1{Z; = Z;]

Death of a sibling (pregnancy or postpartum stay) 0.001
(0.02)
First born 0.096
(3.06)
Prenatal care by doctor 0.043
(1.36)
Same gender 4.097
(85.56)
Social aid receipients 0.317
(6.11)
Owner of dwelling 0.196
(4.49)
Father’s occ status, 1953 0.044
(1.52)
Neighborhood 0.278
(4.86)

Homophily in terms of distance: | Z; — Z ;|

Natal health index 1 0.003
(0.90)
Natal health index 2 -0.008
(-2.15)
Observations 92,287

Note: Data from Stockholm Birth Cohort Study. Sample excludes classes with less than seven students,
schools with only one class in grade 6, schools with special education classrooms and classrooms in which
no one participated in the sociometric survey. We further exclude classrooms in which no one participated
in the sociometric survey. We model undirected links and estimate a fixed-effect logit regression where the
dependent variable d;; takes on value one if s nominated j or j nominated i, i.e., dj; = 1 (and zero oth-
erwise). All variables in the top panel are indicator variables taking on value 1 if : and j take on the same
value on the underlying binary dummy Z. Homophily would imply positive signs of the coefficients of these
sameness variables. The two variables in the bottom panel measure the difference in the continuous values
of the underlying covariates Z. Homophily would imply negative signs of the coefficients of these distance
variables. The number of observations (i.e., potential undirected links) in the dyadic-level data used in the
regression contains 92,287 observations that stem from a sample of 7,995 unique students. The model in-
cludes joint fixed effects (sender ¢ and receiver j). Address53 is the individual’s neighborhood of residence
at birth at the precision of block in many cases. The students in the analytic sample lived in 375 different
neighborhoods in 1953. Dummies to control for missing values at the student level are included. Their co-
efficients are provided upon request. ¢-statistics in parentheses.
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II. THE PRESENCE OF A SOCIAL EFFECT OF DISRUPTIVE PEERS

In this appendix, we empirically document the presence of a social effect in our con-
text of spillovers of disruptive peers. Here, we estimate the average total effect using the
reduced form of the LIMM. The scholastic achievement of students in classroom r in
schools s (y,s) is given by:

Yrs = +yJrsars + BXps + As + €. (1)

where J,.s = (nps — 1)~ (tn, s}y, — In,,) is a school-level block-diagonal matrix contain-

ing in each block the classroom-level leave-one-out mean operator, ¢y, is a vector of
ones of size n,s, a,s is a dummy variable indicating whether the students’ parents were
investigated by the child protection services for abuse and neglect, and X, ; is a matrix of
exogenous and predetermined controls including gender, whether family receive social
assistance, weight at birth, mother’s age, dwelling type, dwelling ownership and num-
ber of older siblings. A5 collects school-level fixed-effects. The parameter of interest is v,
which links the proportion of disruptive classmates with own scholastic achievement.?

3In this conventional empirical model of social effects, ~ is the reparametrization of the composite pa-
rameter (I, — 35J,) !Bz in the reduced form LIMM.
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TABLE II.1. Effects of Abused and Neglected Peers on Cognitive Scores at Ages 13 and 16

IQ components at 13 Grades at 16
Crystallized Fluid
intelligence intelligence
Verbal Numeric Spatial GPAin grade 9
Share of A&N peers in class
Overall effect -3.887 -4.881 -1.275 -43.600
(1.976) (2.275) (2.383) (20.496)
Observations 7,549 7,549 7,549 7,182
Share of A&N peers in class
Effect on males -2.262 -3.848 0.132 -12.936
(2.328) (2.539) (2.783) (23.889)
Effect on females  -5.432 -6.217 -2.995 -70.876
(2.253) (2.813) (2.560) (23.370)
Observations 7,549 7,549 7,549 7,182

Share of male A&N peers in class

Effect on males -6.039 -10.515 -0.761 -39.375
(3.722) (4.625) (4.608) (43.817)

Effect on females -6.893 -5.901 -4.417 -77.117
(3.110) (4.342) (3.801) (37.649)

Observations 7,549 7,549 7,549 7,182

Share of female A&N peers in class

Effect on males 1.047 1.269 1.427 15.112
(2.993) (3.893) (3.742) (33.386)

Effect on females  -5.082 -7.227 -2.563 -80.898
(3.501) (3.891) (3.721) (32.389)

Observations 7,549 7,549 7,549 7,182

Note: Data from Stockholm Birth Cohort Study. Sample excludes classes with less than seven students,
schools with only one class in grade 6, schools with special education classrooms and classrooms in which
no one participated in the sociometric survey. Sample restricted to individuals who were not abused and
neglected themselves (Angrist, 2014). Key explanatory variables are the fraction of students in the class-
room whose parents underwent an investigation for abuse and neglect by the child protection services
(CWCQ) and its interaction with a dummy for student  being female. Apart from the dummy for being fe-
male, all regressions include school fixed effects, whether family receive social assistance, weight at birth,
mother’s age, dwelling type, dwelling ownership and number of older siblings. Standard errors, shown in
parentheses, are clustered at the school level.
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Table II.1 shows that peer abuse and neglect is associated with a significant and substan-
tial effect on own verbal and numeric components of the intelligence test (henceforth,
verbal and numeric ability) in sixth grade and on GPA in ninth grade (see the estimations
including the A&N students and controlling for own A&N status in Table I1.2). In general,
the inclusion of one additional A&N classmate to a classroom of 20 students decreases
verbal and numeric ability in sixth grades by 0.19 (= 0.05 x 3.887) and 0.24 (= 0.05 x 4.881)
points respectively. The estimates amount to negative changes of 3.2 percent and 3.0
percent of a standard deviation (SD) in their respective scales. The average detrimental
effect on cognitive achievement is larger among girls than among males. Our estimates
imply that adding one more A&N peer to a classroom of 20 students decreases girls’ ver-
bal and numeric ability scores by 3.9 percent and 4.3 percent of a SD respectively. The
fourth column in Table II.1 indicates that these effects on girls’ cognitive ability linger
enough to affect their school grades three years later by 5 percent of a SD.

Our results are very much in line with the results of Carrell and Hoekstra (2010) who use
a similar reduced-form empirical strategy to explore whether children exposed to do-
mestic violence exert negative externalities on their classmates’ math and reading test
scores for third to fifth graders in one county in Florida. Our estimates, ranging between
3 percent and 4 percent of a SD, are in the same order of magnitude as what they docu-
ment (i.e., 2.5 percent of a SD).

When examining the heterogeneity of these results by gender of the peer exposed to
abuse and neglect, we find that while A&N males affect their male and female class-
mates, A&N females have negative externalities on other females but not on males. For
instance, the inclusion of an additional A&N male student to a classroom of 20 students
decreases other males’ numeric ability by 6.9 percent of a SD and females’ numeric
ability by 3.9 percent of a SD. This contrasts with the effect of the inclusion of an ad-
ditional A&N female student to a similar classroom, which will have no significant effect
on males’ numeric ability, but would have a negative effect of 4.8 percent of a SD on
other females’ numeric ability.
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TABLE II.2. Effects of Own A&N and A&N Peers on Cognitive Scores at Ages 13 and 16

1Q components at 13 Grades at 16
Crystallized Fluid
intelligence intelligence
Verbal = Numeric Spatial GPAin grade 9
Share of A&N peers in class
Own A&N -1.156 -1.295 -0-595 -19.538
(0.249) (0.414) (0.317) (4.047)
Share of A&N -3.870 -4.442 -1.929 -37.795
(1.915) (2.164) (2.346) (18.549)
Observations 7,995 7,995 7,995 7,592
Share of A&N peers in class
Own A&N -1.146 -1.291 -0.584 -19.439
(0.250) (0.408) (0.305) (4.026)
Share of A&N xMale -2.242 -3.764 -0.020 -9.050
(2.255) (2.438) (2.684) (23.082)
Share of A&NxFemale  -5.396 -5.385 -4.024 -62.670
(2.157) (2.619) (2.577) (20.877)
Observations 7,995 7,995 7,995 7,592
Share of male A&N peers in class
Own A&N -1.153 -1.299 -0.582 -19.449
(0.248) (0.402) (0.301) (4.060)
Share of A&N xMale -6.942 -10.510 -0.739 -37.491
(3.488) (4.340) (4.242) (40.275)
Share of A&NxFemale  -7.617 -6.023 -5.208 -66.364
(2.985) (4.144) (3.683) (34.723)
Observations 7,995 7,995 7,995 7,592

Share of female A&N peers in class

Own A&N -1.106 -1.241 -0.572 -19.181
(0.248) (0.406) (0.305) (4.016)
Share of A&N x Male 1.946 1.505 1.318 20.631
(2.870) (3.634) (3.760) (32.770)
Share of A&N x Female -4.301 -5.235 -4.098 -73.748
(3.357) (3.642) (3.886) (27.804)
Observations 7,995 7,995 7,995 7,592

Note: Data from Stockholm Birth Cohort Study. Sample excludes classes with less than seven students, schools with only one
class in grade 6, schools with special education classrooms and classrooms in which no one participated in the sociometric sur-
vey. Note that the sample includes the individuals who were not abused and neglected themselves. Key explanatory variables
are a dummy for own exposure to abuse and neglected, the fraction of students in the classroom whose parents underwent
an investigation for abuse and neglect by the child protection services (CWC) and its interaction with a dummy for student i
being female. Apart from the dummy for being female, all regressions include school fixed effects, whether family receive so-
cial assistance, weight at birth, mother’s age, dwelling type, dwelling ownership and number of older siblings. Standard errors,
shown in parentheses, are clustered at the school level.
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III. STRUCTURAL ESTIMATION RESULTS WITH GENDER-SPECIFIC ADJACENCY MATRICES

In this appendix, we present the results of the structural LIMM using gender-specific
adjacency matrices. They provide insights into how disruptive peer effects propagate
throughout the classroom’s networks differently, depending on the network members’
gender. The top panel of Table III.1 reports the results for male networks and the bottom
one for female networks. Matrix G°y represents the adjacency matrix for gender S from
an otherwise similar structural LIMM as in equation (2).

We find evidence suggesting that the endogenous effect is an important driver of dis-
ruptive peers’ effect on males but not on females. Furthermore, the contextual effect
of males seems to be a substantial force in deterring numeric skill acquisition for both
genders (the point estimates on females are substantially larger but less precise). These
results provide interesting insights on how disruptiveness affects peers’ numeric and
verbal development differently by gender.
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TABLE III.1. Structural Estimation Results With Gender-Specific Adjacency Matrices

I1Q Components at 13 Grades at 16
Verbal Numeric Spatial GPAin grade 9
2SLS  2SLS+CF  2SLS  2SLS+CF 2SLS 2SLS+CF 2SLS 2SLS+CF
Males
GMy 0.824 0.853 0.538 0.585 1.832 1.199 0.333 0.384
(0.281) (0.341) (0.225) (0.338) (1.422) (1.113) (0.287) (0.404)
GFy 0.094 0.118 0.171 0.164 0.277 0.228 0.044 0.019
(0.110) (0.140) (0.141) (0.181) (0.281) (0.235) (0.070) (0.112)
a -0.133 -0.263 -0.281 -0.253 -0.024 -0.507 -27.048 -26.821
(0.542) (0.551) (0.751) (0.790) (0.893) (0.656) (6.739) (7.056)
GMa -0.758 -1.075 -3.280 -3.365 0.751 -0.154 -20.654 -21.786
(1.097) (0.943) (1.149) (1.209) (2.489) (1.239) (14.686) (16.263)
GFa 1.883 1.306 -1.376 -1.276 -2.006 -1.253 40.788 49.917
(4.055) (3.743) (4.956) (4.645) (6.765) (5.201) (35.283) (46.734)
Observations 3,873 3,873 3,882 3,882 3,873 3,873 3,828 3,828
Females
GMy 0.171 0.190 0.398 0.412 0.885 0.706 -0.157 -0.190
(0.260) (0.342) (0.396) (0.631) (0.908) (0.508) (0.139) (0.209)
GFy -0.308 -0.407 -0.300 -0.290 -3.170 -1.773 0.129 0.026
(1.109) (1.322) (1.280) (1.562) (3.751) (1.758) (0.749) (0.919)
a -2.410 -2.450 -2.471 -2.497 -0.945 -1.052 -35.309 -36.816
(0.450) (0.555) (0.525) (0.580) (1.077) (0.814) (8.971) (9.765)
GMa -2.059 -2.424 -7.064 -7.169 -11.913 -9.717 60.986 60.933
(5.710) (7.790) (6.400) (10.424) (15.635) (8.246) (30.725) (43.235)
GFa -2.443 -2.776 -1.919 -1.901 -2.670 -1.294 -29.408 -35.838
(2.946) (3.239) (3.433) (3.957) (4.077) (1.912) (37.643) (44.706)
Observations 4,091 4,091 4,092 4,092 4,091 4,091 4,050 4,050

Note: Data from Stockholm Birth Cohort Study. Table present the estimates of structural model (2) allowing for gender-epecific
adjacency matrices. The coefficients associated with G™ y and G¥'y represent the endogenous peer-effect caused by male
students and female students, respectively. The coefficients associated with GMa and G¥ a represent the exogenous peer-
effects caused by male and female abused and neglected classmates, respectively. Estimations include school fixed effects.
Sample excludes classes with less than seven students, schools with only one class in grade 6, schools with special education
classrooms and classrooms in which no one participated in the sociometric survey. 2SLS models use clustered standard errors
at the classroom level. 2SLS+CF models use clustered-at-the-classroom-level bootstrapped standard errors.

IV. MONTE CARLO SIMULATION OF NETWORKS TO AID INTERPRETATION OF STRUCTURAL
RESULTS

In this Section, we explain in detail the simulations presented in Figures 1 and 2 in the
main text that are based on the structural results of the structural LIMM of equation (2).
The goal of these Monte Carlo simulations is to aid the interpretation of the estimates
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reported in Tables 4 and I1I.1. The simulations provide a way to summarize the estimates
reported there in a way that incorporates all possible feedback loops that stem from
interconnections within social clusters and cliques. The intuition for the simulation is
the following: we randomly create a network Cﬁl , assign A&N peers within that network
(i.e., a € a&l) s.t.a = 1) and, based on the estimated parameters in Tables 4 or III.1 (i.e.,
B, Bg and BE) and the shape and count of the network’s edges (Gsl)), let the model—
and therefore, the location relative to the A&N peer—yield the expected outcome (1)

for each individual.

Of course, the shape of C,(}) is critical in defining the expected outcome §(1). For this
reason, we take 1,000 random draws of social networks (i.e., C,(ni) fori=1,...,1000) that,
on average, match the characteristics of the average classroom we observe in our data.
Specifically, we calibrate a distribution of dyad linking probabilities p so that the sim-
ulated networks have, in expectation, the same number of edges (40.4) and clustering
(0.41) as the average classroom in our data. We further impose the simulated networks
to have 24 nodes (average class size), two A&N peers (average number of such peersin a
classroom), and genders equally distributed.

The calibration of the dyad linking probabilities uses the facts that children are more
likely to befriend classmates of the same gender (only 3 percent of the friendships are
cross-gender), and that even within genders, there is some clustering going on where
some students have a higher probability of becoming friends than others. Thus, we de-
fine three linking probabilities pj,, p,,, and p; as indicated in matrix P:

Oph ---PhPm ---Pm DL --- DI DL --- DI
0 i
0 pppm.--Pm PL --- DL DI --- DI

O ph...Ph Pt ---PL DL --- DI

0 .ol

0O pppr.--p0 DL - DU

P= O Ph---PhPm - DPm
0.

0 pp Pm ... Pm

0 pp .- pn

0 .o

0 pn

0

where nodes are sorted by gender. Without loss of generality, let the first half of nodes be
males and the second half be females. Then, p; is the probability two nodes of different
gender build a friendship link. p;, and p,,, are the probabilities of befriending a student
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from the same gender. We assume that p;, > p,,, as it represents the fact that even within
gender, students friendships tend to cluster. Therefore, p, > p,, > p; as cross-gender
friendships are rare events.

In order to match the network characterictics of the average classroom, we chose p;, =
0.335, py, = 0.03 and p; = 0.005. Figures IV.1 show that the networks we simulate based
on these probabilities produce distributions of networks characteristics centered at the
target measures of number of edges and overall average clustering.

FIGURE IV.1. Simulated Networks Characteristics
(a) Number of Edges Score (b) Overall Average Clustering Score

0.08

0.06

Density
Density

0.044

T T T T
60 0.2 0.3 04 0.6
Edges Clustering

20

Note: Distributions of characteristics of the simulated networks. The vertical red lines represent the target
characteristics of the average network we observe in the data. Bottom and top 1 percent in the individual
clustering distribution were dropped.

Based on these probabilities, we randomly generate 1,000 networks Cﬁl) .. 67(1000) .Then,

we randomly allocate the A&N peers within those networks aq(«l) . .a$1000), and gener-

ate the corresponding outcomes yfnl) .. .yﬁmoo) based on model (2) and the estimates
in Tables 4 and III.1. Finally, we summarize the results of our simulations by averag-
ing the outcomes by the geodesic to the closest A&N student (i.e., E[y£’>\ ||lr|]| = p] for

pe{1,2,3,4,5}).
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V. ROBUSTNESS

V.1 Stability of the coefficients in the distance equation.

TABLE V.1. Testing Stability of the Coefficients in the Model on Effects of Distance to A&N Peers
on Cognitive Scores

I1Q Components at 13 Grades at 16
Verbal Numeric Spatial GPA in grade 9

Panel A
A&N in class -1.522 -1.422 -1.084 -0.187
(0.629) (0.657) (0.763) (0.108)
Not connected 1.427 1.320 1.264 0.168
(0.581) (0.684) (0.769) (0.108)
Distance to A&N 0.491 0.524 477 0.076
(0.221) (0.265) (0.289) (0.042)
Fraction of similar classmates YES YES YES YES
Panel B
A&N peer in class -1.444 -1.397 -1.039 -0.169
(0.612) (0.645) (0.771) (0.110)
Not connected 1.361 1.288 1.244 0.147
(0.561) (0.675) (0.777) (0.107)
Distance to A&N peer 0.465 0.508 0.446 0.067
(0.216) (0.262) (0.291) (0.043)
Fraction of similar friends YES YES YES YES
Observations 7,464 7,464 7,464 7,101

Note: Note: Data from Stockholm Birth Cohort Study. Sample excludes classes with less than seven students, schools with only
one class in grade 6, schools with special education classrooms and classrooms in which no one participated in the sociometric
survey. A&N in class takes on value one if there is a student in the classroom whose parents underwent an investigation for
abuse and neglect by the child protection services (CWC) and zero otherwise; Not connected takes on value one if despite there
being an abused and neglected peer in the classroom he/she does not belong to the social network of the student; and Distance
to A&N stands for the path length between the student and the closest abused and neglected peer. All regressions include school
fixed effects, a dummy for being female, whether family receive social assistance, birth weight, mother’s age, dwelling type,
dwelling ownership and number of older siblings and the averages of classmates (Panel A) and average of friends (Panel B) who
are similar to student ¢ in terms of each particular homophily variables of vector Z; of the link formation estimating equation
(11), reported in Table 1.2. Further, the estimated degree heterogeneity 6; for student i is treated as an included instrument
and is hence included in both the first stages and the second stage. Standard errors, shown in parentheses, are clustered at the
school level.
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V.2 Truncation in the nomination of friends

TABLE V.2. Effects of Distance to A&N Peers on Cognitive Scores at Ages 13 and 16. Full Sample
Adding Friendship Nominations

1Q Components at 13 Grades at 16
Verbal Numeric Spatial Marks 9

Top-Coded LIML Top-Coded LIML Top-Coded LIML Top-Coded LIML

Adding the closest friend that is not a friend

A&N in class -1.179 -1.595 -0.959 -1.149 -0.680 -0.912 -0.149 -0.201
(0.417) (0.659) (0.523) (0.670) (0.467) (0.811) (0.071) (0.110)
Not connected 1.346 1.018 0.898 0.173
(0.617) (0.703) (0.828) 0.112)
Distance to A&N 0.286 0.656 0.255 0.496 0.236 0.506 0.044 0.097
0.117) (0.284) (0.147) (0.330) (0.131) (0.368) (0.020) (0.051)
Observations 7,464 7,464 7,464 7,464 7,464 7,464 7,101 7,101
Adding a friend’s friend
A&N in Class -1.259 -1.390 -1.029 -1.282 -0.744 -1.007 -0.160 -0.205
(0.446) (0.644) (0.559) (0.633) (0.499) (0.786) (0.076) (0.110)
Not connected 1.342 1.124 1.162 0.177
(0.597) (0.668) (0.807) (0.112)
Distance to A&N 0.294 0.491 0.262 0.526 0.242 0.496 0.044 0.092
(0.120) (0.259) (0.151) (0.289) (0.135) (0.335) (0.020) (0.048)
Observations 7,464 7,464 7,464 7,464 7,464 7,464 7,101 7,101

Adding a neighbor as friend

A&N in class -1.579 -1.394 -1.265 -1.066 -0.936 -1.129 -0.206 -0.191
(0.541) (0.631) (0.677) (0.671) (0.604) (0.784) (0.092) (0.106)

Not connected 1.200 1.166 0.938 0.153
(0.580) (0.671) (0.850) (0.107)

Distance to A&N 0.456 0.522 0.389 0.412 0.350 0.585 0.068 0.087
(0.177) (0.258) (0.221) (0.312) (0.197) (0.331) (0.030) (0.047)

Observations 7,464 7,464 7,464 7,464 7,464 7,464 7,101 7,101

Adding a friend if popular

A&N in Class -1.287 -1.578 -1.042 -1.403 -0.749 -0.886 -0.164 -0.196
(0.448) (0.631) (0.563) (0.666) (0.502) (0.781) (0.076) (0.106)

Not connected 1.508 1.317 1.135 0.190
(0.587) (0.701) (0.805) (0.109)

Distance to A&N 0.311 0.587 0.273 0.576 0.251 0.431 0.047 0.086
(0.125) (0.256) (0.156) (0.309) (0.140) (0.333) (0.021) (0.046)

Observations 7,464 7,464 7,464 7,464 7,464 7,464 7,101 7,101

Note: Data from SBC. Sample excludes classes with less than seven students, schools with only one class in grade 6, schools
with special education classrooms and classrooms in which no one participated in the sociometric survey. Sample restricted
to individuals who were not abused and neglected. Table present the estimates of the distance model with additional friend-
ship nominations for students who nominated three friends (i.e., the maximum number). In the top panel labeled Adding the
closest friend who is not a friend, we include an additional friendship nomination to every student. In the next panel labeled
Adding a friend’s friend, the added friendship is a friend’s friend. In panel labeled Adding a neighbor the additional friendship
nomination is a student who lives in the same block. In the bottom panel labeled Adding a friend if popular we include an addi-
tional friendship nomination to every student who nominated three friends and has an estimated degree heterogeneity above
the 50th percentile. In all cases, the additional friendship nomination corresponds to the classmate with the highest predicted
probability of friendship among those who are not reported as friends. A&N in class takes on value one if there is a student
in the classroom with abusive/neglectful parents according to the CWC and zero otherwise; Not connected takes on value one
if the potential A&N peer in the classroom does not belong to the same network component of the student; and Distance to
A&N stands for the path length between the student and the closest A&N peer. All regressions include school fixed effects and
a dummy for being female. Further, the estimated degree heterogeneity 9, for student i is treated as an included instrument
and is hence included in both the first stages and the second stage. Standard errors, shown in parentheses, are clustered at the
school level.
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TABLE V.3. Structural Estimation Results: Adding Friendship Nominations

IQ Components at 13
Verbal Numeric

ey ) 3) 4) ey 2 3) 4)
All Frof Fr Neighbor Top 50 All Frof Fr Neighbor Top 50

Gy 0.624 0.649 0.720 0.575 0.351 0.473 0.474 0.254
(0.347)  (0.299) (0.336) (0.305) (0.439) (0.322) (0.363) (0.416)
a -1.267  -1.287 -1.264 -1.313  -1.667  -1.529 -1.588 -1.744
(0.399) (0.363) (0.374) (0.372) (0.556) (0.485) (0.480) (0.547)
Ga -0.486  -0.270 -0.195 -0.650 -2.229  -1.502 -1.946 -2.474

(1.005)  (0.927) (0.986) (0.915) (1.314) (1.227) (1.139) (1.350)

Observations 7,964 7,964 7,964 7,964 7,974 7,974 7,974 7,974

Note: Data from Stockholm Birth Cohort Study. Table present the estimates of structural model (2) with the inclusion of friendship
nominations additional to the ones reported in the data for students who nominated three friends (i.e., the maximum). In Columns
labeled All, we include an additional friendship nomination to every student. In Columns labeled Fr of Fr, we include an additional
friendship where the friendship nomination given is a friend’s friend. In Columns labeled Neighbor the additional friendship nomi-
nation is a student who lives in the same block. In Columns labeled Top 50 we include an additional friendship nomination to every
student who nominated three friends and has an estimated degree heterogeneity above the 50th percentile. In all cases the additional
friendship nomination corresponds to the classmate with the highest predicted probability of friendship among those who are not
reported as friends. The coefficients associated with Gy represent the endogenous peer-effect. The coefficients associated with Ga
represent the exogenous peer-effects. We use G-2a and G3a as instruments for Gy, plus a control function approach proposed by
Johnsson and Moon (2021) and described in Section 5.1.1 of the main text. Sample excludes classes with less than seven students,
schools with only one class in grade 6, schools with special education classrooms and classrooms in which no one participated in the

sociometric survey. Estimations include school fixed-effects. Robust standard errors in parentheses.
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V.3 Placebo regressions

TABLE V.4. Placebo test of the Model on Effects of Distance to A&N Peers on Cognitive Scores

Duration of Number of Number of
mother’s rooms in the individuals in Height
postpartum  Height at apartment household High SES  measured at
stay birth (1960) (1960) father enlistment
A&N in class 0.171 -0.030 -0.020 0.019 -0.006 -0.443
(0.325) (0.259) (0.099) (0.128) (0.025) (0.938)
Not connected 0.157 0.119 0.052 0.005 0.015 0.515
(0.328) (0.143) (0.098) (0.123) (0.027) (0.985)
Dist. to A&N 0.040 -0.020 0.001 -0.014 0.004 0.183
(0.134) (0.057) (0.038) (0.046) (0.010) (0.369)
Observations 6,025 6,018 7,042 7,008 7,464 3,269

Note: Data from Stockholm Birth Cohort Study. Sample excludes classes with less than seven students, schools with only one
class in grade 6, schools with special education classrooms and classrooms in which no one participated in the sociometric
survey. A&N in class takes on value one if there is a student in the classroom whose parents underwent an investigation for
abuse and neglect by the child protection services (CWC) in the classroom and zero otherwise; Not Connected takes on value
one if despite there being a disruptive peer in the classroom he/she does not belong to the social network of the student; and
Dist. to A&N stands for the path length between the student and the closest abused and neglected peer. All regressions include
school fixed effects, a dummy for being female, whether family receive social assistance, birth weight, mother’s age, dwelling

type, dwelling ownership and number of older siblings. Standard errors, shown in parentheses, are clustered at the school level.
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V.4 Placebo treatment analyses

FIGURE V.1. Distribution of the Coefficients of Placebo Treatment Analyses
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Note: The figures plot the kernel distributions of coefficients from 1,000 estimations where treatment (i.e.,
being a A&N peer) is randomly assigned. The estimated models are those in which the distance between
two not-connected peers is top-coded to be equal to the network diameter plus one. The black dashed
lines indicate the corresponding coefficients from our actual estimations presented in Table 2 in our main
manuscript. The red dashed lines indicate extreme quantiles for reference. Data from Stockholm Birth Co-
hort Study. Sample excludes classes with less than seven students, schools with only one class in grade 6,
schools with special education classrooms and classrooms in which no one participated in the sociometric
survey. Sample restricted to individuals who were not abused and neglected themselves. All regressions in-
clude school fixed effects, a dummy for being female, whether family receive social assistance, birth weight,
mother’s age, dwelling type, dwelling ownership, number of older siblings, and degree heterogeneity 6;.
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VI. STRUCTURAL RESULTS: FIRST STAGE
TABLE VI.1. Structural Estimation: First Stage Results

Gy of IQ Components at 13 Gy of Grades at 16
Verbal Numeric Spatial GPAin grade 9
X -0.272 -0.216 -0.309 -0.280 -0.038 -0.014 -2.697 -2.646
(0.123) (0.123) (0.148) (0.147) (0.138)  (0.138) (1.789) (1.784)
G(Z)X -3.562  -17.357 -6.590  -13.745 -3.288 -9.429 -56.412 -68.038
(2.422) (0.946) (2.909) (1.133) (2.715)  (1.058) (35.141) (13.706)
G(2)2X -39.324 -20.386 -17.507 -32.949
(6.360) (7.634) (7.128) (91.706)
G(Z)3X 57.855 26.748 34.299 18.176 28.434 14.586 45.954 19.976
(5.333) (1.774) (6.400) (2.125) (5.977)  (1.984) (76.717)  (25.639)
Observations 7,481 7,481 7,493 7,493 7,481 7,481 7,153 7,153
F 97.31 116.4 45.50 58.24 21.79 27.03 22.43 29.87
Pr>F 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000

Note: Data from Stockholm Birth Cohort Study. Table present the first stage estimates of structural results
shown in Table 4. The coefficients associated with GX represent the exogenous peer-effects. G(Z) is the
predicted adjacency matrix obtained from equation (11). Sample excludes classes with less than seven stu-
dents, schools with only one class in grade 6, schools with special education classrooms and classrooms in
which no one participated in the sociometric survey. Estimations include school fixed-effects. Constant not
shown. Robust standard errors in parentheses.

VII. ATTRITION SIMULATIONS

As explained in Section 2, one issue with our data is that we do not observe the nomi-
nations made to classmates in sixth grade who were not born in 1953 and hence did not
belong to the studied birth cohort. They comprise roughly 9 percent of the students in
sixth grade. Although this type of attrition is relatively small in our case (Boucher and
Houndetoungan, Forthcoming), it can potentially pose some challenges as the retained
students are more likely to be A&N. Our data (1953 cohort) shows that they are 7 percent-
age points more likely to be A&N than cohort members in the right grade for age. Thus,
assuming that the retainers born in 1952 are similar to the observed retainers born in
1953 (being in fifth grade in 1966, and hence missing the sixth grade survey), we risk
missing some classmates who are more likely to be A&N children.

In this section, we perform simulation exercises to infer how the above-referenced attri-
tion would affect our results. In each simulation, we follow this routine:

1. From our data, we take the observed A&N children of the 1953 cohort that are not
in the right (sixth) grade for their age in 1966 and let them proxy the older (cohort
1952) retainers that are actually in sixth grade in 1966. We randomly assign these


http://qeconomics.org

Quantitative Economics Effects of Disruptive Peers 19

students to our observed sixth grade classrooms, following the observed distribu-
tion of A&N incidence at the school level.

2. Within their assigned classroom, we assign these students to be friends with their
most likely ‘classmates’. These are the ones with the highest predicted probabilities
of friendship based on their characteristics and according to the friendship forma-
tion model.

3. We calculate new adjacency matrices including these new synthetic friendships,
and calculate new geodesics.

4. We run our empirical models on these synthetic data.

We repeat this computationally intensive exercise 150 times. We hypothesize this proce-
dure to yield a lower bound for our estimates. This is so because we assign A&N peers to
social circles where they are unlikely to belong, and thus expect to find an effect where
there was no treatment. Furthermore, we are effectively shortening the geodesic be-
tween students and the A&N peer, and decreasing the number of classrooms without
A&N students. For instance, while 34.5 percent if the classrooms in our data have no
A&N peers, in the simulated data, on average, only 30.9 percent of the classrooms lack
an A&N student.

The results of our simulation exercises in Table VII.1 show that, as hypothesized, the
estimates with the synthetic data are a lower bound. However, importantly, the negative
relation between the size of the peer effect and distance to the A&N peer persists.
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TABLE VII.1. Effects of Distance to Abused and Neglected Peers Simulating Classrooms with Stu-
dents From Other Cohorts

IQ Components at 13 Grades at 16
Verbal Numeric Spatial GPA grade9
A&N in class -1.025 -1.472 -0.598 -0.091
(0.634) (0.697) (0.685) (0.087)
Not connected  0.572 1.057 0.463 0.034
(0.538) (0.630) (0.631) (0.081)
Dist to A&N 0.312 0.473 0.267 0.028

(0.216)  (0.244)  (0.250) (0.032)

Note: Data from Stockholm Birth Cohort Study. Sample extended by including A&N children of the 1953
cohort that are not in the right grade for their age. They are randomly assigned to classrooms and friends
within those classrooms. Sample excludes classes with less than seven students, schools with only one class
in grade 6, schools with special education classrooms and classrooms in which no one participated in the
sociometric survey. Sample restricted to individuals who were not abused and neglected themselves. All re-
gressions include school fixed effects, a dummy for being female, whether family receive social assistance,
birth weight, mother’s age, dwelling type, dwelling ownership and number of older siblings. Further, the
estimated degree heterogeneity ; for student i is treated as an included instrument. §; for the A&N chil-
dren simulated into classrooms are centered at the population mean. Reported estimates are the result of
150 repetitions of the LIML estimation of the distance model outlined in equation (10) in the main text.
Standard errors, shown in parentheses, are clustered at the school level.
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