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Abstract
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1 Introduction

Interactions with peers and friends shape many economic and social behaviors.

These social influences, commonly referred to as peer effects, have long been central

to economics because they help explain how behaviors spread and inform policy

design (see Manski, 1993; De Paula, 2017; Bramoullé et al., 2020; Zenou, 2025). These

influences often operate through social comparison, generating concerns about

status, competition, social approval, or stigmatization (see Bernheim, 1994; Akerlof,

1997; Luttmer, 2005; Bénabou and Tirole, 2006; Akerlof and Kranton, 2000).

A central tenet of the social comparison literature is that the direction of compar-

ison matters: individuals often react differently to peers who perform above them

than to peers who perform below them (Festinger, 1954; Wills, 1981; Card et al.,

2012). For instance, a student’s study effort may depend on whether her friends

study more or less than she does (Feld and Zölitz, 2017). Yet existing models of

peer effects largely ignore this distinction by treating peers who outperform an in-

dividual and those who underperform her as exerting the same influence. The stan-

dard linear-in-means model, for example, treats deviations above and below peers

symmetrically (Blume et al., 2015). As a result, this model may fail to capture how

individuals actually respond to their peers and may therefore provide misleading

guidance for policy design. Recent contributions that introduce heterogeneity in

peer effects through the distribution of peers’ outcomes (e.g., Boucher et al., 2024;

Herstad et al., 2026) likewise do not accommodate asymmetries in peer effects.

In this paper, we bridge the gap between social comparison theory and the peer

effects literature by introducing a new model in which individuals respond differ-

ently to peers who perform above them than to those who perform below them.

We rationalize this asymmetry through a game of conformity in which upward and

downward comparisons affect preferences differently. We establish the existence and

uniqueness of equilibrium and derive an econometric framework to identify and es-

timate both asymmetric effects. We show that the standard linear-in-means peer
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effects model estimates a weighted average of the underlying asymmetric effects,

with weights that may be negative. As a result, the estimated symmetric peer ef-

fect may fall outside the range defined by the two asymmetric effects. Applying the

proposed model to several student outcomes, we find pervasive evidence of asym-

metric peer influence: for some outcomes, peers who perform above the individual

exert strong effects, while those who perform below have little or no influence; for

other outcomes, the reverse occurs. We show that these asymmetries are highly

policy-relevant by studying a treatment allocation problem under limited resources.

We find that ignoring asymmetry in peer effects leads to an inefficient treatment al-

location, resulting in substantial losses in spillovers and welfare.

In our model, individual preferences are characterized by a utility function in

which the influence of each friend depends on the friend’s status as higher- or lower-

performing relative to the individual’s performance. We impose no restrictions on

which type of peer exerts a stronger influence. Instead, we allow the direction of

influence to be determined by the data. This flexibility, however, introduces sev-

eral complications in the game. Unlike in many peer effects models, the outcome

of individual i, denoted by yi, cannot be written explicitly as a function of peer out-

comes, because peer statuses depend not only on the distribution of peer outcomes,

but also on yi itself. As a result, the best-response function is implicit. Moreover, this

function is not everywhere differentiable, as peer statuses switch discretely when yi

crosses the outcome of one of her peers. To show the uniqueness of the Nash equilib-

rium, we exploit the game’s topological structure to establish that the best-response

mapping remains a contraction under reasonable conditions.

We develop an econometric framework to identify both peer effect parameters.

Our identification conditions extend those of the standard model (Bramoullé et al.,

2009) to accommodate asymmetry in peer effects. In practice, estimating our model

requires exogenous predictions of peer statuses as instruments. We rely on flexi-

ble machine learning methods to construct such instruments. To establish consis-

tency and asymptotic normality despite the use of generated instruments, our in-
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ference builds on recent developments in double/debiased machine learning (Cher-

nozhukov et al., 2018). We conduct a Monte Carlo study showing that our approach

performs well in finite samples. The simulations also illustrate, through concrete

examples, how the standard symmetric model may estimate peer effects that fall

outside the range of the asymmetric effects.

Using data from the National Longitudinal Study of Adolescent to Adult Health

(Add Health), we show that many student activities exhibit asymmetric peer ef-

fects. For three of the four outcomes we study—namely, smoking, fighting, and

optimism—we find significant asymmetry, although its direction differs across out-

comes. For smoking, both types of peers exert strong effects, but peers who smoke

more than the individual exert a larger influence. For fighting, individuals tend to

conform strongly to more aggressive peers, while less aggressive peers exert little or

no influence. For optimism, individuals tend to conform to more pessimistic peers,

while more optimistic peers exert little or no influence. For drinking, by contrast, we

find evidence that peer effects are approximately symmetric.

We further examine the policy implications of these empirical findings by study-

ing targeting policies in which, because of limited resources, only a subset of stu-

dents is treated, with the objective of reducing smoking, fighting, or drinking, or

increasing optimism (Ballester et al., 2006; Galeotti et al., 2020). We find that ignor-

ing asymmetry leads to inefficient treatment allocation, generating substantial losses

in spillovers. Indeed, even when the symmetric model identifies a strong peer effect,

using this model to select students for treatment may nevertheless generate little

or no spillover effects, similar to those obtained in a benchmark without social in-

teractions. This occurs particularly for fighting and optimism, where peer effects

exhibit large asymmetries. By ignoring these asymmetries, the symmetric model of-

ten selects students who exert little influence under the true asymmetric model. The

implemented policy therefore fails to fully leverage interactions among individuals.

We show that this inefficiency generates substantial welfare losses.

This paper primarily contributes to the literature on how social interactions shape
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individual behavior (see De Paula, 2017; Bramoullé et al., 2020; Zenou, 2025). Re-

cent developments highlight the importance of heterogeneity in peer effects, either

through the distribution of peer outcomes (see Carrell et al., 2010; Boucher et al.,

2024; Herstad et al., 2026) or through predefined groups of peers (Comola et al.,

2025; Houndetoungan, 2026). We contribute to this literature by developing a new

structural model that identifies distinct conformity effects from higher- and lower-

performing friends. Our model differs from existing approaches because hetero-

geneity depends not only on the distribution of peer outcomes, but also on the in-

dividual’s own outcome. This allows us to empirically test behavioral mechanisms

that have long been emphasized in the theory of social comparison. Some papers

also document heterogeneous peer effects by interacting individuals’ performance

types, such as high- or low-performing status, with those of their peers (see, e.g.,

Luttmer, 2005; Feld and Zölitz, 2017; Carrell et al., 2013). However, these analyses

are reduced-form and are not derived from an underlying behavioral model. One

exception is Lambotte (2025), who estimates asymmetric peer effects in a binary-

outcome game. In that case, however, the binary nature of the outcome makes the

distinction between higher- and lower-performing peers equivalent to estimating

separate effects for each of the two actions an individual can take.

We also contribute to the empirical literature on peer effects (Sacerdote, 2014) by

documenting asymmetric peer influence across several outcomes. Finally, by show-

ing that ignoring asymmetry leads to suboptimal targeting decisions and substantial

welfare losses, we contribute to the literature on optimal treatment allocation (Kita-

gawa and Tetenov, 2018; Galeotti et al., 2020; Viviano, 2025).

The remainder of the paper is organized as follows. Section 2 presents the micro-

foundation of the structural model. Section 3 presents our identification approach

and estimation method, and documents the bias of the standard symmetric model.

Section 4 reports the results of the Monte Carlo study. Section 5 provides an empiri-

cal application using the Add Health data. Section 6 concludes.
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2 Microfoundations

We consider a complete information game with n individuals who interact through

a network, where n ě 2. The network is characterized by an adjacency matrix

G “ rgijs
n
i,j“1, where gij ě 0 measures the strength of the link from i to j. We al-

low for flexible network specifications: the network can be weighted or unweighted,

and directed or undirected. For expositional simplicity, however, we focus on row-

normalized unweighted networks; that is, gij “ 1
ni

if j is a friend (peer) of i, and

gij “ 0 otherwise, where ni denotes the number of friends of i. Additionally, gii “ 0

for all i, implying that individuals do not interact with themselves.

Individuals choose their actions (e.g., academic effort), measured by a continu-

ous variable yi P R, taking into account their friends’ actions. Preferences are repre-

sented by the following utility function:

Uipyi, y´iq “ αiyi ´
y2

i
2

´ Sipyi, y´iq, (1)

where y´i “ py1, . . . , yi´1, yi`1, . . . , ynq is a vector of other players’ actions.

The utility function (1) is additively separable into private and social compo-

nents. The private component is given by αiyi ´
y2

i
2 , where αi denotes idiosyncratic

productivity and y2
i

2 represents the private cost of choosing yi. The term Sipyi, y´iq

represents a social distance (or social cost) and captures the effect of differences be-

tween individual i’s effort and their friends’ efforts (Akerlof, 1997). We introduce

asymmetry into the social distance function by allowing social pressure from friends

to depend on whether they exert higher or lower levels of effort than i.

2.1 Asymmetric Preferences for Conformity

Most papers rely on a symmetric social distance to capture conformity peer effects

(see, e.g., Blume et al., 2015; Ushchev and Zenou, 2020). This social distance is de-
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fined as

S sym
i pyi, y´iq “

β

2

ÿ

j‰i

gijpyi ´ yjq
2. (2)

Under this specification, individuals have conformist preferences when β is pos-

itive and anti-conformist preferences when β is negative. This social cost implies

that deviations above or below the effort exerted by a friend j yield the same social

penalty or benefit. However, the social penalty may depend on whether a peer per-

forms better or worse than the individual. To account for this scenario, we introduce

an asymmetric social cost:

Sipyi, y´iq “
βl

2

ÿ

j‰i:yjďyi

gijpyi ´ yjq
2

`
βh

2

ÿ

j‰i:yjąyi

gijpyi ´ yjq
2. (3)

The asymmetric social distance function allows for flexible mechanisms of peer

effects. Individuals may conform more strongly to friends who exert higher levels of

the behavior than they do (βh ą βl ě 0), or instead to friends who exert lower levels

of the behavior (βl ą βh ě 0). Which form of asymmetry arises depends on the

mechanism underlying the outcome, such as role-model effects, keeping up with the

Joneses dynamics, or norm formation. The model therefore does not impose a priori

which type of peer is more influential; instead, it allows the direction of influence to

be determined empirically.

Furthermore, our model can also capture situations in which βh and βl have dif-

ferent signs. For example, in certain competitive environments, upward comparison

can be discouraging while low-performing peers may boost confidence. This sce-

nario occurs when βh ă 0 and βl ą 0.

The asymmetric specification nests the symmetric distance function when β “

βh “ βl. We can therefore empirically assess the validity of the symmetric specifi-

cation by testing whether βh “ βl. Under the asymmetric social distance, the influ-

ence exerted by a friend depends on both an individual’s own action and those of

her friends. This contrasts with recent models that introduce heterogeneity solely

through the distribution of friends’ outcomes (e.g., Boucher et al., 2024; Herstad
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et al., 2026).

2.2 Equilibrium

Individuals’ optimal choices (effort levels) are determined by maximizing their util-

ity functions. To ensure that this optimization problem has a unique finite solution,

we impose a lower bound on βl and βh. These conditions guarantee that the utility

function is strictly concave.

Assumption 1. The parameters βl and βh satisfy βl ą ´
1
2

and βh ą ´
1
2

.

As we show below, the total marginal effect of peers’ outcomes on yi lies between
βl

1`βl and βh

1`βh . Thus, Assumption 1 implies that the magnitude of the total marginal

peer effect is less than one, which is a standard stability condition in the literature

(see Blume et al., 2015).

Under Assumption 1, we establish several results in Appendix A.1. First, we

show in Lemma A.1 that Uipyi, y´iq is continuously differentiable in yi despite dis-

crete changes in peer status in Equation (3).1 We also demonstrate in Lemma A.2 that

Uipyi, y´iq is strictly concave in yi. Finally, in Lemma A.3, we show that i’s strategy

that maximizes their utility function given the choices of other individuals (i.e., their

best-response function) is given by the following implicit function:

yi “
αi ` βl ȳl

i ` βhȳh
i

1 ` βlgl
i ` βhgh

i
. (4)

In Equation (4), ȳl
i “

ř

j‰i 1tyj ď yiugijyj and ȳh
i “

ř

j‰i 1tyj ą yiugijyj, where

1t¨u denotes the indicator function. Moreover, gl
i “

ř

j‰i 1tyj ď yiugij and gh
i “

ř

j‰i 1tyj ą yiugij are the shares of low- and high-performing friends, respectively.

The outcome yi is given in an implicit form because ȳl
i and gl

i depend on yi itself.

For each i, there are 2ni possible configurations of peer statuses, where ni is the

number of peers of i. Since 1tyj ď yiu is constant within a given configuration,

1We refer to a peer’s status as high- or low-performing depending on whether the peer’s outcome
exceeds or falls below that of the individual, respectively.
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the best-response function is linear within each configuration. Therefore, the best-

response function is piecewise linear across configurations.

The marginal effect of friends’ outcomes on yi is βl

1`βl when all friends are low-

performing, and βh

1`βh when they are all high-performing. For intermediate configu-

rations, the marginal effect can take up to 2ni distinct values between βl

1`βl and βh

1`βh .

This introduces substantial heterogeneity, unlike in the standard symmetric model

where the marginal effect is constant and equal to β
1`β . However, this heterogeneity

comes at the cost that the best-response function is not globally differentiable.

By exploiting the identities ȳi “ ȳl
i ` ȳh

i and gl
i ` gh

i “ 1, which hold for individu-

als with at least one friend (non-isolated individuals), we can substitute ȳl
i “ ȳi ´ ȳh

i

and gl
i “ 1 ´ gh

i into Equation (4).2 It follows that Equation (4) can be rewritten as:

yi “
αi ` βl ȳi ` pβh ´ βlqy̌i

1 ` βl , (5)

where y̌i “
ř

j‰i gij1tyj ą yiupyj ´ yiq. As we will show later in the econometric

analysis, expressing the optimal outcome as in Equation (5) is important for deriving

a reduced-form equation that is linear in parameters.

A strategy profile y “ pyi, . . . , ynq1 is a Nash equilibrium if yi verifies Equation (5)

for all i. We establish the following result.

Proposition 1. Under Assumption 1, the game described by the utility function (1) has a

unique Nash equilibrium y˚ “ py˚
1 , . . . , y˚

nq, such that y˚
i verifies Equations (5).

The proof of Proposition 1 is provided in Appendix A.1.1. We establish that the

best-response mapping is a contraction; that is, for any strategy profiles y and ỹ

and any i, the uniform Lipschitz condition, |bipy´iq ´ bipỹ´iq| ď µ∥y ´ ỹ∥8, holds

for some constant µ ă 1, where bi denotes the best-response function of individual

i.3 However, since statuses may differ across y and ỹ, achieving this result is not

straightforward. We first partition the strategy space into cells (polyhedra). Within

2We assume that all individuals are non-isolated only for expositional convenience. Isolated indi-
viduals have an equilibrium outcome yi “ αi and can be accommodated within our framework.

3For any a “ pa1, . . . , anq1 P Rn, the infinity norm of a is defined as ∥a∥8 “ max
i

|ai|.
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each cell, the statuses of friends remain fixed, allowing us to establish the uniform

Lipschitz condition. We then extend this argument to the case in which y and ỹ do

not belong to the same cell.

2.3 Treatment Assignment and Spillover Effects

In the presence of social interactions, interventions that affect the productivity of

treated individuals (e.g., targeted subsidy programs) can also affect nonrecipients,

thereby generating social multiplier or spillover effects. In this section, we study

the effects of productivity shocks in the asymmetric model. In particular, using a

treatment allocation problem in which the treatment takes the form of a productiv-

ity shock, we show that ignoring asymmetries in peer effects can lead to inefficient

treatment allocation. For simplicity, we assume that productivity shocks do not af-

fect the network structure.

In the standard symmetric model, treating all individuals by uniformly increas-

ing their productivity yields the same uniform increase in outcomes and thus gen-

erates no social multiplier effects (Boucher and Fortin, 2015; Ushchev and Zenou,

2020). We first show that this result extends to the asymmetric specification.

Proposition 2. Assume a uniform shock ᾱ to any individual’s productivity αi, such that

α̃i “ αi ` ᾱ is the new productivity level. Let yi and ỹi be the equilibrium outcomes corre-

sponding to αi and α̃i, respectively. We have ỹi “ yi ` ᾱ for all i.

The proof of Proposition 2 is provided in Appendix A.2. The result is analogous to

that obtained in the symmetric case, because treating all individuals does not alter

peer statuses. Consequently, the asymmetric structure of peer effects does not play

a role.

However, in many settings, only a subset of individuals can be treated due to

budget constraints. This is the case for targeted policies, where interventions benefit

only a limited number of individuals (see Banerjee et al., 2019; Beaman et al., 2021).

Such policies can improve cost-effectiveness when treatment is optimally allocated.
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Assume that a social planner aims to maximize aggregate outcomes
řn

j“1 yj by

assigning treatment to a fixed number of individuals, where a budget constraint

exogenously determines this number (e.g., Galeotti et al., 2020). As we show below,

in the standard symmetric model, the optimal treatment-assignment rule depends

only on the network structure and the peer-effect parameter, but not on the initial

productivity distribution (see Boucher and Fortin, 2015).

Let In denote the identity matrix of order n and 1n an n-vector of ones. Define

α̂ “ pα̂1, . . . , α̂nq1, where α̂i “ αi if i is isolated and α̂i “ αi{p1 ` βq otherwise. The

equilibrium outcome of the symmetric model is given by y “

´

In ´
β

1`β G
¯´1

α̂ (see

Blume et al., 2015). Consequently,

n
ÿ

j“1

yj “ α̂1

ˆ

In ´
β

1 ` β
G1

˙´1

1n.

Let ei P Rn denote a vector of zeros except for its i-th entry, which is equal to 1 if

individual i is isolated and 1{p1 ` βq otherwise.4 The marginal effect of increasing

αi by one unit on aggregate outcomes is B
Bαi

řn
j“1 yj “ e1

i

´

In ´
β

1`β G1
¯´1

1n. Stack-

ing these marginal effects for all individuals yields ∆ “ E
´

In ´
β

1`β G1
¯´1

1n, where

E “ pe1, . . . , enq1. Treatment should therefore be assigned according to the ranking

induced by ∆, which depends only on G and β.

In contrast, in the asymmetric model, the optimal treatment assignment depends

not only on the network structure and peer effects, but also on the entire produc-

tivity distribution. For instance, if conformity to low-performing peers is stronger

(high βl and low βh), targeting an individual who is generally a high-performing

friend may be inefficient, even though this individual is central in the network under

the symmetric model. In such cases, individuals’ relative positions in the outcome

distribution play a key role in determining optimal assignment.

In Figure 1, we illustrate different targeting schemes using a 2-star network,

where i is the central node. Before the intervention (panel a), the aggregated out-

4The parameter β is the single peer effect parameter in the symmetric model (see Equation (2)).
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come is 3.66. Since j and k have no friends but are both connected to i, increasing

the productivity of j or k yields the same aggregate increase in the symmetric model,

regardless of β. Thus, a social planner who employs the symmetric model can assign

the treatment to either j or k, expecting the same shift in the outcome distribution.

However, panels b and c show that targeting j rather than k is not optimal. Specif-

ically, targeting j increases the aggregate outcome by 1.12, i.e., a spillover effect of

12%, whereas targeting k almost doubles the spillover effect to 22%.5 Panel d further

shows that targeting i is inefficient, as there are no spillover effects on j and k.

a) Before intervention

1.16i

1.50 j

1.00 k

b) Targeted j

1.29i

2.50 j

1.00 k

c) Targeted k

1.38i

1.50 j

2.00 k

d) Targeted i

1.63i

1.50 j

1.00 k

Figure 1: Targeted policy
Note: This figure illustrates a targeted intervention in a directed network of three nodes. The values
indicated inside each node represent the individuals’ performance (outcomes). Red nodes denote
low-performing friends, and blue nodes denote high-performing friends. βl “ 1.5, βh “ 0.5, and
before the intervention (panel a), pαi, αj, αkq “ p1.2, 1.5, 1q. The intervention consists of increasing α of
the targeted individual by one unit.

This result highlights a fundamental difference between the symmetric and

asymmetric peer effect models. In the asymmetric model, the marginal social return

to treatment depends on individuals’ relative positions in the outcome distribution.

The symmetric model ignores these positions and may lead to inefficient allocation.

However, unlike the symmetric model, the asymmetric peer effect model does

not admit a closed-form characterization of the optimal treatment-allocation rank-

ing. Determining the optimal allocation requires an exhaustive search over all pos-

sible treatment sets, the number of which grows rapidly with both network size

5The spillover effect is measured as the additional increase in the aggregate outcome relative to
the increase in the aggregate outcome in a benchmark model without social interactions, expressed
as a percentage. In this benchmark model, a one-unit increase in αi raises the aggregate outcome by
exactly one unit.
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and the number of individuals to be treated. To make treatment assignment com-

putationally feasible when peer effects are asymmetric, we develop algorithms in

Section 5.3 that approximate the optimal allocation. We use these algorithms in the

empirical application to assign treatment in large networks.

3 Econometric Framework

In this section, we present the econometric model and study its identification and

estimation. Since interactions induce dependence across individuals and may com-

plicate identification and inference, we assume that the population is partitioned

into M nonoverlapping and independent networks. This assumption is commonly

imposed and appropriate for many data sets, as samples typically consist of indepen-

dent schools, villages, or markets (Bramoullé et al., 2009; Blume et al., 2015; Boucher

et al., 2024). We denote by nm the number of individuals in network m. We assume

that nm is bounded, while M goes to infinity asymptotically.

Throughout the paper, the subscript m refers to variables defined for network m;

for example, Gm denotes the interaction matrix in network m. A double subscript

m, i (e.g., ym,i) denotes a variable associated with individual i in network m, while a

triple subscript m, ij (e.g., gm,ij) denotes a pairwise variable.

3.1 Econometric Model

Individual i is characterized by a vector of observable characteristics xm,i P Rdx ,

which includes control variables such as age, sex, etc. As in Blume et al. (2015), we

model productivity αm,i as:

αm,i “ c ` x1
m,iγ1 ` x̄1

m,iγ2 ` εm,i, (6)

where x̄m,i “
ř

j‰i gm,ijxm,j is a vector of contextual variables defined as the average

of exogenous characteristics among friends, and εm,i is an unobserved preference

shock. The parameters γ1 and γ2 capture the effects of individual characteristics
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and contextual variables, respectively, while c is an intercept term. For ease of ex-

position, we exclude network fixed effects from Equation (6). As we show below,

although the model allows for a nonlinear relationship between individual and peer

outcomes, we derive from Equation (5) a reduced-form specification that is linear in

parameters. Therefore, any network fixed effects in Equation (6) can be partialled

out by demeaning the reduced form within each network.

From Equation (5), the reduced-form equation for non-isolated individuals can

be written as:

ym,i “ c̃ ` θ1ȳm,i ` θ2y̌m,i ` x1
m,iθ3 ` x̄1

m,iθ4 ` ε̃m,i, (7)

where c̃ “ c
1`βl , θ1 “

βl

1`βl , θ2 “
βh´βl

1`βl , θ3 “
γ1

1`βl , θ4 “
γ2

1`βl , and ε̃m,i “
εm,i

1`βl . For

isolated individuals, the reduced form simplifies to:

ym,i “ c ` x1
m,iγ1 ` εm,i. (8)

Equations (7) and (8) can be combined into a single linear equation by introduc-

ing a dummy variable that indicates whether individual i is isolated. However, for

ease of exposition, we assume that there are no isolated individuals and focus on

Equation (7) in the remainder of this section.

Equation (7) includes two endogenous regressors: the conventional average out-

come among peers, ȳm,i, and a new endogenous variable, y̌m,i. This makes the en-

dogeneity problem more complex than in the standard model, which includes only

ȳm,i. Additionally, since y̌m,i is directly linked to the dependent variable ym,i, failing

to address this endogeneity can lead to substantial bias.

3.2 Identification

Identifying peer effects is challenging because of the reflection problem, which arises

when individuals and their peers influence one another simultaneously (Manski,

1993). In the standard linear model, Bramoullé et al. (2009) show that flexible re-

strictions on the network structure can be imposed to alleviate this problem. Un-
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fortunately, such restrictions are generally unavailable when individual and peer

behaviors are related nonlinearly. Most studies addressing this nonlinearity rely on

standard rank conditions for identification, typically imposed within a generalized

method of moments (GMM) framework (see, e.g., Brock and Durlauf, 2007; Lee et al.,

2014; Boucher et al., 2024). However, these conditions are difficult to verify empiri-

cally because they depend on unobserved variables.

In this paper, we establish identification under relatively mild conditions that dif-

fer from the standard GMM-based rank conditions. In addition to the restriction on

the network structure proposed by Bramoullé et al. (2009), our identification condi-

tions require a novel exclusion restriction. We show that this restriction is likely to

be satisfied because y̌m,i is nonlinearly related to peer outcomes.6

For notational ease, we denote by Em the conditional expectation given Xm and

Gm. We also define

Am “

”

Empy̌mq, GmEmpy̌mq, 1nm , Xm, GmXm, G2
mXm

ı

,

where y̌m “ py̌m,1, . . . , y̌m,nmq1, Xm “ pxm,1, . . . , xm,nmq1.

Assumption 2.

(i) The sequence pnm, ym, Xm, Gm, εmqmě1 is i.i.d. and satisfies equation (7) for any m.

(ii) For all m and i, Erεm,i | Xm, Gms “ 0.

Assumption 3.

(i) The reduced form parameters satisfy θ1θ3 ` θ4 ‰ 0.

(ii) The matrix 1
M

řM
m“1 A1

mAm is of full rank.

Assumption 2 imposes standard conditions on the data-generating process. As-

sumption 2(i) requires the data sequence to be i.i.d. across m, while allowing for flex-

ible dependence structures within networks. We include nm in the sequence because

network size may vary across observations. Specifically, the assumption implies that

6Recall that y̌m,i “
ř

j‰i gm,ij 1tym,j ą ym,iupym,j ´ ym,iq.
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pym, Xm, Gm, εmq is i.i.d. conditional on nm, and that nm itself is i.i.d. This assumption

allows us to establish the equivalence between empirical averages across networks

and their population counterparts using standard laws of large numbers. Assump-

tion 2(ii) requires Xm and Gm to be exogenous. We maintain this assumption to

abstract from endogenous network formation.

Assumption 3 introduces our identification restrictions. The restriction in As-

sumption 3(i) holds in many settings when xm,i includes multiple variables. This

restriction is also required for the standard linear model (see Bramoullé et al., 2009).

Assumption 3(ii) is our new rank condition. Since Am does not include the standard

average peer outcome, but instead y̌m, which is nonlinearly related to the outcome,

this restriction is easier to motivate than classical GMM rank conditions.

Specifically, Assumption 3(ii) can be decomposed into two parts. First, it requires

1nm , Xm, GmXm, and G2
mXm to be linearly independent, which can be verified from

the data because these variables are all observed. This requirement is related to the

identification of the standard model. It holds when many individuals have friends

of friends who are not direct friends (see Bramoullé et al., 2009). Second, Assump-

tion 3(ii) also requires that no nonzero linear combination of Empy̌mq and GmEmpy̌mq

lies in the linear span of 1nm , Xm, GmXm, and G2
mXm. While it is difficult to provide

low-level conditions ensuring this restriction, the presence of the indicator function

in y̌m makes it unlikely that Empy̌mq and GmEmpy̌mq lie in this linear span.7

We establish the following result.

Proposition 3. Under Assumptions 1–3, βl, βh, c, γ1, and γ2 are point identified.

The proof of Proposition 3 is provided in Appendix A.3.

Let Vm “ rGmym, y̌m, 1nm , Xm, GmXms denote the matrix of regressors in (7), and

let Ve
m “ EmpVmq denote its conditional expectation given Xm and Gm. As shown by

Chamberlain (1987), Ve
m corresponds to the optimal instrument for Vm. However,

7Additionally, Empy̌mq and GmEmpy̌mq must not be collinear. This condition also generally holds
when some friends of friends are not direct friends, because GmEmpy̌mq involves friends of friends,
whereas Empy̌mq depends only on direct friends.
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Ve
m is infeasible because Empymq and Empy̌mq are unobserved. In the next section,

we discuss how to construct valid instruments for Gmym and y̌m.

3.3 Estimation

We propose an instrumental variable (IV) approach to estimate the model parame-

ters. Since Empȳm,iq and Empy̌m,iq are unobserved and cannot be used as instruments,

we instead construct their predictors that serve as instruments. Importantly, these

predictors do not need to be consistent estimators. Any exogenous variables that are

sufficiently informative about Empȳm,iq and Empy̌m,iq can serve as valid instruments.

Throughout, we use the notation Êm to denote a predicted counterpart of Em.

From Equation (7), for any network m, Empymq can be written as:8

Empymq “
c̃

1 ´ θ1
1nm ` Xmθ3 `

8
ÿ

k“0

θk
1θ2Gk

mEmpy̌mq `

8
ÿ

k“0

θk
1Gk`1

m Xmpθ1θ3 ` θ4q. (9)

This representation suggests that W̌m “ rXm, GmXm, G2
mXms provides a natural set

of predetermined predictors of Empymq.9 Let w̌1
m,i denote the i-th row of W̌m.

We begin by predicting Empy̌m,iq. Let ∆y
m,ji “ ym,j ´ ym,i and let Pm denote the

probability measure conditional on Xm and Gm. We rely on the following decompo-

sition:

Empy̌m,iq “
ÿ

j‰i

gm,ij Pmt∆y
m,ji ą 0u Emp∆y

m,ji | ∆y
m,ji ą 0q, (10)

where Pmt∆y
m,ji ą 0u can be interpreted as an extensive margin and Emp∆y

m,ji | ∆y
m,ji ą

0q is the corresponding intensive margin. We adopt this decomposition because the

two margins are easier to predict than Empy̌m,iq directly. Moreover, because both

margins are defined for each pair of connected students, we can exploit a large num-

ber of dyadic observations to estimate them, which improves prediction accuracy.

8See the derivation of Empymq in Equation (A.6) in Appendix A.3. Since |θ1| ă 1 (Assumption 1),
we can express pInm ´ θ1Gmq´1 using the Neumann series expansion

ř8
k“0 θk

1Gk
m. Moreover, because

there are no isolated individuals, Gm1s “ 1s, which implies
ř8

k“0 θk
1Gk

m1s “ 1
1´θ1

1s.
9Higher powers of Gm can be included in W̌m for greater accuracy.
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To construct Êmpy̌m,iq, we replace each margin with its predicted counterpart. We

use flexible supervised machine learning methods to predict each margin. Through-

out the paper, we employ random forests, although any supervised learning method

could be used. For both prediction tasks, w̌m,j ´ w̌m,i serves as the predictor vector,

whereas the target variable is 1t∆y
m,ji ą 0u for the extensive margin and ∆y

m,ji for the

intensive margin.

To ensure that the resulting predictions are exogenous, we use a cross-fitting pro-

cedure across networks (Chernozhukov et al., 2018). We randomly split the networks

into L ě 2 folds, F1, . . . ,FL. For any fold Fl, the random forest model is trained us-

ing observations from F´l.10 Once the model is trained, only predetermined predic-

tors from Fl are used to generate predictions for Fl. Thus, no endogenous variables

from Fl enter either the training or prediction steps for that fold. Since the networks

are independent and randomly split, this procedure ensures that the predictions for

any network m are independent of εm.11 For completeness, we provide a detailed

description of the prediction procedure in Supplemental Appendix B.

For the prediction of Empȳm,iq, we define

W̄m “ rGmXm, G2
mXm, GmÊmpy̌mq, G2

mÊmpy̌mqs.

We also denote by w̄1
m,i the i-th row of W̄m. Premultiplying Equation (9) by Gm im-

plies that w̄1
m,i is a natural set of predetermined predictors for Empȳm,iq. Notably, W̄m

includes the standard instruments GmXm and G2
mXm used in the linear model (see

Bramoullé et al., 2009), as well as additional predictors to accommodate asymmetries

in peer effects. We predict Empȳm,iq using random forests, where w̄m,i serves as the

predictor and the target variable is ȳm,i. We also use cross-fitting across networks so

that the resulting predictions are independent of εm.

Equipped with the predictions Êmpy̌m,iq and Êmpȳm,iq, we define the matrix of

10We use F´l to denote the subsample of all observations excluding those in Fl .
11Furthermore, for the intensive margin, we train the random forest on the subsample satisfying

ym1,j ą ym1,i, where m1 P F´l . This allows the prediction to be interpreted as a conditional expectation
given ym,j ą ym,i, consistent with the definition of the intensive margin.
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instruments as Ẑm “
“

Êmpy̌mq, Êmpȳmq, 1nm , Xm, GmXm
‰

. The model parameters are

then estimated by solving the moment condition

E
`

Ẑ1
mεm

˘

“ 0,

where εm “ pεm,1, . . . , εm,nmq1.

However, since Êmpy̌mq and Êmpȳmq are generated instruments, they act as nui-

sance parameters, and their uncertainty must be taken into account in inference.

We show that the moment function is orthogonal to these nuisance parameters, and

therefore their influence can be ignored. This is a particularly strong form of orthog-

onality, as it holds at any order (see Mackey et al., 2018; Bonhomme et al., 2026),

thereby allowing the use of highly flexible machine learning methods without re-

quiring convergence rates. As a result, our inference relies on weak regularity con-

ditions stated in Assumption 4 below.

Let f̌m and f̄m be two nonstochastic functions mapping pXm, Gmq into Rnm . Let

Zm “ r f̌mpXm, Gmq, f̄mpXm, Gmq, 1nm , Xm, GmXms

denote the asymptotic equivalent of Ẑm.

Assumption 4.

(i) max
m

∥Êmpy̌mq ´ f̌mpXm, Gmq∥ “ opp1q and max
m

∥Êmpȳmq ´ f̄mpXm, Gmq∥ “ opp1q.

(ii) The matrix 1
M

řM
m“1 Z1

mVm is asymptotically nonsingular and nonstochastic.

(iii) For some ν ą 0, max
m

∥Empεmε1
mq∥2`ν

ă 8.

Assumption 4(i) requires that Êmpy̌mq and Êmpȳmq converge to nonstochastic

quantities, f̌mpXm, Gmq and f̄mpXm, Gmq, respectively, conditional on Xm and Gm. No-

tably, no rate of convergence is required, and f̌mpXm, Gmq and f̄mpXm, Gmq need not

coincide with the estimands Empȳm,iq or Empy̌m,iq, so the random forest predictions

may be asymptotically biased. Nevertheless, the predictions must be sufficiently

correlated with the endogenous variables ȳm,i and y̌m,i to avoid weak instrument

problems. This requirement is reflected in the nonsingularity condition in Assump-
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tion 4(ii). In practice, we assess instrument strength using standard weak instrument

tests. We also examine whether 1
M

řM
m“1 Ẑ1

mVm is nonsingular using rank tests (e.g.,

Kleibergen and Paap, 2006). Finally, Assumption 4(iii) imposes a standard finite-

moment condition required for the central limit theorem.

Let θ “ pθ1, θ2, c̃, θ1
3, θ1

4q1 be the vector of reduced-form parameters and θ̂ be its

estimator. Let also θ0 denote the true value of θ. We establish the following result.

Proposition 4. Under Assumptions 1–4, θ̂ converges in probability to θ0, and
?

Mpθ̂ ´

θ0q
d

Ñ Np0, Σq, where Σ is given in Appendix A.4.

The proof of Proposition 4 is provided in Appendix A.4. This result also extends

to the structural parameters. The estimators are consistent and asymptotically nor-

mally distributed. The asymptotic variance can be obtained using the Delta method.

3.4 Bias of the Standard Symmetric Model

Given that the standard symmetric model is widely used in empirical studies, we

investigate what its single peer effect parameter, β, measures when the data exhibits

asymmetric peer effects. One might expect the estimate of β to be a simple weighted

average of the estimates of βl and βh, which would imply that β lies asymptotically

between βl and βh. However, we show that the weights in this average can be neg-

ative, implying that β may lie outside the range defined by βl and βh. This issue

is common in settings where a single parameter aggregates heterogeneous effects.

A well-known example is the heterogeneous treatment effects problem studied by

De Chaisemartin and d’Haultfoeuille (2020).

In the symmetric model (Blume et al., 2015), the outcome is modeled as:

ym “ δ1ȳm ` Rmδ2 ` ηm, (11)

where δ1 “
β

1`β , Rm “ p1nm , Xm, GmXmq denotes the matrix of control variables, and

ηm is an error term. The parameters β and δ2 can be estimated by GMM, where ȳm

is instrumented by Êmpȳmq, or by any other valid instrument, such as G2
mXm (see
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Bramoullé et al., 2009). The resulting moment condition is

E
`

Z̃1
mpym ´ δ1ȳm ´ Rmδ2q

˘

“ 0,

where Z̃m “
“

Êmpȳmq, Rm
‰

is the matrix of instruments.

For the rest of this section, we add a superscript h to y̌m,i; that is, we write y̌h
m,i “

ȳh
m,i ´ gh

m,iym,i. We also define the analogous variable y̌l
m,i “ ȳl

m,i ´ gl
m,iym,i, where

ȳl
m,i “

ř

j‰i 1tyj ď yiugijyj and gl
m,i “

ř

j‰i 1tyj ď yiugij. Let y̌h
m “ py̌h

m,1, . . . , y̌h
m,nmq1

and y̌l
m “ py̌l

m,1, . . . , y̌l
m,nmq1.

We consider the following auxiliary moment conditions:

E
´

Z̃1
m

`

y̌h
m ´ δh

1 ȳm ´ Rmδh
2
˘

¯

“ 0,

E
´

Z̃1
m

`

y̌l
m ´ δl

1ȳm ´ Rmδl
2
˘

¯

“ 0,
(12)

for some unknown parameters δh
1 , δh

2, δl
1, and δl

2. Specifically, δh
1 is the coefficient

from the IV regression of y̌h
m on ȳm, partialling out Rm. Similarly, δl

1 is the coefficient

from the IV regression of y̌l
m on ȳm, partialling out Rm.

Proposition 5. Under Assumptions 1–4, we have:

β

1 ` β
“

βl

1 ` βl ` δh
1

βh ´ βl

1 ` βl and
β

1 ` β
“

βh

1 ` βh ` δl
1

βl ´ βh

1 ` βh .

The proof of Proposition 5 is provided in Appendix A.5.

A direct implication of Proposition 5 is that the necessary and sufficient condi-

tions for β to lie in the range defined by βl and βh are that δl
1 ě 0 and δh

1 ě 0.12 For

example, if βl ă βh, then βl

1`βl ď
β

1`β ď
βh

1`βh if and only if δl
1 ě 0 and δh

1 ě 0. A

similar argument applies when βl ą βh.

If δl
1 or δh

1 is negative, then β falls outside the range defined by βl and βh, meaning

that β is a weighted average of βl and βh with negative weights.13 To see when

12Since f pβq “
β

1`β is strictly increasing in β, saying that β lies in the range defined by βl and βh is

equivalent to saying that f pβq lies in the range defined by f pβlq and f pβhq

13Proposition 5 implies that
β

1 ` β
“ ρ

βl

1 ` βl ` p1 ´ ρq
βh

1 ` βh , where ρ “
δl

1p1 ` βlq

δl
1p1 ` βlq ` δh

1p1 ` βhq
.

Since f pβq is strictly increasing in β, this means that β can also be written as an average of βl and βh.
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this can happen, note, for example, that a negative δl
1 implies that an increase in

ȳm,i has a larger effect on gl
m,iym,i than on ȳl

m,i. This suggests that this increase is

mainly driven by ȳh
m,i, while ȳl

m,i remains nearly unchanged. This situation arises

in certain networks where higher-performing peers are predominant, and there are

few or no (direct or indirect) connections from these peers to lower-performing ones.

This is, for example, the case in certain segregated networks where friendships are

not always reciprocated and often run from lower-status individuals to higher-status

individuals (e.g., Ball and Newman, 2013). We consider such network structures in

our simulation study and show that β lies outside the range defined by βl and βh.

4 Monte Carlo Simulations

We conduct a simulation study to assess the finite-sample performance of our es-

timation method. We consider a sample of M “ 50 networks, each comprising

nm “ 50 individuals. Each individual i in network m is characterized by two ex-

ogenous variables, x1,m,i and x2,m,i. Productivity is defined as in Equation (6), except

that we introduce an unobserved network-level shock cm:

αm,i “ cm ` γ1,1x1,m,i ` γ1,2x2,m,i ` γ2,1x̄1,m,i ` γ2,2x̄2,m,i ` εm,i,

where cm „ N p10, 1q and εm,i „ N p0, 1q. We simulate x1,m,i to be correlated with cm,

so that cm acts as a network fixed effect.

We consider both fully random and segregated network formation. In the case

of random networks, the degree (number of friends) is randomly drawn from the

empirical distribution observed in the Add Health data used in the empirical ap-

plication. Individuals can have up to 10 friends, with an average of 3.47. Given

the degree, links are formed uniformly at random within the network. We simulate

x1,m,i and x2,m,i from Uniformpcm ´ 2, cm ` 2q and Poissonp2q, respectively, and set

γ1,1 “ 1.4, γ1,2 “ ´0.8, γ2,1 “ 0.7, and γ2,2 “ ´0.5.

Under the segregated network, to easily handle peers’ relative status, we em-
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ploy a model without contextual effects for both the data-generating process (DGP)

and the estimation specification. We thus impose that γ2,1 “ 0 and γ2,2 “ 0, and

keep the other parameters at their values in the random network case. To intro-

duce segregation, we also change the way we simulate x1,m,i. We randomly split

the 50 individuals in each network m into three groups, Gm,1, Gm,2, and Gm,3, com-

prising 10, 10, and 30 individuals, respectively. For individuals in Gm,1 and Gm,2,

we simulate x1,m,i „ Uniformpcm ´ 2, cm ` 2q, while for those in Gm,3, we simulate

x1,m,i „ Uniformpcm ` 10, cm ` 20q.

Individuals in Gm,1 form reciprocal links with those in Gm,2. Individuals in Gm,2

further form non-reciprocal links with those in Gm,3, whereas individuals in Gm,3

have no friends. For simplicity, the degrees from Gm,1 to Gm,2 and from Gm,2 to Gm,3

are independent and randomly drawn from the empirical Add Health distribution.

Generating networks in this way ensures that higher-performing peers—who in-

clude most friends from Gm,3—are predominant and have fewer connections with

lower-performing peers. We therefore expect δl
1 in Proposition 5 to be negative for β

to fall outside the range defined by βl and βh.

For each type of network, we consider four DGPs with different values of βl and

βh. In DGP 1, βl “ βh “ 1, i.e., peer effects are symmetric. In DGP 2, βl “ 0.4

and βh “ 2.6, while in DGP 3, βl “ 2.6 and βh “ 0.4. In DGP 4, we set βl “

´0.4 and βh “ 2.6. We allow for anti-conformity toward low-performing peers in

DGP 4 because this pattern arises in our empirical application, although it is not

statistically significant. For each DGP, we estimate both the asymmetric and the

symmetric models. Table 1 summarizes the simulation results.

The results provide strong evidence that, under the asymmetric specification, our

estimation method successfully recovers the structural parameters in finite samples

for both network formation processes and across all DGPs. For DGP 1, the symmetric

specification also performs well and is, unsurprisingly, more precise. Fortunately,

once the asymmetric model is estimated, the null hypothesis βl “ βh can be easily

tested using standard tests. If the null hypothesis is not rejected, the symmetric
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Table 1: Simulation Results

Random Network Segregated Network
Model Asymmetry Symmetry Asymmetry Symmetry

DGP 1: βl “ 1.00, βh “ 1.00

βl 1.005 (0.045) 1.009 (0.091)
βh 0.998 (0.134) 1.001 (0.019)
β 1.003 (0.035) 0.999 (0.014)
γ1,1 1.401 (0.031) 1.401 (0.029) 1.400 (0.005) 1.400 (0.005)
γ1,2 ´0.801 (0.023) ´0.801 (0.021) ´0.801 (0.017) ´0.800 (0.017)
γ2,1 0.699 (0.036) 0.699 (0.035)
γ2,2 ´0.500 (0.028) ´0.500 (0.028)

DGP 2: βl “ 0.40, βh “ 2.60

βl 0.403 (0.030) 0.411 (0.086)
βh 2.600 (0.170) 2.603 (0.045)
β 0.757 (0.036) 3.683 (0.106)
γ1,1 1.401 (0.031) 1.271 (0.030) 1.400 (0.005) 1.401 (0.005)
γ1,2 ´0.801 (0.021) ´0.716 (0.021) ´0.801 (0.017) ´0.811 (0.018)
γ2,1 0.700 (0.036) 0.648 (0.041)
γ2,2 ´0.500 (0.028) ´0.448 (0.033)

DGP 3: βl “ 2.60, βh “ 0.40

βl 2.610 (0.085) 2.609 (0.123)
βh 0.395 (0.119) 0.400 (0.009)
β 1.817 (0.063) 0.327 (0.008)
γ1,1 1.402 (0.035) 1.414 (0.033) 1.400 (0.005) 1.392 (0.005)
γ1,2 ´0.800 (0.027) ´0.819 (0.024) ´0.800 (0.018) ´0.739 (0.016)
γ2,1 0.699 (0.036) 0.816 (0.046)
γ2,2 ´0.500 (0.029) ´0.581 (0.040)

DGP 4: βl “ ´0.40, βh “ 2.60

βl ´0.398 (0.022) ´0.384 (0.071)
βh 2.590 (0.167) 2.606 (0.043)
β ´0.077 (0.021) 4.152 (0.178)
γ1,1 1.398 (0.034) 0.956 (0.031) 1.401 (0.005) 1.402 (0.005)
γ1,2 ´0.800 (0.023) ´0.532 (0.022) ´0.802 (0.017) ´0.815 (0.018)
γ2,1 0.700 (0.036) 0.791 (0.048)
γ2,2 ´0.500 (0.028) ´0.500 (0.037)

Notes: The models are simulated and estimated 1,000 times. Values reported with-
out parentheses correspond to mean estimates, whereas values in parentheses de-
note standard deviations. To generate the instruments, we use random forests
with 5-fold cross-fitting (see Supplemental Appendix B) and 1,000 trees. For each
training step, 20% of the sample is used to tune the remaining hyperparameters.
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model can be used to improve efficiency.

For DGPs 2–4, the estimates of the symmetric peer-effect parameter lie between

βl and βh when friendships form randomly. Yet, these estimates are overly simplis-

tic and mask important features of the heterogeneous structure of peer effects. For

instance, in DGP 4, where there is anticonformity toward lower-performing peers

only, the symmetric specification implies anticonformity toward all peers. For the

segregated network, the estimates of β always fall outside the range defined by βl

and βh, as expected. Across all DGPs, either β ă βh ă βl or β ą βh ą βl, implying

that β assigns a negative weight to βl and a weight greater than one to βh. This is

consistent with δl
1 ă 0 in Proposition 5.

Remarkably, the simulation results also reveal that the coefficients of the exoge-

nous variables are biased under the symmetric specification. This bias is particularly

pronounced in the randomly formed network, likely due to the inclusion of con-

textual effects in the specification.14 This result suggests that our asymmetric peer

effect model is effective not only in estimating endogenous peer effects but also in

estimating exogenous effects, such as treatment effects, in the presence of network

interference when asymmetry matters.

5 Empirical Application

This section presents an empirical application using Wave I of the Add Health data.

We analyze multiple outcomes to uncover different forms of asymmetry in peer ef-

fects that cannot be captured by the standard symmetric model.

5.1 Add Health Data

Wave I of the Add Health survey provides nationally representative and detailed

information on students in grades 7–12 from 144 schools in the United States dur-

14Following a similar approach as in the proof of Proposition 5, we can derive expressions for the
bias of γ1 and γ2. However, this bias is less intuitive, as it depends on how xm,i and x̄m,i relate to y̌m,i.
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ing the 1994–1995 school year. Approximately 90,000 students completed an in-

school questionnaire covering demographics, family background, academic perfor-

mance, health-related behaviors, and friendship networks. Each respondent could

also nominate up to five male and five female best friends within the same school.

We analyze four outcomes: smoking, fighting, optimism, and drinking. Smoking

and drinking are defined as the number of days per week that a student smokes

tobacco or consumes alcohol, respectively. Fighting is measured as the number of

times per year that a student engages in a physical fight. Optimism is constructed

as the average of indicators that reflect whether students believe they will graduate

from college and live to age 35. These indicators range from 0 to 8, with 8 indicating

certainty about the outcome.

Although Add Health is one of the most comprehensive datasets for studying

peer effects, it has some limitations. First, the observed degree may be censored

because students can nominate at most 10 friends. Second, some nominated friends

cannot be matched to valid student identifiers and are therefore excluded from the

network, as is common in studies using this dataset.

Using the standard symmetric model, several studies have shown that degree

censoring in this dataset induces only limited attenuation bias, while unmatched

links may imply substantial bias (see Griffith, 2022; Boucher and Houndetoungan,

2025). Although formally addressing the missing links problem is beyond the scope

of this paper, it is important to note that the unmatched links may lead us to incor-

rectly classify an individual as isolated when none of their nominated friends can

be matched. Because the outcome specifications differ between isolated and non-

isolated individuals (see Equations (7) and (8)), we conduct a robustness check in

which we exclude individuals for whom none of their nominated friends can be

matched (i.e., false isolates).15 The results, reported in Table C.3 in Supplemental

Appendix C, are similar to those obtained using the full sample.

15False isolates may still be nominated as friends by other individuals. We therefore do not remove
them entirely from the network but exclude them only as focal observations. Consequently, this
procedure does not generate additional missing links.
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We control for a rich set of exogenous characteristics, including age, grade, sex,

race, Hispanic ethnicity, and mother’s education and employment status. To miti-

gate the impact of missing links, we also include the number of unmatched friends

and the number of matched friends as control variables. Additionally, we control

for contextual variables defined as the averages of students’ characteristics among

friends.

After excluding observations with missing outcome values, our final sample con-

sists of approximately 75,000 students from 140 schools. The average number of

friends per student is 3.6, and 22% of students have no friends. Summary statistics

of the variables are reported in Supplemental Appendix C.

5.2 Empirical Results

We estimate both the asymmetric and symmetric peer effects models for each out-

come. For brevity, Table 2 reports the estimates of the endogenous peer effects

parameters, while the detailed estimation results, including the coefficients on the

control variables, are reported in Supplemental Appendix C. To assess instrument

strength, we report the F-statistics from the first-stage regressions. We also report the

Kleibergen–Paap (KP) rank LM test for underidentification (Kleibergen and Paap,

2006). The null hypothesis is that 1
M

řM
m“1 Ẑ1

mVm is rank-deficient (see Assumption

4(ii)). Overall, these tests confirm that the instruments are relevant and rule out un-

deridentification across all specifications and outcomes.

For three of the outcomes studied—namely, smoking, fighting, and optimism—

peer effects exhibit different forms of asymmetry. For smoking, both types of peers

exert strong conformity effects, although the influence of friends who smoke more

than the individual is larger. Depending on peer composition, a one-unit increase

in peers’ smoking consumption implies an increase in the individual’s smoking con-

sumption ranging from 0.549 to 0.775 units.16 The lower bound corresponds to a

16The range of marginal peer effects is defined by βl

1`βl and βh

1`βh (see Equation (4)).
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Table 2: Estimation Results

Outcome Smoking Fighting
Model Asymmetric Symmetric Asymmetric Symmetric

βl 1.219 -0.065
(0.298) (0.087)

βh 3.448 1.115
(0.449) (0.179)

β 2.839 0.232
(0.458) (0.059)

βh ´ βl 2.229 1.180
(0.281) (0.232)

Total Peer Effect [0.549, 0.775] 0.740 [-0.069, 0.527] 0.188

1st stage F stat. (ȳ) 88.899 171.597 42.730 64.382
1st stage F stat. (y̌) 62.752 23.597

KP LM test p-value 0.000 0.000 0.002 0.000

Outcome Optimism Drinking
Model Asymmetric Symmetric Asymmetric Symmetric

βl 3.694 0.842
(0.625) (0.184)

βh -0.201 1.206
(0.162) (0.296)

β 0.623 0.897
(0.093) (0.172)

βh ´ βl -3.896 0.364
(0.737) (0.285)

Total Peer Effect [-0.252, 0.787] 0.384 [0.457, 0.547] 0.473

1st stage F stat. (ȳ) 84.574 103.343 25.228 40.992
1st stage F stat. (y̌) 22.324 18.574

KP LM test p-value 0.000 0.000 0.000 0.000

Notes: Estimates are reported without parentheses, with standard errors (clus-
tered at the network level) shown in parentheses. To generate the instruments,
we use random forests with 5-fold cross-fitting (see Supplemental Appendix B)
and 1,500 trees. For each training step, 20% of the sample is used to tune the re-
maining hyperparameters. The row labeled “Total Peer Effect” corresponds to the

range of marginal peer effects, defined by βl

1`βl and βh

1`βh (see Equation (4)). The
row labeled “KP LM test p-value” reports the p-value of the LM test of Kleibergen
and Paap (2006). The full table, including the coefficients on own and contextual
control variables, is reported in the Supplemental Appendix (Table C.2).
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situation in which all friends smoke less than the individual, whereas the upper

bound corresponds to a situation in which all friends smoke more than the individ-

ual. Exposure to friends who smoke more than the individual therefore has a larger

effect than exposure to friends who smoke less, and this difference is statistically

significant. In contrast, the standard symmetric model primarily captures the effect

of exposure to friends who smoke more. Given the estimated standard errors, we

cannot rule out the possibility that β falls outside rβl, βhs.

Asymmetry is more pronounced for fighting and optimism, with stronger con-

formity toward higher- and lower-performing friends, respectively. In the case of

fighting, the asymmetric model indicates that a one-unit increase in friends’ fighting

behavior induces peer effects ranging from ´0.069 to 0.527, where the lower bound

is not statistically different from zero and corresponds to the effects from lower-

performing peers. Students imitate friends who are more aggressive than themselves

but show little or no response to less aggressive friends. This means that, depending

on the status composition of the peer group, students may be either completely unre-

sponsive or strongly responsive to peer behavior. The pattern reverses for optimism,

where a one-unit increase in friends’ optimism behavior index induces peer effects

ranging from ´0.252 to 0.787. Here again, the lower bound is not statistically differ-

ent from zero, but corresponds to the effects from higher-performing peers. Students

show no response to friends who are more optimistic than themselves but conform

strongly to more pessimistic friends.

However, for both fighting and optimism, the symmetric model masks this het-

erogeneity by indicating that all types of peers exert the same influence. In particular,

this model suggests that students strongly conform to less aggressive friends and to

more optimistic friends, although these friends actually exert little or no influence.

Moreover, it underestimates the effects of the friends who actually exert strong in-

fluence, namely more aggressive friends in the case of fighting and more pessimistic

friends in the case of optimism.

Lastly, for drinking, the estimated effects of friends who drink more and friends
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who drink less are similar in magnitude and statistically indistinguishable. In this

case, the standard model provides an adequate description of peer influence, and

the symmetry restriction cannot be statistically rejected.

Interestingly, all socially undesirable behaviors—namely smoking, fighting, and

drinking—exhibit stronger peer effects from higher-performing peers, although the

asymmetry is not statistically significant in the case of drinking. These results sug-

gest that, for such outcomes, the most active individuals are likely the most effective

targets for amplifying the effects of policy interventions aimed at mitigating these

behaviors through the network. This finding provides additional insight into the

results of Lee et al. (2021), who show that key players in networks involving risky

behaviors, such as juvenile delinquency, are not necessarily the most active individu-

als. Because their analysis relies on a standard symmetric model, it does not account

for the possibility that the most active individuals, although not central nodes in the

network, may exert stronger influence on their peers.

Furthermore, the asymmetry in peer effects has the opposite targeting implica-

tion for optimism, a socially desirable outcome. Improving optimism may be impor-

tant for fostering aspirations and self-esteem, both of which are key determinants of

long-term welfare (Bernard et al., 2026; Genicot and Ray, 2020). Our results indicate

that, in this case, policy interventions should target the most pessimistic students to

maximize their effectiveness.

5.3 Policy Intervention

We study the policy implications of the empirical results. We consider an interven-

tion in which a social planner seeks to improve or reduce the aggregate outcome,
řnm

i“1 ym,i, in some network m, depending on whether the outcome is socially de-

sirable or undesirable, respectively. This is achieved by treating students, where

treatment consists of increasing productivity αm,i by one unit when the outcome is

socially desirable, or decreasing αm,i by one unit when the outcome is socially unde-
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sirable.17 As in Galeotti et al. (2020), we assume that resources are limited, so that

only κ students can be treated. We vary κ from 1 to nm and show that ignoring asym-

metry may lead to inefficient allocations. This misallocation can result in substantial

losses in aggregate outcomes and may even render the policy counterproductive.

5.3.1 Treatment Allocation in the Asymmetric Model

As shown in Section 2.3, the optimal order in which students should be treated under

the symmetric model is determined by the ranking induced by the vector ∆, which

admits a closed form. Consequently, for any budget κ, the optimal set of students can

be identified straightforwardly under this model. By contrast, because the asymmet-

ric model does not admit a closed-form solution for the outcome, determining the

optimal allocation is considerably more challenging. It requires an exhaustive search

over all possible combinations of κ students from a school of size nm. Even for mod-

erate values of κ and nm, the number of possible allocations quickly reaches several

billions, rendering such a search computationally infeasible.18

To circumvent this challenge, we propose two sequential algorithms—referred to

as the “forward” and “backward” algorithms—that approximate the oracle optimal

treatment allocation. For a budget κ, we denote by Tm,κ the set of treated students

selected by a given approximation algorithm.

The “forward” algorithm first addresses the case κ “ 1, which is straightforward

because it involves only nm possible allocations. It then proceeds recursively. Given

κ ă nm and Tm,κ, the allocation for κ ` 1 is obtained under the assumption that Tm,κ Ă

Tm,κ`1. This assumption reduces the search space to nm ´ κ candidate allocations,

since one only needs to identify the single student to add to Tm,κ to obtain Tm,κ`1.

The “backward” algorithm proceeds similarly, but in reverse. It first addresses

the case of κ “ nm, which involves only one possible allocation. Then, for any κ ą 1,

17Our results are not driven by the specific choice of increasing or decreasing productivity by one
unit. Similar results are obtained under alternative treatment intensities.

18For example, treating half of the students in a school of 100 yields more than 1029 possible com-
binations.
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the allocation for κ ´ 1 is obtained under the assumption that Tm,κ´1 Ă Tm,κ, reducing

the search space to κ candidate allocations. This consists of identifying the student

to remove from Tm,κ to obtain Tm,κ´1.

Implementing these algorithms for all values of κ, from 1 to nm, reduces the com-

putational complexity from 2nm to n2
m, making the problem tractable even for large

networks. However, the two approximations generally do not yield the same solu-

tion and may differ from the oracle allocation because the latter does not necessarily

satisfy Tm,κ Ă Tm,κ`1. Unfortunately, it is challenging to quantify the regret of these

approximations relative to the oracle allocation. Nevertheless, the degree of agree-

ment between the two algorithms provides a useful diagnostic. When the allocations

they produce are similar, the planner may have greater confidence in the robustness

of the resulting recommendation. In practice, for each value of κ, the planner can

select the algorithm that delivers a better-performing allocation.

5.3.2 Intervention Results

We consider the cases where the students to target are selected according to either

the symmetric model or the forward or backward approximation of the asymmetric

model. Once the selected students are treated, we evaluate the resulting aggregate

outcome using the asymmetric model, which we regard as the true data-generating

process because it is more general. For each outcome, we present results for two

randomly selected schools (see Figure 2). Panel A presents the spillover generated

by each targeting rule. For a socially desirable outcome, the spillover is defined as

the difference between the change in the aggregate outcome and κ, expressed as a

percentage of κ.19 For socially undesirable outcomes, it is defined analogously with

the opposite sign. Panel B reports the loss in spillover associated with the symmetric

allocation relative to the asymmetric allocations.

In general, both targeting rules of the asymmetric model yield similar results,

19For example, for a socially desirable outcome, the spillover is 50% when the aggregate outcome
increases by 15 while 10 students are treated.
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Figure 2: Spillover losses from using the symmetric model to allocate a treatment
Notes: For each outcome, two schools are randomly selected from among those with nm P rn̄ ´ 100, n̄ ` 100s, where n̄ is the average school
size. For each school, Panel A plots the spillover effect of the intervention as a function of the intervention budget κ. Panel B displays the loss
in spillover associated with the symmetric allocation relative to the forward and backward asymmetric allocations.33



with the forward approximation outperforming the backward approximation for

certain values of κ, and vice versa. This similarity provides reassurance regarding

the robustness of the approximations.

Although asymmetry matters for smoking, the difference in spillover effects un-

der the symmetric targeting rule is not large. This is because both higher- and lower-

performing peers exert strong influence, so that ignoring asymmetry generates only

limited inefficiency. Using the symmetric model for treatment assignment leads to

a 5% to 15% loss in spillovers. Yet, even such a modest loss may translate into sub-

stantial monetary costs when the policy is implemented in a large school.

For fighting and optimism, however, asymmetry is substantially more important.

The results indicate that using the symmetric model may generate no spillover ef-

fects, or may even lead to negative spillovers, which is worse than what would arise

in a benchmark where students do not interact. In the case of fighting, the symmet-

ric model assigns treatment to students who are less aggressive friends, while these

students exert little or no influence. This generates no spillovers or slightly negative

spillovers. In this case, the loss in the aggregate outcome when the planner uses

the symmetric model exceeds 70% and may reach 100%. The results are similar for

optimism. The symmetric model assigns treatment to more optimistic friends, even

though these friends exert little or no influence. As a result, the loss in the aggregate

outcome generally ranges from 40% to 75%.

Finally, for drinking, using the symmetric model generates virtually no loss. This

is expected because peer effects are approximately symmetric for this outcome. The

loss is generally below 1% and is likely not statistically significant.

6 Conclusion

This paper develops a model of asymmetric peer effects in which individuals re-

spond differently to peers who outperform them and to those who underperform

them. We propose an econometric approach to identify and estimate both effects
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and show that this asymmetry is empirically pervasive and consequential for pol-

icy. Standard peer effects models overlook this distinction and instead recover an

aggregate effect that is not simply the average of the two asymmetric effects. In fact,

this aggregate effect can lie outside the range defined by the underlying asymmetric

effects. Consequently, policy interventions based on the symmetric model may be

inefficient or even harmful. Our empirical application demonstrates the relevance of

these asymmetric effects across several student outcomes. In targeted interventions,

we find that ignoring this asymmetry may generate substantial losses in spillovers.

This paper contributes to the recent literature on heterogeneous peer effects,

where heterogeneity is often introduced through the distribution of peer outcomes

(Boucher et al., 2024). Although this form of heterogeneity is relevant, our results

show that it does not fully capture how individual decisions are formed. Decisions

also depend on how individuals evaluate themselves relative to their peers. As

a result, even when facing the same distribution of peer outcomes, individuals

may respond differently depending on their own performance. Since overlooking

this distinction may lead to counterproductive interventions, standard peer effects

models should be interpreted with caution. More broadly, our results emphasize

that policy-oriented research on peer effects should rely on flexible models to better

understand the mechanisms through which social interactions shape behavior.
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A Proofs

A.1 Equilibrium Uniqueness

Let Ai “ tyj : gij ą 0u Y t´8, `8u denote the set of effort levels chosen by in-

dividual i’s peers, augmented with ´8 and `8. Let a1, . . . , aq denote the ordered

elements of Ai; that is, a1 ă a2 ă ¨ ¨ ¨ ă aq, with a1 “ ´8 and aq “ `8.

We first state and show the following lemmas.

Lemma A.1. The utility function (1) is continuously differentiable in yi.

Proof. The utility function can be written as:

Uipyi, y´iq “ αiyi ´
y2

i
2

´
1
2

ÿ

j‰i

´

βl
1tyj ď yiu ` βh

1tyj ą yiu
¯

gijpyi ´ yjq
2, (A.1)

where 1t¨u denotes the indicator function.

The terms 1tyj ď yiu and 1tyj ą yiu are continuously differentiable in yi for

all yi ‰ yj. Thus, the function Uipyi, y´iq is continuously differentiable in yi for all

yi P RzAi. It is therefore sufficient to show that that Uipyi, y´iq is also continuously

differentiable at any finite yi P Ai; that is, yi “ aℓ for ℓ P t2, . . . , q ´ 1u.20

For any ℓ P t2, . . . , q ´ 1u, if yi P paℓ´1, aℓq, then yi, 1tyj ď yiu “ 1tyj ă aℓu and

1tyj ą yiu “ 1tyj ě aℓu. The utility function can thus be written as:

Uipyi, y´iq “ αiyi ´
y2

i
2

´
1
2

ÿ

j‰i

´

βl
1tyj ă aℓu ` βh

1tyj ě aℓu
¯

gijpyi ´ yjq
2,

Uipyi, y´iq “ αiyi ´
y2

i
2

´
βh

2
n˚

i pyi ´ aℓq2
´

1
2

ÿ

j‰i

´

βl
1tyj ă aℓu ` βh

1tyj ą aℓu
¯

gijpyi ´ yjq
2,

where n˚
i “

ř

j‰i gij1tyj “ aℓu. The function Uipyi, y´iq is differentiable in yi on the

interval paℓ´1, aℓq, since this intervals do not contain any point of Ai. It is easy to

20Such a yi exists only for individuals with at least one friend. For individuals without friends, the

lemma holds because Uipyi, y´iq “ αiyi ´
y2

i
2 , which is continuously differentiable in yi for all yi P R.
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verify that the limit of its derivative as yi approaches aℓ from the left is:

lim
yiÑ

ă
aℓ

BUipyi, y´iq

Byi
“ αi ´ aℓ ´

ÿ

j‰i

´

βl
1tyj ă aℓu ` βh

1tyj ą aℓu
¯

gijpaℓ ´ yjq.

Similarly, if yi P paℓ, aℓ`1q, the utility function can be expressed as:

Uipyi, y´iq “ αiyi ´
y2

i
2

´
1
2

ÿ

j‰i

´

βl
1tyj ď aℓu ` βh

1tyj ą aℓu
¯

gijpyi ´ yjq
2,

Uipyi, y´iq “ ´
1
2

ÿ

j‰i

´

βl
1tyj ă aℓu ` βh

1tyj ą aℓu
¯

gijpyi ´ yjq
2
´

βl

2
n˚

i pyi ´ aℓq2
` αiyi ´

y2
i

2
.

Thus the limit of BUipyi,y´iq
Byi

as yi approaches aℓ from the right is:

lim
yiÑ

ą
aℓ

BUipyi, y´iq

Byi
“ αi ´ aℓ ´

ÿ

j‰i

´

βl
1tyj ă aℓu ` βh

1tyj ą aℓu
¯

gijpaℓ ´ yjq.

Since the left-hand and right-hand limits of BUipyi,y´iq
Byi

at yi “ aℓ are equal, it

follows that Uipyi, y´iq is continuously differentiable at every yi P Ai. Therefore,

Uipyi, y´iq is continuously differentiable in yi over R.

Lemma A.2. Under Assumption (1), the utility function (1) is strictly concave in yi.

Proof. For any interval paℓ, aℓ`1q and any yi P paℓ, aℓ`1q, we have 1tyj ď yiu “ 1tyj ď

aℓu and 1tyj ą yiu “ 1tyj ą aℓu. Substituting these equalities into the expression of

Uipyi, y´iq given in Equation (A.1) and differentiating with respect to yi yields:

BUipyi, y´iq

Byi
“ αi ´ yi ´

ř

j‰i
`

βl
1tyj ď aℓu ` βh

1tyj ą aℓu
˘

gijpyi ´ yjq. (A.2)

One can notice that BUipyi,y´iq
Byi

is linear in yi on each paℓ, aℓ`1q. However, its slope is

likely to differ across the intervals paℓ, aℓ`1q. Thus, Uipyi, y´iq is not twice differen-

tiable at yi P Ai. Nonetheless, since BUipyi,y´iq
Byi

is continuous (Lemma A.1), it suffices

to show that B2Uipyi,y´iq

By2
i

ă 0 for all yi P paℓ, aℓ`1q. This would imply that BUipyi,y´iq
Byi

is

strictly decreasing on each paℓ, aℓ`1q. By continuity, it is then strictly decreasing for

all yi P R, implying that Uipyi, y´iq is strictly concave in yi.
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For any finite yi P paℓ, aℓ`1q, the second derivative is given by:

B2Uipyi, y´iq

By2
i

“ ´1 ´
ÿ

j‰i

´

βl
1tyj ď aℓu ` βh

1tyj ą aℓu
¯

gij.

If βh ě βl, then βl
1tyj ď aℓu ` βh

1tyj ą aℓu ě βl because 1tyj ď aℓu `1tyj ą aℓu “ 1.

Thus, B2Uipyi,y´iq

By2
i

ď ´1 ´ βl ř

j‰i gij. Similarly, if βh ď βl, then B2Uipyi,y´iq

By2
i

ď ´1 ´

βh ř

j‰i gij. Since βl ą ´1
2 and βh ą ´1

2 by Assumption 1, and
ř

j‰i gij “ 1, it follows

that B2Uipyi,y´iq

By2
i

ă 0. As a result, Uipyi, y´iq is strictly concave in yi.

Lemma A.3. Let ȳl
i “

ÿ

j‰i

1tyj ď yiugijyj, ȳh
i “

ÿ

j‰i

1tyj ą yiugijyj, gl
i “

ÿ

j‰i

1tyj ď yiugij,

and gh
i “

ÿ

j‰i

1tyj ą yiugij. The following results hold under Assumption 1.

(i) The best-response function of i is bipy´iq “ yi, where yi is implicitly defined by:

yi “
αi ` βl ȳl

i ` βhȳh
i

1 ` βlgl
i ` βhgh

i
.

(ii) For any j ‰ i, bipy´iq is continuous in yj P R.

Proof. For any yi P R, there exists aℓ, aℓ`1 P Ai such that yi P paℓ, aℓ`1q and BUipyi,y´iq
Byi

is given by Equation (A.2). Since yi P paℓ, aℓ`1q implies that 1tyj ď aℓu “ 1tyj ď yiu

and that 1tyj ą aℓu “ 1tyj ą yiu, we can also write BUipyi,y´iq
Byi

as:

BUipyi, y´iq

Byi
“ αi ´ yi ´

ř

j‰i
`

βl
1tyj ď yiu ` βh

1tyj ą yiu
˘

gijpyi ´ yjq. (A.3)

By continuity of BUipyi,y´iq
Byi

, this expression also holds on any closed (or half-

closed) interval raℓ, aℓ`1s, provided that both aℓ and aℓ`1 are finite. Since the util-

ity function is continuously differentiable and strictly concave, it admits a unique

maximizer bipy´iq “ yi, which satisfies the first-order condition BUipyi,y´iq
Byi

“ 0. From

Equation (A.3), yi is implicitly given by:

yi “
αi ` βl ȳl

i ` βhȳh
i

1 ` βlgl
i ` βhgh

i
.

Furthermore, given that BUipyi,y´iq
Byi

is continuous and strictly decreasing in yi

(Lemmas A.1 and A.2 ), continuity of the best response follows once we show that
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BUipyi,y´iq
Byi

is continuous in yj, for any j ‰ i.

From Equation (A.3), it is clear that BUipyi,y´iq
Byi

is continuous in yj for all yj ‰ yi.

To ensure continuity at yj “ yi, we verify that the left and right limits of BUipyi,y´iq
Byi

as yj approaches yi are equal. This holds because, although βl
1tyj ď yiu ` βh

1tyj ą

yiu may be discontinuous at yj “ yi, it is multiplied by pyi ´ yjq, which tends to

zero. Therefore, the term
`

βl
1tyj ď yiu ` βh

1tyj ą yiu
˘

gijpyi ´ yjq tends to zero as

yj approaches yi from either side. As a result, BUipyi,y´iq
Byi

is continuous in yj. This

completes the proof of the lemma.

A.1.1 Proof of Proposition (1)

We employ the contraction mapping theorem. For any two strategy profiles y “

py1, . . . , ynq1 and ỹ “ pỹ1, . . . , ỹnq1 in Rn, we show that |bipy´iq ´ bipỹ´iq| ď µ∥y ´ ỹ∥8

where µ ă 1.21 However, the best-response function bipy´iq is not always differen-

tiable in yj for a friend j. Let

D “

!

y´i P Rn´1 : bipy´iq is not differentiable in y´i

)

.

Note that bipy´iq is not differentiable in yj only when yj “ yi.22 Since yi “ bipy´iq,

for any y´i P D there exists a friend j such that bipy´iq “ yj.

Step 1: Characterization of the subset D

Since each friend’s status can be either a low or high performer, there are 2ni possi-

ble combinations of statuses. For a given combination, we have either bipy´iq ď yj

or bipy´iq ą yj, depending on whether j is classified as a low or high performer,

respectively. Given that 1tyj ď yiu remains constant for each combination, the im-

plicit expression of bipy´iq in Lemma A.3 implies that the conditions bipy´iq ď yj and

bipy´iq ą yj define linear inequalities in y´i. Taking the inequalities for all friends j

yields a system of linear inequalities in y´i. Consequently, each combination forms

21For any a “ pa1, . . . , anq1 P Rn, the infinity norm of a is defined as ∥a∥8 “ max
i

|ai|.
22This is because of the term βl

1tyj ď yiu ` βh
1tyj ą yiu in the denominator of Equation (4).
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a polyhedron, which we refer to as a cell. However, because these cells are defined in

an ni-dimensional space, at least ni ` 1 inequalities are required to form a bounded

region. Since we only have ni such inequalities, each combination produces an un-

bounded cell.

Considering all possible combinations, we can partition the space of y´i into 2ni

cells for each i. Every cell is delimited by ni facets, which are half-hyperplanes char-

acterized by the equations bipy´iq “ yj for each of the ni friends j. Within a cell, the

status of every friend remains unchanged.

We provide an illustration in Figure A.1 for an individual i1 in a network of three

individuals, where i2 and i3 are both friends of i1. Since ni1 “ 2, the space is parti-

tioned into four cells, which are angular sectors delimited by two facets. Each facet

is a half-line characterized by the equation bi1py´i1q “ yi2 or bi1py´i1q “ yi3 .

´20 ´10 0 10
´20

´10

0

10

20

Cell 1: i2 is a lower
and i3 is a higher

Cell 2: i2 and i3
are higher

Cell 3: i2 and i3
are lower

Cell 4: i2 is a higher
and i3 is a lower

bi1py´i1q “ yi3

b i 1
py

´
i 1

q
“

y i 2

pyi2 , yi3q

pỹi2 , ỹi3q

ωp1q

ωp2q

yi2

y i
3

Figure A.1: Statuses of i2 and i3 and the space of their outcome
Note: this figure illustrates the statuses of friends i2 and i3 in the space of pyi2 , yi3q. We set αi1 “ 1,
βl “ 2.1 and βh “ 0.4.

Since bipy´iq is not differentiable if and only if bipy´iq “ yj, it follows that the

subset D is the union of the facets that separate the cells. When ni ą 1, D is un-

bounded as it includes at least one half-hyperplane or half-line. Therefore, bipy´iq is
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not differentiable at infinitely many points.

Step 2: We show that |bipy´iq ´ bipỹ´iq| ď µ∥y ´ ỹ∥8 if y´i and ỹ´i belong to the

same cell, for some constant µ P p0, 1q.

From Lemma A.3, we have

bipy´iq “
αi ` βl ř

j‰i 1tyj ď yiugijyj ` βh ř

j‰i 1tyj ą yiugijyj

1 ` βl ř

j‰i 1tyj ď yiugij ` βh ř

j‰i 1tyj ą yiugij
,

where yi “ bipy´iq. If y´i and ỹ´i are from the same cell, then 1tyj ď yiugij “ 1tỹj ď

ỹiugij for all j ‰ i. Consequently,

bipy´iq ´ bipỹ´iq “
βl ř

j‰i 1tyj ď yiugijpyj ´ ỹjq ` βh ř

j‰i 1tyj ą yiugijpyj ´ ỹjq

1 ` βl ř

j‰i 1tyj ď yiugij ` βh ř

j‰i 1tyj ą yiugij
,

|bipy´iq ´ bipỹ´iq| ď
|βl|

ř

j‰i 1tyj ď yiugij ` |βh|
ř

j‰i 1tyj ą yiugij

|1 ` βl ř

j‰i 1tyj ď yiugij ` βh ř

j‰i 1tyj ą yiugij|
max

j‰i
|yj ´ ỹj|,

|bipy´iq ´ bipỹ´iq| ď
|βl|gl

i ` |βh|gh
i

|1 ` βlgl
i ` βhgh

i |
∥y ´ ỹ∥8 “

p|βh| ´ |βl|qgh
i ` |βl|

|1 ` pβh ´ βlqgh
i ` βl|

∥y ´ ỹ∥8.

The last equality holds because gl
i ` gh

i “ 1. As βl ą ´1
2 and βh ą ´1

2 , then

1 ` βlgl
i ` βhgh

i is positive. Moreover, p|βh|´|βl |qgh
i `|βl |

1`pβh´βlqgh
i `βl is monotone in gh

i and is thus

bounded above by either |βh|
1`βh or |βl |

1`βl . As a result, for µ “ max
kPtl,hu

|βk|
1`βk , we have

|bipy´iq ´ bipỹ´iq| ď µ∥y ´ ỹ∥8, where µ ă 1 because βl ą ´1
2 and βh ą ´1

2 .

Importantly, the condition |bipy´iq ´ bipỹ´iq| ď µ∥y ´ ỹ∥8 holds even if y´i and

ỹ´i belong to facets delimiting a cell (e.g., ωp1q and ωp2q in Figure A.1). Indeed, such

y´i and ỹ´i can be approached as limits of sequences in the interior of the cell. As bi

is continuous (Lemma A.3), the condition holds for the sequences and their limits.

Step 3: We show that |bipy´iq ´ bipỹ´iq| ď µ∥y ´ ỹ∥8 for any y´i and ỹ´i.

Given the result of Step 2, it is sufficient to show that |bipy´iq ´ bipỹ´iq| ď µ∥y ´ ỹ∥8

when y´i and ỹ´i are from different cells. The challenge here is that 1tyj ď yiugij may

differ from 1tỹj ď ỹiugij and, therefore, bipy´iq ´ bipỹ´iq cannot be easily simplified.
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For any y´i and ỹ´i from different cells, let wp1q, . . . , wpRq denote the intersections

of the segment ry´i, ỹ´is with cell facets, where R is the number of intersections.

Note that each segment rwprq, wpr`1qs, for r ď R, belongs to a single cell because wprq

and wpr`1q are consecutive intersections and thus lie on facets delimiting the same

cell (see Figure A.1). Define wp0q “ y´i and wpR`1q “ ỹ´i. We use the telescoping

decomposition bipy´iq ´ bipỹ´iq “
řR

r“0
`

bipwprqq ´ bipwpr`1qq
˘

, which implies that:

|bipy´iq ´ bipỹ´iq| ď

R
ÿ

r“0

|bipwprq
q ´ bipwpr`1q

q|,

|bipy´iq ´ bipỹ´iq| ď µ
R

ÿ

r“0

∥wprq
´ wpr`1q∥8. (A.4)

The first inequality holds by the triangular inequality, while the second inequality

holds by Step 2 because wprq and wpr`1q belong to the same cell (including facets).

Furthermore, since all wprq lie on the segment ry´i, ỹ´is, we have wprq ´ wpr`1q “

trpy´i ´ ỹ´iq, with tr ą 0 and
řR

r“0 tr “ 1. Substituting this into (A.4) yields:

|bipy´iq ´ bipỹ´iq| ď µ∥y´i ´ ỹ´i∥8

R
ÿ

r“0

tr ď µ∥y ´ ỹ∥8.

As a result, the mapping b is a contraction, and the Nash equilibrium is unique.

A.2 Proof of Proposition 2

The equilibrium outcome of individual i is given by Equation (4):

yi “
αi ` βl ȳl

i ` βhȳh
i

1 ` βlgl
i ` βhgh

i
.

Assume a uniform increase in productivity by ᾱ such that the new productivity level

is α̃i “ αi ` ᾱ for all i. This increase likely affects individuals’ best responses and the

equilibrium. Let ỹi, ˜̄yl
i , ˜̄yh

i , g̃l
i , and g̃h

i denote the counterparts of yi, ȳl
i , ȳh

i , gl
i , and gh

i

under the new equilibrium. Assume that ỹi “ yi ` ᾱ for all i, so that ˜̄yl
i “ ȳl

i ` gl
i ᾱ,
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˜̄yh
i “ ȳh

i ` gh
i ᾱ, g̃l

i “ gl
i , and g̃h

i “ gh
i . It follows that:

α̃i ` βl ˜̄yl
i ` βh ˜̄yh

i

1 ` βl g̃l
i ` βh g̃h

i
“

αi ` ᾱ ` βlpȳl
i ` gl

i ᾱq ` βhpȳh
i ` gh

i ᾱq

1 ` βlgl
i ` βhgh

i

“
αi ` βl ȳl

i ` βhȳh
i

1 ` βlgl
i ` βhgh

i
`

ᾱp1 ` βlgl
i ` βhgh

i q

1 ` βlgl
i ` βhgh

i

“ yi ` ᾱ,

“ ỹi. (A.5)

Equation (A.5) is analogous to Equation (4), but written for α̃ and ỹi. Because the

contraction mapping theorem guarantees that Equation (A.5) has a unique solution,

and since the equilibrium associated with the new productivity level must satisfy

Equation (A.5), it follows that ỹi “ yi ` ᾱ is the outcome of the new equilibrium.

A.3 Proof of Proposition 3

From Equation (7), we have:

Empymq “ c̃1nm ` θ1GmEmpymq ` θ2Empy̌mq ` Xmθ3 ` GmXmθ4,

which implies

pInm ´ θ1GmqEmpymq “ c̃1nm ` θ2Empy̌mq ` pInm ´ θ1GmqXmθ3 ` GmXmpθ1θ3 ` θ4q.

Under Assumption 1, |θ1| ă 1, thus Inm ´ θ1Gm is invertible. It thus follows that:

Empymq “ pInm ´ θ1Gmq
´1

pc̃1nm ` θ2Empy̌mq ` GmXmpθ1θ3 ` θ4qq ` Xmθ3. (A.6)

We first show that the reduced-form parameter vector θ “ pθ1, θ2, c̃, θ1
3, θ1

4q1 is

identified. Suppose that two parameter vectors, θ and 9θ “ p 9θ1, 9θ2, 9̃c, 9θ
1

3, 9θ
1

4q1, gen-

erate the same distribution of the data, that is, the same Empymq and Empy̌mq. Fol-

lowing Rothenberg (1971), we establish identification by showing that this implies

θ “ 9θ.

From Equation (A.6), we have:
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pInm ´ θ1Gmq
´1

pc̃1nm ` θ2Empy̌mq ` GmXmpθ1θ3 ` θ4qq ` Xmθ3 “

pInm ´ 9θ1Gmq
´1

p 9̃c1nm ` 9θ2Empy̌mq ` GmXmp 9θ1 9θ3 ` 9θ4qq ` Xm 9θ3

(A.7)

By premultiplying each term of Equation (A.7) by pInm ´ θ1GmqpInm ´ 9θ1Gmq,

which is also equal to pInm ´ 9θ1GmqpInm ´ θ1Gmq, we obtain:

pInm ´ 9θ1Gmq
`

c̃1nm ` θ2Empy̌mq ` GmXmpθ1θ3 ` θ4q ` pInm ´ θ1GmqXmθ3
˘

“

pInm ´ θ1Gmq
`

9̃c1nm ` 9θ2Empy̌mq ` GmXmp 9θ1 9θ3 ` 9θ4q ` pInm ´ 9θ1GmqXm 9θ3
˘

.

This implies that:

pInm ´ 9θ1Gmq
`

c̃1nm ` θ2Empy̌mq ` Xmθ3 ` GmXmθ4
˘

“

pInm ´ θ1Gmq
`

9̃c1nm ` 9θ2Empy̌mq ` Xm 9θ3 ` GmXm 9θ4
˘

.

As we assume that there are no isolated individuals, Gk
m1nm “ 1nm . We thus obtain:

pc̃ ´ 9̃c ´ θ1 9̃c ` 9θ1c̃q1nm ` pθ2 ´ 9θ2qEmpy̌mq ` pθ1
9θ2 ´ 9θ1θ2qGmEmpy̌mq`

Xmpθ3 ´ 9θ3q ` GmXmpθ1 9θ3 ´ 9θ1θ3 ` θ4 ´ 9θ4q ` G2
mXmpθ1 9θ4 ´ 9θ1θ4q “ 0.

(A.8)

Since 1
M

řM
m“1 A1

mAm is a full-rank matrix (Assumption 3(ii)), it follows that all

coefficients of the linear combination in Equation (A.8) are equal to zero.

Setting the coefficients of Empy̌mq and Xm to zero implies that θ2 “ 9θ2 and θ3 “ 9θ3.

Since θ3 “ 9θ3, setting the coefficients of GmXm and G2
mXm to zero implies:

θ1θ3 ` θ4 “ 9θ1θ3 ` 9θ4 and (A.9)

θ1 9θ4 “ 9θ1θ4. (A.10)

By multiplying Equation (A.9) by θ1, we obtain θ1pθ1θ3 ` θ4q “ θ1
9θ1θ3 ` θ1 9θ4.

Substituting θ1 9θ4 with 9θ1θ4 (from Equation (A.10)) yields θ1pθ1θ3 ` θ4q “ 9θ1pθ1θ3 `

θ4q. Since θ1θ3 ` θ4 ‰ 0 (Assumption 3(i)), it follows that θ1 “ 9θ1. Substituting back

into Equation (A.9) implies that θ4 “ 9θ4.

Furthermore, setting the coefficient on 1nm equal to zero implies that c̃ “ 9̃c. As a

result, θ “ 9θ, and the reduced-form parameters are point identified.
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The identification of the structural parameters then follows directly. In particular,

identification of θ1 “
βl

1`βl and c̃ “ c
1`βl implies that βl and c are identified. The

identification of θ2 “
βh´βl

1`βl together with βl implies that βh is identified. Finally,

identification of θ3 “
γ1

1`βl and θ4 “
γ2

1`βl implies that γ1 and γ2 are identified.

A.4 Proof of Proposition 4

Since the model is just identified, the IV estimator can be written as

θ̂ “

´

1
M

řM
m“1 Ẑ1

mVm

¯´1 ´

1
M

řM
m“1 Ẑ1

mym

¯

,
?

Mpθ̂ ´ θ0q “ 1
1`βl

0

´

1
M

řM
m“1 Ẑ1

mVm

¯´1 ´

1?
M

řM
m“1 Ẑ1

mεm

¯

,

where βl
0 is the true value of βl. The second equation follows from substituting ym

with its expression given in Equation (7), evaluated at the true parameter θ0.

Assumption 4 implies that plim 1
M

řM
m“1 Ẑ1

mVm is deterministic, where plim de-

notes the probability limit as M goes to infinity. It is thus sufficient to show that
1?
M

řM
m“1 Ẑ1

mεm converges in distribution to a centered normal distribution.

However, the central limit theorem does not apply directly to 1?
M

řM
m“1 Ẑ1

mεm

because Ẑ1
mεm is not independent across m. To address this issue, we decompose

1?
M

řM
m“1 Ẑ1

mεm as follows:

1?
M

řM
m“1 Ẑ1

mεm “ 1?
M

řM
m“1 Z1

mεm ` 1?
M

řM
m“1

`

Ẑm ´ Zm
˘1

εm.

The first term is a sum of i.i.d. variables scaled by
?

M. Thus, it converges to a cen-

tered normal distribution. We show that the second term vanishes asymptotically.

We randomly split the networks into L folds F1, . . . ,FL, where L ă 8. Define

ul “ 1?
M

ř

mPFl

`

Ẑm ´ Zm
˘1

εm, so that 1?
M

řM
m“1

`

Ẑm ´ Zm
˘1

εm “
řL

l“1 ul. The use

of cross-fitting ensures that, for any m, m1 P Fl, Ẑm1 is independent of εm conditional

on Xm and Gm, implying that Epulq “ 0. Moreover,
`

Ẑm ´ Zm
˘1

εm is independent

across m P Fl, conditional on Xm and Gm. Thus,

Vpulq “ 1
M

ř

mPFl
E

”

pẐm ´ Zmq1Empεmε1
mqpẐm ´ Zmq

ı

,
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where V denotes the variance.

Since Ẑm ´ Zm “ opp1q (Assumption 4(i)), then Vpulq is asymptotically zero.

Consequently, ul “ opp1q by mean square convergence. As L ă 8, it follows that
1?
M

řM
m“1

`

Ẑm ´ Zm
˘1

εm “ opp1q. Thus,

?
Mpθ̂ ´ θ0q “ 1

1`βl
0

´

1
M

řM
m“1 Z1

mVm

¯´1 ´

1?
M

řM
m“1 Z1

mεm

¯

` opp1q.

As a result, θ̂ is a consistent estimator of θ0, and
?

Mpθ̂ ´ θ0q
d

Ñ Np0, Σq. The

asymptotic variance is given by

Σ “
1

p1 ` βl
0q2

Ω

˜

plim
1
M

M
ÿ

m“1

Z1
mEmpεmε1

mqZm

¸

Ω1,

where Ω “

´

plim 1
M

řM
m“1 Z1

mVm

¯´1
.

A.5 Proof of Proposition 5

The moment condition for the estimation of the symmetric model is given by:

E
`

Z̃1
mpym ´ δ1ȳm ´ Rmδ2q

˘

“ 0, (A.11)

where Rm “ p1nm , Xm, GmXmq and δ1 “
β

1 ` β
.

We first prove that
β

1 ` β
“

βl

1 ` βl ` δh
1

βh ´ βl

1 ` βl . The expression of the outcome in

the asymmetric model (Equation (5)) can be written as:

ym “
βl ȳm ` pβh ´ βlqy̌h

m ` Rmγ ` εm

1 ` βl , (A.12)

where γ “ pc, γ1
1, γ1

2q1. Substituting ym in Equation (A.11) yields:
ˆ

βl

1 ` βl ´ δ1

˙

EpZ̃1
mȳmq `

βh ´ βl

1 ` βl EpZ̃1
my̌h

mq ` EpZ̃1
mRmq

ˆ

γ

1 ` βl ´ δ2

˙

“ 0, (A.13)

because E
`

Z̃1
mεm

˘

“ 0 by the exogeneity assumption in Assumption 2(ii).

Next, we use the moment condition E
´

Z̃1
m

`

y̌h
m ´ δh

1 ȳm ´ Rmδh
2
˘

¯

“ 0 of the aux-

iliary IV (12), which implies E
`

Z̃1
my̌h

m
˘

“ δh
1E

`

Z̃1
mȳm

˘

´ E
`

Z̃1
mRm

˘

δh
2. Substituting
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E
`

Z̃1
my̌h

m
˘

into Equation (A.13) implies that:
˜

βl

1 ` βl `
βh ´ βl

1 ` βl δh
1 ´ δ1

¸

EpZ̃1
mȳmq ` EpZ̃1

mRmq

˜

γ

1 ` βl `
βh ´ βl

1 ` βl δh
2 ´ δ2

¸

“ 0.

As M tends to infinity, Assumption 4(ii) implies that EpZ̃1
mVmq is full rank.

Thus, EpZ̃1
mRmq and EpZ̃1

mȳmq are linearly independent because Z̃m is composed of

columns of Ẑm, and Rm and ȳm are also composed of columns of Vm. As a result,
βl

1 ` βl `
βh ´ βl

1 ` βl δh
1 ´ δ1 “ 0, and the result follows because δ1 “

β

1 ` β
.

To prove that
β

1 ` β
“

βh

1 ` βh ` δl
1

βl ´ βh

1 ` βh , we proceed analogously, except that

we substitute ym in Equation (A.11) with the following alternative representation:

ym “
βhȳm ` pβl ´ βhqy̌l

m ` Rmγ ` εm

1 ` βh ,

As for Equation (A.12), this expression is derived from Equation (4) by substituting

gh
m,i “ 1 ´ gl

m,i and ȳh
m,i “ ȳm,i ´ ȳl

m,i.

Furthermore, in the resulting equation, which is the counterpart of (A.13), we

substitute E
`

Z̃1
my̌l

m
˘

“ δl
1E

`

Z̃1
mȳm

˘

´ E
`

Z̃1
mRm

˘

δl
2, which is derived from the second

moment condition of the auxiliary IV (12).
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B Construction of the Instruments

In this section, we detail how we construct instruments for y̌m,i and ȳm,i. These in-

struments are predictions of Empy̌m,iq and Empȳm,iq obtained using flexible super-

vised machine learning (ML) methods.

We define some notation for convenience. Let Nm denote the set of individuals in

network m. We split the sample across networks into L ě 2 folds labeled F1, . . . ,FL,

where L ă 8. For any fold Fl, we define

Šl “

!

pi, jq P Fl ˆ Fl : D m such that Nm Ă Fl, i, j P Nm, and gm,ij ą 0
)

,

S̄l “

!

i P Fl : D m such that Nm Ă Fl, i P Nm, and nm,i ą 0
)

.

The set Šl includes all pairs of individuals pi, jq from the same network Nm in fold

Fl such that gm,ij ą 0, whereas S̄l includes all individuals i from some network Nm

who have at least one friend.

We also define

Š´l “

L
ď

l1‰l

Šl1 and S̄´l “

L
ď

l1‰l

S̄l1 .

1



The set Š´l contains all pairs of connected individuals not in Šl, and S̄´l includes all

non-isolated individuals not in S̄l.

B.1 Instrument for y̌m,i

For any i P Nm with Nm Ă Fl, we can write Empy̌m,iq from Equation (10) as

Empy̌m,iq “
ÿ

pi,jqPŠl

gm,ij Pmt∆y
m,ji ą 0u

looooooomooooooon

Extensive margin

Emp∆y
m,ji | ∆y

m,ji ą 0q
loooooooooooomoooooooooooon

Intensive margin

.

Consequently, we focus on predicting extensive and intensive margins for pairs

pi, jq P Šl. Since w̌m,i “
`

x1
m,i, gm,iXm, gm,iGmXm

˘1, where gm,i is the i-th row of Gm,

we define w̌m,ji “ w̌m,j ´ w̌m,i as the predictor for both margins.

For any pi, jq P Šl, with i, j P Nm, we have

P̂mt∆y
m,ji ą 0u “ ȟext

l pw̌m,jiq,

Êmp∆y
m,ji | ∆y

m,ji ą 0q “ ȟint
l pw̌m,jiq,

where P̂m and Êm denote the predicted probability and expectation, respectively.

The mappings ȟext
l and ȟint

l are estimated using supervised ML methods. We rely on

random forests, although other methods could also be used.

Specifically, to obtain ȟext
l , we train random forests where the target variable is

1t∆y
m,ji ą 0u and the predictor is w̌m,ji. This training step is performed using data

from Š´l only, ensuring that ȟext
l is independent of the data in Šl. Consequently,

ȟext
l pw̌m,jiq is independent of εm.

Similarly, to obtain ȟint
l , we train random forests where the target variable is ∆y

m,ji

and the predictor is w̌m,ji. The training is performed using data from the sample

Š int
´l “

!

pi, jq P Š´l : i, j P Nm1 , and ∆y
m1,ji ą 0

)

.

This ensures that ȟint
l pw̌m,jiq is independent of εm, while being interpretable as a pre-

diction of a conditional expectation given ∆y
m,ji ą 0.

The rationale for the cross-fitting approach is that ȟext
l and ȟint

l do not depend on

2



l asymptotically. Therefore, the training can be performed excluding data from Šl.

Finally, we construct the instrument Êmpy̌m,iq as

Êmpy̌m,iq “
ÿ

j‰i

gm,ij P̂mt∆y
m,ji ą 0u Êmp∆y

m,ji | ∆y
m,ji ą 0q.

B.2 Instrument for ȳm,i

As discussed in Section 3.3, given the prediction Êmpy̌m,iq obtained above,

w̄m,i “
`

gm,iXm, gm,iGmXm, gm,iÊmpy̌mq, gm,iGmÊmpy̌mq
˘1

is a natural predetermined predictor of Empȳm,iq.

For any i P S̄l, with i P Nm, we thus have

Êmpȳm,iq “ h̄lpw̄m,iq.

To obtain h̄l, we train random forests where the target variable is ȳm,i and the

predictor is w̄m,i. As in Section B.1, this training is performed using data from S̄´l,

ensuring that h̄lpw̄m,iq is independent of εm.

C Summary Statistics and Detailed Empirical Results
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Table C.1: Summary Statistics

Smoke Fight Optimism Drink

Mean SD Min Max Mean SD Min Max Mean SD Min Max Mean SD Min Max

Outcome 0.925 2.189 0 7 1.336 2.159 0 8 6.519 1.77 0 8 0.402 1.114 0 7
Age 15.047 1.695 10 19 15.083 1.683 10 19 15.035 1.694 10 19 15.047 1.695 10 19
Female 0.509 0.5 0 1 0.511 0.5 0 1 0.51 0.5 0 1 0.509 0.5 0 1
Grade 9.665 1.596 6 12 9.71 1.587 6 12 9.655 1.599 6 12 9.665 1.597 6 12
Hispanic 0.168 0.374 0 1 0.161 0.367 0 1 0.167 0.373 0 1 0.168 0.374 0 1
Race

White 0.635 0.481 0 1 0.645 0.479 0 1 0.636 0.481 0 1 0.635 0.481 0 1
Black 0.174 0.379 0 1 0.17 0.376 0 1 0.173 0.378 0 1 0.174 0.379 0 1
Asian 0.069 0.253 0 1 0.069 0.253 0 1 0.068 0.252 0 1 0.069 0.253 0 1

Mother education
ă High 0.17 0.375 0 1 0.164 0.371 0 1 0.171 0.376 0 1 0.17 0.375 0 1
ą High 0.405 0.491 0 1 0.412 0.492 0 1 0.407 0.491 0 1 0.405 0.491 0 1
Missing 0.127 0.333 0 1 0.124 0.33 0 1 0.124 0.329 0 1 0.127 0.333 0 1

Mother job
Professional 0.197 0.398 0 1 0.201 0.4 0 1 0.198 0.399 0 1 0.197 0.398 0 1
Other 0.422 0.494 0 1 0.423 0.494 0 1 0.424 0.494 0 1 0.422 0.494 0 1
Missing 0.179 0.383 0 1 0.175 0.38 0 1 0.176 0.381 0 1 0.179 0.383 0 1

Degree
Matched 3.604 2.858 0 10 3.519 2.825 0 10 3.656 2.864 0 10 3.598 2.854 0 10
Unmatched 1.726 1.871 0 10 1.811 1.916 0 10 1.716 1.861 0 10 1.732 1.873 0 10

n (students) 74,840 71,544 75,302 74,677
M (schools) 140 140 140 140

Notes: The sample sizes differ across outcomes because of missing outcome values.
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Table C.2: Estimation Results

Outcome Smoking Fighting Optimism Drinking
Model Asym. Sym. Asym. Sym. Asym. Sym. Asym. Sym.

Endogenous Peer effects
βl 1.219 -0.065 3.694 0.842

(0.298) (0.087) (0.625) (0.184)
βh 3.448 1.115 -0.201 1.206

(0.449) (0.179) (0.162) (0.296)
β 2.839 0.232 0.623 0.897

(0.458) (0.059) (0.093) (0.172)
Test Symmetry 2.229 1.180 -3.896 0.364

(0.281) (0.232) (0.737) (0.285)
Own Effects
Age 0.278 0.289 0.161 0.188 -0.278 -0.309 0.144 0.147

(0.034) (0.036) (0.021) (0.021) (0.024) (0.020) (0.024) (0.024)
Female 0.013 0.013 -0.950 -0.931 0.309 0.358 -0.334 -0.334

(0.041) (0.040) (0.043) (0.043) (0.034) (0.029) (0.031) (0.031)
Grade -0.175 -0.183 -0.349 -0.381 0.294 0.320 -0.078 -0.080

(0.041) (0.044) (0.027) (0.025) (0.029) (0.027) (0.029) (0.029)
Hispanic 0.013 0.021 0.150 0.197 -0.444 -0.374 0.199 0.201

(0.077) (0.087) (0.053) (0.055) (0.064) (0.048) (0.037) (0.037)
Race

White 0.401 0.450 -0.070 -0.054 0.032 0.051 0.061 0.065
(0.070) (0.078) (0.046) (0.048) (0.053) (0.043) (0.030) (0.030)

Black -0.507 -0.524 0.129 0.148 -0.032 -0.018 -0.005 -0.002
(0.075) (0.081) (0.066) (0.065) (0.065) (0.051) (0.048) (0.048)

Asian 0.200 0.168 0.115 0.068 -0.066 0.012 0.205 0.200
(0.077) (0.088) (0.056) (0.057) (0.082) (0.062) (0.056) (0.056)

Mother education
< High 0.069 0.056 0.020 0.039 -0.278 -0.272 0.021 0.022

(0.051) (0.058) (0.037) (0.038) (0.051) (0.036) (0.027) (0.027)
> High -0.064 -0.165 -0.042 -0.098 0.402 0.404 -0.009 -0.013

(0.038) (0.043) (0.027) (0.025) (0.048) (0.030) (0.016) (0.016)
Missing 0.317 0.267 0.183 0.198 -0.287 -0.230 0.175 0.176

(0.056) (0.060) (0.043) (0.041) (0.059) (0.044) (0.040) (0.040)
Mother job

Professional 0.104 0.119 0.099 0.097 0.198 0.185 0.071 0.073
(0.053) (0.056) (0.032) (0.031) (0.051) (0.030) (0.023) (0.023)

Other 0.238 0.280 0.094 0.109 0.071 0.047 0.065 0.068
(0.054) (0.061) (0.028) (0.026) (0.037) (0.023) (0.020) (0.020)

Missing 0.156 0.222 0.119 0.147 -0.069 -0.131 0.036 0.039
(0.058) (0.062) (0.044) (0.039) (0.052) (0.034) (0.024) (0.023)

Degree
Matched -0.106 -0.149 -0.037 -0.034 0.079 0.085 -0.011 -0.010

(0.017) (0.022) (0.005) (0.005) (0.009) (0.006) (0.004) (0.004)
Unmatched 0.054 0.054 0.048 0.052 0.009 -0.006 0.035 0.035

(0.012) (0.012) (0.008) (0.010) (0.007) (0.007) (0.006) (0.006)
Contextual Effects
Age -0.170 0.172 -0.039 0.098 0.350 -0.134 0.005 0.041

(0.108) (0.097) (0.049) (0.033) (0.124) (0.036) (0.041) (0.028)
Female 0.320 0.343 0.619 0.217 -0.464 -0.153 0.286 0.237

Continued on next page
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Table C.2 – continued from previous page

Outcome Smoking Fighting Optimism Drinking
Model Asym. Sym. Asym. Sym. Asym. Sym. Asym. Sym.

(0.109) (0.117) (0.088) (0.055) (0.104) (0.041) (0.056) (0.043)
Grade 0.109 -0.047 0.173 -0.064 -0.398 0.102 -0.000 -0.024

(0.105) (0.106) (0.066) (0.038) (0.128) (0.043) (0.041) (0.034)
Hispanic -0.176 -0.191 -0.096 0.055 0.588 -0.060 -0.086 -0.053

(0.175) (0.223) (0.086) (0.075) (0.198) (0.083) (0.069) (0.060)
Race

White -0.244 0.272 0.017 0.080 -0.343 -0.021 0.068 0.086
(0.167) (0.168) (0.079) (0.064) (0.166) (0.077) (0.056) (0.052)

Black 0.681 -0.022 -0.113 0.029 -0.070 0.008 0.032 0.039
(0.178) (0.188) (0.101) (0.091) (0.152) (0.081) (0.065) (0.061)

Asian -0.240 -0.483 -0.317 -0.376 -0.096 0.155 -0.224 -0.243
(0.195) (0.227) (0.094) (0.088) (0.182) (0.091) (0.068) (0.065)

Mother education
< High 0.160 0.249 0.047 0.089 0.320 -0.075 -0.068 -0.069

(0.179) (0.215) (0.068) (0.063) (0.157) (0.071) (0.046) (0.044)
> High 0.078 -0.223 -0.111 -0.213 -0.525 0.147 -0.051 -0.060

(0.129) (0.150) (0.060) (0.049) (0.153) (0.049) (0.041) (0.040)
Missing -0.032 0.028 -0.015 0.106 0.209 0.015 -0.018 -0.009

(0.194) (0.234) (0.098) (0.080) (0.205) (0.089) (0.072) (0.068)
Mother job

Professional 0.017 0.126 0.068 0.013 -0.277 -0.079 -0.015 -0.001
(0.166) (0.205) (0.066) (0.058) (0.129) (0.066) (0.055) (0.051)

Other 0.078 0.386 0.086 0.106 -0.122 -0.129 0.045 0.067
(0.134) (0.160) (0.064) (0.054) (0.107) (0.056) (0.049) (0.043)

Missing -0.096 0.255 0.073 0.176 0.314 -0.137 0.044 0.076
(0.207) (0.240) (0.094) (0.077) (0.181) (0.069) (0.071) (0.061)

Degree
Matched 0.035 -0.051 -0.001 -0.039 -0.139 0.028 0.004 -0.004

(0.025) (0.026) (0.009) (0.006) (0.034) (0.009) (0.009) (0.007)
Unmatched -0.094 0.025 -0.003 0.038 0.008 -0.026 -0.001 0.009

(0.038) (0.035) (0.015) (0.012) (0.028) (0.013) (0.011) (0.008)

F statistic (ȳ) 88.899 171.597 42.730 64.382 84.574 103.343 25.228 40.992
F statistic (y̌) 62.752 23.597 22.324 18.574
KP LM test p-value 0.000 0.000 0.002 0.000 0.000 0.000 0.000 0.000

Notes: Estimates are reported without parentheses, with standard errors (clustered at the network level) shown in parentheses.
To generate the instruments, we use random forests with 5-fold cross-fitting (see Supplemental Appendix B) and 1,500 trees.
For each training step, 20% of the sample is used to tune the remaining hyperparameters. The row labeled “KP LM test
p-value” reports the p-value of the rank LM test for underidentification.
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Table C.3: Estimation Results Without Fake Isolated

Outcome Smoking Fighting Optimism Drinking
Model Asym. Sym. Asym. Sym. Asym. Sym. Asym. Sym.

Endogenous Peer effects
βl 1.290 -0.164 3.003 0.928

(0.360) (0.085) (0.536) (0.202)
βh 3.452 1.274 0.003 1.080

(0.476) (0.191) (0.150) (0.291)
β 2.995 0.227 0.654 0.951

(0.525) (0.058) (0.110) (0.181)
βh ´ βl 2.162 1.437 -3.000 0.152

(0.281) (0.241) (0.617) (0.313)
Own Effects
Age 0.281 0.294 0.145 0.184 -0.303 -0.329 0.145 0.146

(0.038) (0.041) (0.021) (0.021) (0.029) (0.025) (0.027) (0.026)
Female -0.016 -0.030 -0.938 -0.934 0.360 0.389 -0.340 -0.340

(0.049) (0.051) (0.042) (0.041) (0.042) (0.037) (0.032) (0.032)
Grade -0.179 -0.189 -0.318 -0.364 0.301 0.326 -0.074 -0.076

(0.042) (0.046) (0.028) (0.026) (0.033) (0.030) (0.031) (0.031)
Hispanic -0.008 -0.001 0.119 0.180 -0.418 -0.354 0.184 0.185

(0.071) (0.078) (0.053) (0.054) (0.066) (0.049) (0.035) (0.034)
Race

White 0.399 0.458 -0.062 -0.035 0.004 0.039 0.071 0.073
(0.074) (0.081) (0.046) (0.047) (0.057) (0.046) (0.033) (0.032)

Black -0.487 -0.502 0.124 0.154 -0.078 -0.041 0.012 0.013
(0.073) (0.082) (0.069) (0.065) (0.063) (0.052) (0.050) (0.050)

Asian 0.257 0.236 0.129 0.064 -0.066 0.019 0.227 0.225
(0.084) (0.096) (0.056) (0.052) (0.088) (0.064) (0.060) (0.061)

Mother education
< High 0.089 0.082 0.017 0.045 -0.250 -0.260 0.022 0.023

(0.053) (0.059) (0.038) (0.038) (0.057) (0.040) (0.025) (0.025)
> High -0.025 -0.133 -0.014 -0.080 0.420 0.415 -0.000 -0.002

(0.045) (0.052) (0.027) (0.025) (0.056) (0.035) (0.018) (0.018)
Missing 0.331 0.277 0.166 0.189 -0.237 -0.201 0.168 0.168

(0.059) (0.065) (0.045) (0.043) (0.066) (0.046) (0.037) (0.036)
Mother job

Professional 0.098 0.113 0.092 0.088 0.205 0.187 0.074 0.075
(0.062) (0.068) (0.033) (0.031) (0.057) (0.033) (0.027) (0.027)

Other 0.214 0.254 0.085 0.104 0.051 0.036 0.063 0.064
(0.050) (0.055) (0.029) (0.027) (0.043) (0.025) (0.022) (0.022)

Missing 0.114 0.177 0.103 0.139 -0.071 -0.138 0.033 0.035
(0.062) (0.068) (0.047) (0.042) (0.055) (0.035) (0.027) (0.027)

Degree
Matched -0.107 -0.150 -0.037 -0.034 0.080 0.085 -0.010 -0.010

(0.018) (0.024) (0.005) (0.005) (0.009) (0.007) (0.004) (0.004)
Unmatched 0.114 0.217 0.053 0.069 -0.002 -0.026 0.059 0.060

(0.027) (0.040) (0.009) (0.009) (0.012) (0.009) (0.009) (0.008)
Contextual Effects
Age -0.161 0.159 -0.063 0.100 0.243 -0.127 0.023 0.039

(0.109) (0.102) (0.050) (0.033) (0.104) (0.036) (0.041) (0.030)
Female 0.342 0.380 0.685 0.217 -0.420 -0.176 0.266 0.246

Continued on next page
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Table C.3 – continued from previous page

Outcome Smoking Fighting Optimism Drinking
Model Asym. Sym. Asym. Sym. Asym. Sym. Asym. Sym.

(0.110) (0.125) (0.096) (0.055) (0.091) (0.045) (0.056) (0.044)
Grade 0.107 -0.033 0.204 -0.078 -0.270 0.109 -0.016 -0.026

(0.106) (0.112) (0.069) (0.039) (0.108) (0.043) (0.041) (0.036)
Hispanic -0.163 -0.184 -0.113 0.065 0.425 -0.067 -0.059 -0.046

(0.177) (0.230) (0.087) (0.074) (0.172) (0.085) (0.067) (0.060)
Race

White -0.222 0.278 -0.004 0.071 -0.260 -0.015 0.075 0.082
(0.169) (0.174) (0.081) (0.063) (0.146) (0.079) (0.056) (0.053)

Black 0.635 -0.058 -0.140 0.026 -0.029 0.029 0.022 0.024
(0.178) (0.191) (0.105) (0.091) (0.132) (0.082) (0.066) (0.065)

Asian -0.282 -0.520 -0.301 -0.370 -0.037 0.151 -0.250 -0.258
(0.198) (0.233) (0.099) (0.087) (0.161) (0.094) (0.071) (0.069)

Mother education
< High 0.171 0.272 0.040 0.092 0.224 -0.077 -0.065 -0.066

(0.182) (0.225) (0.070) (0.063) (0.136) (0.072) (0.045) (0.044)
> High 0.066 -0.215 -0.093 -0.215 -0.375 0.140 -0.058 -0.062

(0.131) (0.155) (0.061) (0.048) (0.139) (0.051) (0.042) (0.040)
Missing -0.029 0.032 -0.041 0.106 0.162 0.015 -0.013 -0.009

(0.196) (0.244) (0.101) (0.080) (0.178) (0.090) (0.072) (0.070)
Mother job

Professional 0.019 0.126 0.077 0.012 -0.234 -0.084 -0.010 -0.005
(0.169) (0.214) (0.069) (0.057) (0.111) (0.069) (0.056) (0.052)

Other 0.086 0.379 0.081 0.106 -0.123 -0.130 0.055 0.064
(0.137) (0.165) (0.066) (0.054) (0.094) (0.057) (0.051) (0.044)

Missing -0.091 0.230 0.053 0.175 0.212 -0.132 0.059 0.072
(0.210) (0.250) (0.097) (0.077) (0.153) (0.071) (0.071) (0.063)

Degree
Matched 0.036 -0.039 0.006 -0.039 -0.101 0.026 0.002 -0.002

(0.026) (0.027) (0.010) (0.006) (0.028) (0.009) (0.009) (0.008)
Unmatched -0.110 -0.032 -0.013 0.033 0.003 -0.019 -0.004 0.000

(0.040) (0.042) (0.015) (0.011) (0.024) (0.014) (0.011) (0.009)

F statistic (ȳ) 88.899 171.597 42.730 64.382 84.574 103.343 25.228 40.992
F statistic (y̌) 62.752 23.597 22.324 18.574
KP LM test p-value 0.000 0.000 0.002 0.000 0.000 0.000 0.000 0.000

Notes: Estimates are reported without parentheses, with standard errors (clustered at the network level) shown in parentheses.
To generate the instruments, we use random forests with 5-fold cross-fitting (see Supplemental Appendix B) and 1,500 trees.
For each training step, 20% of the sample is used to tune the remaining hyperparameters. The row labeled “KP LM test
p-value” reports the p-value of the rank LM test for underidentification.
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