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September 15, 2026

Dear Members of the Selection Committee:

I am pleased to submit my paper, “From Peer Effects to Network Evolution: Evidence from

the Illinois Workplace Wellness Study”, with David Molitor, Julian Reif, and Damon Jones, to

the workshop on development economics and networks for early-career researchers. I completed
my PhD in economics at the Massachusetts Institute of Technology in June 2023 and have
worked as a postdoctoral research associate at the University of Illinois Urbana-Champaign since
then.

My research combines novel statistical methods with large administrative and experimental data
sets to study policy-relevant questions in the economics of networks and health. This agenda
aligns closely with the workshop’s focus. I hope to learn from frontier research in these fields
and contribute insights from my work on peer effects, network evolution, and health. Through
these exchanges, I also hope to develop connections with other participants that may lead to
future collaborations.

David Molitor (dmolitor@illinois.edu) will be glad to provide a recommendation upon request,

and my contact information is given below:

Name: Alden Cheng
Phone: +1-510-520-9675
Email: alden15@nber.org

Website: aldencheng.com
Mailing Address: 1107 S 4th Street, Apt 3, Champaign, IL 61820

Thank you for your consideration.

Sincerely,
Alden Cheng
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Research Interests

My research examines how social networks shape individuals’ behavior and outcomes, as well as
the causal determinants of networks themselves. I combine rich administrative and experimental
data sets with causal and structural methods to study peer effects, endogenous network
formation, and the implications of both for policy design.

I would present “From Peer Effects to Network Evolution: Evidence from the Illinois
Workplace Wellness Study” (joint with Damon Jones, David Molitor, and Julian Reif) at this
workshop. In this work, we show that interventions implemented in social settings can generate
two distinct externalities: behavioral spillovers through peer effects, and changes in network
structure in response to treatment. To overcome identification challenges, we design and
implement a large-scale RCT on 4,834 employees at the University of Illinois. Participants’
friendship networks in the baseline year and in follow-up waves, and study participants are
randomized into treatment and control at baseline, with treatment conferring eligibility for health
screenings. We find causal evidence of behavioral spillovers in health screenings, results that are
robust to network inference methods that construct approximately optimal clusters using spectral
graph theory (Leung, 2023). Moreover, we find that the intervention causally affected future
network structure and homophily, while carefully addressing attrition under interference.

Separately, in “Patient Peer Effects: Evidence from Nursing Home Room Assignments™,
with Martin B. Hackmann, we study the causal effects of roommate assignments on mortality
using rich administrative data covering 2.5 million patients and their room assignments. To
address non-random room assignments, we use an [V strategy that isolates variation in room
assignments driven by high-frequency variation in the types of rooms available at admission
(conditional on nursing-home-by-year fixed effects, facility-level patient composition, and
operational strain). Our instruments strongly predict room assignments and satisfy conditional
independence, the exclusion restriction, average conditional monotonicity, and no cross effects.
We estimate large causal effects on patient mortality that are comparable to between-facility
differences in value-added. Moreover, these effects differ sharply by patient type: cognitively
impaired patients benefit from having a cognitively healthy roommate, whose survival in turn
does not depend on roommate type, implying a unidirectional positive externality. Finally, using
a simple room assignment model, we derive a set of efficient room assignment policies that trace
out a survival frontier for patients of different types, finding that alternative room assignment
policies can reduce mortality by 4%.

More broadly, my research also addresses issues such as (i) how cream-skimming by
health care providers can mask consumer demand for quality, (ii) how different mechanisms
interact to produce observed patterns of racial segregation and disparities across providers, and
(i11) the development of econometric tools for applied work (e.g., treatment effect estimation in
RD designs under manipulation of the running variable, estimation of multidimensional RD
designs, and sensitivity analysis for discrete choice models). As illustrated by the aforementioned
paper on patient peer effects, I view these strands of research not as disjoint from my research on
peer effects. Rather, I view them as highly complementary, given the importance of networks in
influencing health behavior and outcomes, as well as the econometric challenges faced by causal
inference in network settings. In this workshop, I aim to learn about frontier research in
development and networks while contributing through my specific areas of expertise, and
potentially develop connections with other participants that may lead to future collaborations.
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Employment

National Bureau of Economic Research 2023-present
Postdoctoral Research Associate

Gies College of Business, University of Illinois Urbana-Champaign 2023-present
Gies Health Initiatives Research Scholar

Education

Massachusetts Institute of Technology, Economics 2017-2023
PhD, Economics
Advisors: Amy Finkelstein, Alberto Abadie, Jonathan Gruber

University of California, Berkeley 2012-2016
BA, Applied Mathematics, Economics, Statistics
Highest Distinction in General Scholarship

Research Papers

e Patient Peer Effects: Evidence from Nursing Home Room Assignments (with
Martin Hackmann). Job Market Paper. NBER Working Paper 34538. Under
Review.

e The Illusion of Health Care Exceptionalism? Evidence from Nursing Homes.
Under Review.

e From Peer Effects to Network Evolution: Evidence from the Illinois Workplace
Wellness Study (with Damon Jones, David Molitor, and Julian Reif)

e Racial Segregation and Disparities Across Nursing Homes: Mechanisms,
Interactions, and Policy Tradeoffs

e Avoiding Regulation: Evidence from Nursing Homes (with Riley League)

e Estimation of Regression Discontinuity and Kink Designs with Multiple Running
Variables [R Package]

e Selection on Unobservables in Discrete Choice Models

Other Publications

e Mixed Beam Murine Harderian Gland Tumorigenesis: Predicted Dose-Effect
Relationships if neither Synergism nor Antagonism Occurs (with Nopphon
Siranart, Eleanor A. Blakely, Naval Handa, and Rainer K. Sachs). Radiation
Research, 2016.
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Past Work

e Does Fake News Affect Voting Behavior? Evidence from Big College Football

Games
e Challenges in Measuring Mental Health Trends
e C(Cigarette Consumption and Tax Salience

Invited Conference and Seminar Presentations
ASSA Annual Meeting (scheduled)

NBER Emerging Challenges in Long-Term Care and Caregiving (scheduled)

NBER Summer Institute Workshop on Aging

NBER Economics of Chronic Disease

NBER Health and Healthcare Variations across the Population
NBER Economics of AD/ADRD Meeting (poster)
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American Society of Health Economists
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Midwest Health Economics Conference (discussant, scheduled)
Annual Health Economics Conference

Midwest Economics Association Conference
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University of Illinois Chicago

Imperial College London

Midwest Econometrics Group Conference
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Indiana University Bloomington

University of Illinois Urbana-Champaign (Econometrics Seminar)
American Society of Health Economists

Midwest Health Economics Conference

University of Massachusetts Amherst (online)

Seoul National University
Yonsei University

International Health Economics Association Webinar

Professional Service
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2026

2025

2024
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Referee: American Economic Review; American Economic Review: Insights; Review of
Economics and Statistics; American Economic Journal: Economic Policy; Journal of the

European Economic Association; Journal of Public Economics; Journal of Health
Economics; American Journal of Health Economics; The B.E. Journal of Economic

Analysis & Policy; Review of Economics of the Household


https://aldenpapers.s3.amazonaws.com/fake_news_attention.pdf
https://aldenpapers.s3.amazonaws.com/fake_news_attention.pdf
https://aldenpapers.s3.amazonaws.com/depression_trends.pdf
https://aldenpapers.s3.amazonaws.com/cigarette_tax_salience.pdf

Fellowships, Honors, and Awards
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Mark A. Schimbor Prize:

Best Undergraduate Research in Economics, UC Berkeley
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Dean’s Honors, UC Berkeley

Relevant Positions
Research Assistant to Professor Nikhil Agarwal

Research Assistant to Professor Amy Finkelstein
Research Assistant to Professor David Card

Research Assistant to Professor Stefano DellaVigna

Teaching

14.01 Principles of Microeconomics
Teaching Assistant to Professor Sara Ellison

14.01 Principles of Microeconomics
Teaching Assistant to Professor Jonathan Gruber

14.30 Introduction to Statistical Methods in Economics
Teaching Assistant to Professor Alberto Abadie
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From Peer Effects to Network Evolution:

Evidence from the Illinois Workplace Wellness Study*

Alden Cheng Damon Jones
University of Illinois and NBER University of Chicago

David Molitor Julian Reif
University of Illinois and NBER University of Illinois and NBER

September 2026

Abstract

We randomly assigned eligibility and financial incentives for a two-year workplace
wellness program to 4,834 employees. Friendship network data were collected at base-
line and again one and two years after randomization. Participation in health screenings
rose by 4.2 percentage points for each additional coworker assigned to treatment, and
by 6.4 percentage points for each additional coworker induced to participate as a result
of treatment. The program also shaped network dynamics: eligibility increased the
probability of being listed as a coworker by others in subsequent years by 9 percent,
and the intervention increased network homophily along some dimensions. Behavioral
spillovers amplified the effect of the intervention on screening participation by 6 per-
cent, while dynamic spillovers through network evolution increased future participation
by about 0.8 percent of baseline.

JEL Classification: D62, 11, C18

Keywords: Endogenous network formation, peer effects, health behavior

*This research was supported by the National Institute on Aging of the National Institutes of Health
under award number RO1AGO050701; the National Science Foundation under Grant No. 1730546; the Abdul
Latif Jameel Poverty Action Lab (J-PAL) North America U.S. Health Care Delivery Initiative; Evidence
for Action (E4A), a program of the Robert Wood Johnson Foundation; and the W.E. Upjohn Institute
for Employment Research. This study was pre-registered with the American Economics Association RCT
Registry (AEARCTR-0001368). The findings and conclusions expressed are solely those of the authors and
do not represent the views of the National Institutes of Health, any of our funders, or the University of Illinois.
We thank participants at the Annual Conference of American Society of Health Economists, Advances with
Field Experiments Conference, the CausNetS satellite at NetSci 2026, and Economic Science Association 2026
World Meetings for helpful comments and suggestions. Email: alden15@nber.org, damonjones@uchicago.edu,
dmolitor@illinois.edu, and jreif@illinois.edu.



1 Introduction

Individuals’ actions are often shaped by interactions with friends, yet these actions may in
turn lead to changes in one’s friendship network. As a result, policies implemented in so-
cial settings can generate two distinct externalities: behavior spillovers through peer effects,
and changes in network structure in response to treatment. However, credibly estimating
either externality is challenging. Identifying peer effects requires separating social influence
from selection, common shocks, and the reflection problem (Manski, 1993), leading Angrist
(2014) to argue that credible designs typically require experimental variation. Causal em-
pirical evidence on network evolution is scarcer still—despite a vast theoretical literature
on endogenous network formation—because it requires both exogenous variation and ob-
servation of the network post-treatment, data that is rarely collected in the field and often
complicated by attrition.

In this paper, we provide one of the first pieces of causal evidence on both sources
of externalities in a single empirical setting by designing and implementing a large-scale
randomized controlled trial (RCT) on employees at a large public university. Eligibility
to participate in health screenings and wellness activities were randomized among study
participants, and information on their friendship networks were collected at baseline and in
follow-up waves. At a high level, we use random variation in friends’ treatment status to
identify peer effects in health behavior. Having found that the baseline friendship network
matters for health behavior, we then use randomization of treatment to identify effects on
network evolution, showing that the intervention affected the future network both at the
micro and macro levels (Jackson, Rogers and Zenou, 2017).

The Illinois Wellness Study lasted from 2016-2018 and involved 4,834 participants, all
University of Illinois employees. We measure participants’ baseline friendship network by
asking them to list up to five coworkers with whom they discuss health-related behaviors
with, and randomly assigned 3,300 participants to treatment, which conferred eligibility

to participate in health screenings and wellness activities. Among individuals with the



same number of friends in the study, number of treated friends is random, thus allowing
us to identify the effect of friends’ treatment on one’s health behavior, which we refer to
as ‘reduced form” peer effects. Furthermore, under a plausible exclusion restriction—that
friends’ treatment affects one’s health behavior only through its effect on friends’ behavior—
we are able to identify the effect of friends’ health behavior on one’s own behavior, i.e.,
endogenous peer effects in the terminology of Manski (1993).

We find strong evidence of peer effects in health behavior: each additional friend assigned
to treatment increases an individual’s own probability of participation in health screening
by 4.2 percentage points, while each additional friend induced to participate in screenings
by treatment increases own participation probability by 6.4 percentage points, results that
are robust to state-of-the-art network inference methods (Leung, 2023). By contrast, the
OLS estimate of this effect is more than twice as large, and remains so even after including
high-dimensional controls for individual and friend characteristics using double machine-
learning (Belloni, Chernozhukov and Hansen, 2014). Given the strong homophily in friend
characteristics we observe, we interpret the large observational estimates as evidence of bias
due to unobserved homophily, highlighting the importance of using experimental variation
to obtain credible estimates of peer effects. A simple counterfactual simulation quantifies
the magnitude of behavioral spillovers through peer effects in our setting: when almost all
individuals are treated, participation in health screenings are about 5.2 percentage points
higher relative to a counterfactual without peer effects, which is roughly 10% of the direct
effect of treatment on screening participation.

Having shown that friendship networks generate behavioral spillovers in our setting, in
the latter half of the paper we combine randomization of treatment at baseline (in 2016)
with measurement of the network in follow-up waves (in 2017-2018) to study the second
externality: changes in network structure at both the micro and macro levels.

Starting at the micro level, we estimate the effect of treatment on one’s future friendship

network. Although baseline treatment is randomized, lower response rates in the follow-up



surveys raise potential concerns over differential attrition. To address this, we exploit the
directed nature of the network, the key insight being that comparisons within an individual
of whether she lists participant(s) from the treatment or control group as (future) friends are
uncontaminated by observable and unobservable determinants of the individual’s decision
about whether to respond to the survey. More concretely, we implement this by estimating
dyadic regressions that include all possible pairs of respondents (7, j) where i responded to
the follow-up survey, regressing an indicator for whether i lists j as a friend (in the follow-up
survey) on j’s treatment status and individual fixed effects for i. We estimate that treatment
in 2016 increases the probability of being listed by others as a future friend by about 9 percent
of baseline, both in 2017 and 2018. This effect is driven to a greater extent by higher rates
of new link formation than better link retention, and is also concentrated among pairs that
are more likely to be friends based on ex ante characteristics.

Building on our evidence that treatment increases the probability of forming new work-
place friendships, we next characterize the links whose formation is induced by treatment.
In the spirit of the instrumental variables framework, these links correspond to compliers:
pairs (i, 7) who become friends if and only if j is treated. We compare the similarity of these
complier links to that of links that would form regardless of treatment. Under a monotonicity
assumption on the effect of treatment on link formation, the similarity of complier links is
identified using the complier-characterization approach of Abadie (2003). Using composite
measures of similarity based on baseline demographic and health characteristics, we find that
the links induced by treatment are more homophilous than links that would form regardless
of treatment, suggesting that the friendships created by the intervention are disproportion-
ately formed between more similar individuals, and that the intervention had an effect on a
“macro” network characteristic: homophily (Jackson, Rogers and Zenou, 2017).

To quantify the implications of the spillover effects of our intervention on the network
structure, we conduct counterfactual simulations that compare future screening rates with

and without this dynamic externality. We find that when almost all individuals are treated,



future screening rates are about 0.35 percentage points higher when dynamic spillovers are
accounted for relative to when they are not, an effect size that is roughly 7% that of behavioral
spillovers from static peer effects.

This paper contributes to several strands of literature. First, we add to the literature
on endogenous network formation. Despite a large body of theoretical work on this area
over decades (Jackson and Wolinsky, 1996; Bala and Goyal, 2000), credible empirical evi-
dence on causal determinants of network change is scarce, due to formidable identification
and data challenges. Two notable exceptions are Carrell, Sacerdote and West (2013) and
Banerjee et al. (2024), who observe many disjoint networks—classrooms and neighborhoods
respectively—which they randomize into treatment and control to study effects on future
network structure. We adopt a very different research design, instead randomizing treatment
of nodes within a single network. Under this setup, we have two methodological innovations:
(i) we demonstrate a simple and transparent way to eliminate potential individual-level bi-
ases from attrition under a directed definition of network links, and (ii) we show that despite
only observing a single network, the treatment effect of an intervention on an aggregate
network characteristic—specifically, homophily—is nonetheless identified under standard as-
sumptions employed in reduced form work (namely, monotonicity).

Second, we contribute to a vast literature on peer effects. Identification challenges as-
sociated with peer effects have long been noted in the literature (Manski, 1993; Angrist,
2014), leading to the popularity of random assigned peer groups—particularly in education
settings—as a research design to credibly estimate peer effects. We take a different approach,
taking the observed friendship network as given and randomizing individuals to treatment
and control, exploiting random variation in individuals’ exposure to treated friends in order
to identify peer effects. While the research design of random assignment to peer groups has
the advantage of being directly policy-relevant in settings where peer groups are easy to
control (e.g., classrooms or dorm rooms) given the optimal assignment literature (Carrell,

Sacerdote and West, 2013; Bergeron et al., 2022), our strategy has two distinct advantages:



(i) endogenous peer effects are identified under our approach but not under random assign-
ment to peer groups due to common shocks (Angrist, 2014), and (ii) peer effects estimates
taking the friendship network as given may have greater external validity than estimates
based on manipulated peer groups. Moreover, we find much weaker evidence of peer ef-
fects using organizational proximity (e.g., being in the same department) as proxies for peer
groups (analogous to the use of classrooms for defining peers in education), highlighting
the value of directly measuring friendship links and suggesting multiple dimensions of social
connections (e.g., workplace friends versus workplace collaborators), with the influence of
distinct dimensions varying across different domains of behavior (e.g., health behaviors ver-
sus work performance). At the same time, inference for peer effects estimates in networks
(as opposed to peer groups that partition the sample) comes with additional challenges, and
we contribute to literature employing state-of-the-art inference procedures that take these
econometric issues seriously.

Third, and more narrowly, we add to a body of work on peers in the workplace. Most
previous studies in this area focus on dynamics between managers and employees or coworkers
working in close proximity, and the effects of these relationships on work-related outcomes
(Bandiera, Barankay and Rasul, 2005, 2009, 2010; Mas and Moretti, 2009; Card et al., 2012;
Glover, Pallais and Pariente, 2017; Cullen and Perez-Truglia, 2023). Our work adds to this
literature in two ways: (i) we show that friendships at work also matter for non-work-related
behavior, and (ii) we focus on self-reported workplace friends rather than peers as defined
by organizational structure, showing that the former measure of social connections is more
relevant for health-related behaviors than the latter.

This paper proceeds as follows. Section 2 describes our experimental design and data. In
Section 3, we present our empirical strategy and results for peer effects in health behavior.
Section 4 presents our empirical strategy and results for network evolution in response to

the intervention, and Section 5 concludes.



2 Experimental Design and Data

The experimental design of The Illinois Workplace Wellness Study is shown in Appendix
Figure D.1. We invited 12,459 benefits-eligible employees to participate in the study. This
required first completing a baseline survey (N = 4,834) in July 2016. We randomly assigned
3,300 employees to the treatment group; the remaining 1,534 employees were assigned to the
control group. Employees in the treatment group were all offered the opportunity to partici-
pate in iThrive, a workplace wellness program we designed in conjunction with the director of
campus well-being services. In addition, they were further randomized into treatment arms
that offered different financial incentives for participating in health screenings and wellness
activities. Employees in both the treatment and the control group were invited to complete
follow-up surveys in 2017 and 2018. See Jones, Molitor and Reif (2019) for additional details
about the study.

The baseline and follow-up surveys asked respondents to list the “names of up to 5 friends,
starting with the person you are most likely to discuss health-related behaviors with at work”
(see Appendix Figure D.2). When respondents began typing in a name, a drop down menu
appeared with names auto-populated from the university directory. This was done to reduce
the number of typographic errors and to improve our abilities to match friends to other study
datasets.

The left, blue bars in Figure 2 show the distribution of the number of friends listed on
the survey.! About 80 percent of respondents listed at least one friend with a name that we
could match to the employee directory, and nearly 25 percent of respondents listed 5 friends.
The right, orange bars in the same figure show the distribution when we limit it to friends
who also participated in the Illinois Workplace Wellness Study. The social network can also
be visualized using its graph, which is shown in Figure 1. We observe that a majority of

2,887 (out of 4,834) individuals are part of a single giant connected component.

!These results are based only on exact matches. We are still working on cleaning the friend names, which
will increase the number of reported friends.



While balance in baseline characteristics with respect to treatment was established in
Jones, Molitor and Reif (2019), more relevant to this study is balance with respect to the
treatment status of one’s peers. Hence, in Figure 3 we plot the predicted value of our
main outcome—health screening—as a function of number of treated friends (controlling for
number of friends in study).? We observe that the predicted screening rate does not vary
systematically with the number of treated friends: if anything, there is a small decrease in
predicted screening moving from zero treated friends to one treated friend, which would bias
us against finding (positive) peer effects. In addition, Appendix Table 1 shows results from
a regression of number of treated friends on more than 20 baseline demographic and health
variables, as well as fixed effects for number of friends in the study. Only one coefficient is
statistically significant at the five percent level, and the joint F-test of significance for all
baseline characteristics is not statistically significant at conventional levels, providing further
evidence of balance.

To illustrate homophily in our peer network, we present associations between observed

characteristics of individuals and their friends. Specifically, we run regressions of the form:

X; = Ko+ k1 Xn; + Vi, (1)

where X; is a baseline characteristic of individual i, and X, is the average of this character-
istic among ¢’s friends. Table 2 shows that for the vast majority of baseline characteristics,
the estimate of k; is positive and highly statistically significant, indicating strong homophily

in the network.

2Predicted screening is obtained using an ensemble machine learning method combining logit, lasso,
random forest, gradient boosting, and neural network, using baseline demographic and health variables as
features.



3 Peer Effects Analysis

3.1 Notation

We denote the set of university employees by N*, a subset N' C N* of whom are part of the
study. In 2016, each study subject ¢ € A lists up to five friends that they discuss health-
related behaviors with at work, and we let W;; be an indicator for whether ¢ lists j as one of
these friends.” Note that we do not impose symmetry in these friend relationships, so W;;
may not be equal to W;; in general.*

Denote the set of friends listed by individual ¢ who are in the study by
ME{]GN“/VZ]:l}’

and let N; = |NV;| = Zjej\/ Wi; be the number of friends listed by 7. Denoting the treatment
status of individual j by 7}, we can express total number of individual i’s friends who are
treated as N = >ien; Tj = 2 jen WisTy. For any outcome Y that is a dummy variable,
we can similarly denote the number of i’s friends who have Y =1 by N} = Zj en, Y-

We measure the friend network not only in 2016, but also subsequently in 2017 and 2018,
so we can define similar variables based on the 2017 or 2018 networks. For these variables,
we add a superscript ¢ to make clear that they are defined with respect to the network in

year t € {2017,2018}.

3As a convention, we set W;; = 0 for all i.

4University administrative data (e.g., income, gender, occupation) are available for individuals not in the
study (: € N*\N), but these individuals were not included in the treatment randomization. Moreover, they
did not provide us with a list of their friends and we lack data for several of their outcome, so we will not
be using individuals who were not part of the study for our analysis, except potentially as controls.



3.2 Identification of Peer Effects

Due to randomization of treatment, the following regression provides a clean test for the

presence of peer effects:

Y; = o+ BN + o 4 g (2)

where Y; is an outcome of interest such as whether ¢ participates in health screenings or
wellness activities in 2016, and o5? are fixed effects for different values of N;. Given
that only individuals in the treatment group are eligible to participate in health screenings
and wellness activities in 2016, we limit the sample to individuals in the treatment group:
{i|T; = 1}. The fixed effects a5 are critical for identifying peer effects, since number of
treated friends N; is mechanically correlated with the number of friends that one lists who
are in the study N;. Nonetheless, conditional on N;, potential outcomes are independent of
NT.

While equation (2) is agnostic about the mechanism through which peer effects operate,

we can build on this to explore a leading explanation: endogenous peer effects, as defined

by Manski (1993), which relates individuals’ actions directly to the actions of their friends:
Vi =10+ 71N + 0N, + u; (3)

Under the assumption that friends’ treatment status affects one’s behavior only through its
effect on friends’ own behavior, we can estimate the estimate the causal effect of friends’
health behavior using an IV strategy. In this setup, equation (2) serves as the reduced form,

and we instrument friends’ behavior with number of treated friends in the first stage:
N =+ N + 68 + ;. (4)

While identification of (3 is straightforward, inference is more nuanced. In many previous

studies on peer effects, the peer network is not directly observed but rather assumed, e.g.,



at the college room or dorm level in Sacerdote (2001). In such situations, it is natural to
cluster at the level at which peer effects is assumed to operate. In our setting however, we
observe the actual network and as we saw in Figure 1, the largest connected component of
the network consists of the vast majority of individuals in our study.

There is a tradeoff between having sufficiently many relatively balanced clusters, and
the “quality” of the cluster (as defined by the ratio of links between individuals within
the cluster relative to the total number of links involving individuals in the cluster). In
particular, we can obtain high-quality clusters where all links are contained within each
cluster e.g., by assigning the giant component to a single cluster. However, standard errors
may be biased if there are only a small number of clusters (Cameron, Gelbach and Miller,
2008), and clusters with extremely unbalanced sample sizes also tend to have undesirable
properties (MacKinnon and Webb, 2017). On the other hand, we can obtain many clusters,
e.g., by arbitrarily assigning pairs of friends to a cluster. However, many of these clusters
will be low-quality, in the sense that there are many links going out of each cluster.

Even if one has decided on an appropriate tradeoff (e.g., by fixing the number of clusters),
there is also a computational challenge associated with forming clusters that maximize their
quality. In fact, the exact solution to this optimization problem is NP-complete (Sima and
Schaeffer, 2006). Hence, to manage the tradeoff and to find appropriate clusters, we use
the spectral clustering method introduced in Leung (2023). See Appendix Section A for

implementation details.

3.3 Peer Effects Estimates
3.3.1 Reduced Form and Endogenous Peer Effects

Table 3 shows our main peer effects estimates, with standard errors obtained via spectral
clustering. Reduced form and first stage results are shown in panel A, while IV and OLS
results are shown in panel B.

Starting with panel A, the reduced form estimate in column 1 shows that an additional
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friend being assigned to treatment increases the probability that an individual participates in
a health screening by 4.2 pp, an effect that is statistically significant at the one percent level.
Column 2 shows the first stage for peer effects on health screening is strong: in particular,
number of treated friends is highly predictive of number of friends participating in health
screenings, with a first stage F-statistic of 204.8. Columns 3 and 4 show analogous results for
wellness activities: the reduced form estimate on the effect of treated friends on participation
in wellness activities is positive (albeit marginally significant), and the first stage is strong
(with an F-statistic of 95.8).

Turning to the estimates of endogenous peer effects in panel B, the IV estimate in column
1 indicates that each additional friend participating in health screenings increases one’s own
probability of participating by 6.4 pp, which is an 11 percent increase relative to the baseline
mean. By contrast, the OLS estimate in column 2 of a 14.3 pp increase is more than twice
as large, highlighting the potential for homophily to bias observational estimates of peer
effects. Estimates of endogenous peer effects in wellness activities in columns 3 and 4 are
qualitatively similar, with the OLS estimate being substantially larger than the IV estimate.

To explore whether selection in observables can explain the bias in the OLS estimates,
Appendix Table D.1 presents further observational estimates that include more than 50
controls for baseline characteristics of individuals and their friends. Columns 1 and 2 repeat
the baseline OLS and IV estimates from Table 3 for easier reference, while columns 3 and 4
show observational estimates that include controls using OLS and the post-double selection
method described in Belloni, Chernozhukov and Hansen (2014) respectively (with panels A
and B showing results for health screening and wellness activities). We observe in columns 3
and 4 that the inclusion of controls reduces the observational estimates of endogenous peer
effects from the OLS estimate in column 2 without any controls. Yet, even controlling for
these baseline characteristics, the observational estimates remain substantially larger than
the IV estimates. Taken together, these results suggest that the bias of the observational peer

effects estimates are likely due to selection on unobservables, underscoring the importance
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of using experimental variation for identification.

3.3.2 Heterogeneity in Peer Effects

While analysis above treats all friends symmetrically, in reality we might expect some friends
to matter more than others. In fact, our survey question gets at this by asking individuals
to list friends in order, starting with the friend that one is most likely to discuss health
behaviors with, to the least likely. Hence, we use this feature of our survey design to probe
for peer effect heterogeneity by testing whether the treatment effect depends on the friend
ordering. Specifically, we regress individual behavior on dummies for whether their first
through fifth friend was treated (which we define to be zero if the individual did not list such
a friend).

We plot the coefficient estimates in Appendix Figure D.3. While the point estimates
tend to be larger for friends who are listed higher in individuals’ friend lists, the 95 percent
confidence intervals for the coefficient estimates overlap and an F-test of joint significance is
unable to reject the null of homogeneous treatment effects.

We also test for heterogeneity along individual and friend characteristics. This is moti-
vated by a literature on shared identities, for instance along racial (Fairlie, Hoffmann and
Oreopoulos, 2014; Ye and Yi, 2023) and gender (Alsan et al., 2024) lines, which would predict
larger effects for friends whose gender or race agrees with that of the individual. There is also
work suggesting individuals from certain groups may be regarded as more knowledgeable,
and are thus likely to be more persuasive (Sarsons, 2022). These views could either be due
to accurate Bayesian inference, discrimination, or stereotypes.

To test whether there is heterogeneity in peer effects that supports these explanations,
we estimate a version of equation (2) where we replace the number of friends treated with
the number of friends treated that are from a particular group, interacted with dummies for
the individual’s own group. In addition, we replace the fixed effects for number of friends in

the study with fixed effects for number of friends in the study from each group.
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We explore heterogeneity by gender, race, age, and faculty status, and plot the coefficient
estimates in Appendix Figures D.4a and D.4b. The estimates in some specifications are quite
imprecise, but we see a consistent pattern whereby female friends seem to have a larger effect

on individual behavior, regardless of the individual’s gender.

3.3.3 Higher-Order Effects

Individuals’ health behaviors may not be influenced only by their friends. In particular,
friends-of-friends may also have an effect, since their direct effect on friends may also indi-
rectly affect the individual. To test for these higher-order effects, we run similar regressions
as equation (3), but replacing number of screened friends with number of screened friends-of-
friends as the main endogenous variable, and similarly for the fixed effects. We estimate this
using both OLS and IV (with the number of treated friends-of-friends as the instrument),
and also include number of screened friends as an endogenous variable in some specifications
(in which we include the corresponding fixed effects, and use number of treated friends as
an additional instrument in the IV specification).

Results are presented in Appendix Table D.2. Comparing the IV estimates in columns 1
and 2 with the OLS estimates in columns 3 and 4, we observe a similar pattern to the main
peer effects estimates: observational estimates of the effect of friends-of-friends’ screening
participation on own participation are about twice as large as the IV estimates. At the same
time, while the IV estimates of the effect of friends-of-friends’ screening participation on own

participation are statistically insignificant at the five percent level, they remain positive.’

5Moreover, magnitudes of the IV point estimates are large. If friends-of-friends had no direct effects on
individual behavior, we would expect the estimated effect of friends-of-friends on own participation without
controlling for friends’ participation to be roughly the square of the effect of friends’ participation (e.g.,
0.062 ~ 0.0036 for screening), and zero conditional on friend participation. Instead, focusing on panel A
for screening, the unconditional point estimate in column 1 is larger—at 0.023—and the conditional point
estimate in column 2 is 0.019, with the difference of 0.004 interestingly being similar to the mediated effects
of friends-of-friends’ participation through friends. Results for Wellness Activities are qualitatively similar.
Statistical significance notwithstanding, these IV estimates suggest that friends-of-friends may have a direct
effect on individuals’ behavior, that the measured peer network may understate social connections in the
workplace, and hence, that full extent of behavioral spillovers arising from our intervention may exceed those
captured by our main peer effects estimates.
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3.4 Robustness Checks
3.4.1 Functional Form Assumptions

Equation (2) assumes that health behavior is linear in the number of friends treated. How-
ever, this parametric form may be inappropriate if individuals who listed fewer friends are
influenced to a greater degree by each friend (in which case the share of treated friends may
be a preferable specification), or if there are nonlinear effects.

Appendix Table D.3 shows that our results are robust to alternative functional forms,
such as using the share of treated friends,®” or dummies for each possible value of number of
friends treated. Similarly, Appendix Table D.4 shows that our main results for peer effects
are robust: individuals with a higher share of friends participating in screenings/wellness
activities are more likely to participate in screening/wellness activities themselves, and with
the OLS estimates being substantially inflated compared to the IV estimates.

In the specifications with dummies for each possible value of number of friends treated,
we observe that the coefficient estimate for five friends treated is larger than the other
coefficients (beyond what a linear extrapolation would predict). One possible explanation
for this pattern is that these individuals with five treated friends may have had more treated
friends, but could only list five friends in their survey response. Nonetheless, to check that
our results are not entirely driven by the relatively small number of individuals who reported
five friends in the study, we estimate equation (2) excluding these individuals and report the
results in Appendix Table D.5. For the results on screening participation, we observe that the
coefficient estimates on the effect of number of treated friends in the reduced form and on the
effect of number of screened friends in the IV are smaller, but still statistically significant at

a b or 10 percent level. While the corresponding coefficient estimates for Wellness activities

6The share is defined as zero for individuals who listed no friends.

"It is unclear whether the specification with number or share of friends treated is preferable. On the one
hand, one does not need to include fixed effects for number of friends in the study when using the share as
the right-hand-side variable. However, under certain asymptotics (e.g., if the number of friends grows large),
the share of friends treated will tend towards the overall share treated under simple randomization, in which
case there will be very limited variation in the share, which may lead to imprecise estimates.
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are no longer statistically significant (which is not entirely surprising, given that they were

only marginally statistically significant in Table 3), they remain positive.

3.4.2 Common Shocks

A potential threat to the exclusion restriction of the IV for endogenous peer effects is the
potential for common shocks. In order for the IV results to be explained by common shocks
in our setting, the shocks must vary systematically with the number or share of one’s friends
who are treated, which seems implausible if treatment was truly random. However, being in
the same home college or home organization is a strong predictor of friendship links and we
might expect shocks that operate at the college/organization level, so we may be concerned
about common shocks as a finite-sample issue.

To test whether this is likely the case, in Appendix Table D.6, we present IV estimates of
endogenous peer effects, including home college and/or home organization fixed effects. We
observe that the inclusion of fixed effects reduces the IV estimates of the effect of number of
screened friends on own screening by less than 10 percent, and the effect of number of friends
participating in wellness activities on own participation by at most 25 percent. Given that
these specifications leverage within-college/organization variation in the number of friends
treated, this supports the interpretation of our IV results as being due to endogenous peer

effects, rather than common shocks.

3.4.3 Alternative Peer Group Definitions

Our measure of friendship links are based on a survey question asking individuals to list up
to five friends whom they discussed health-related behaviors with at work. In reality, there
is likely to be measurement error, as individuals may forget to list some friends, or may have
wanted to list more than five friends but could not do so.

In our main analysis, we adopted a directed measure of the network, i.e., if ¢ lists 7 as

a friend, we include j amongst i’s friends but not necessarily the other way around (unless
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j also lists 7 as a friend). One could imagine that in some cases where friendship links are
not reciprocated, it could be that the person forgot or already listed five friends. Hence,
to check the extent to which this is likely the case, we define a “reversed” friendship link,
in which we count ¢ as a friend of j’s if and only if ¢ listed j as a friend, and estimate
equation (2) using this reversed friendship measure. If all unreciprocated friendship links
are due to measurement error, then we would expect estimates that are very similar to those
in Table 3, whereas if none are due to measurement error, we would expect estimates that
are attenuated relative to Table 3.°

The estimates from regressions using the reversed friendship measure (shown in Appendix
Table D.7) are somewhat smaller than when using our preferred friendship measure in Table
3 when screening is the outcome variable, but interestingly, larger when participation in
wellness activities in the outcome. We view this as mixed evidence on whether a directed or
undirected network measure is preferable.

An alternative definition of peers—which is commonly used in peer effects research where
there is no direct measure of the network—is to assume that individuals in closer proximity
to each other (e.g., roommates or classmates) are peers. In our setting, it seems natural to
assume that individuals in the same home college or home organization are more likely to
be peers, so Appendix Table D.8 presents OLS and IV results comparing estimates obtained
using our survey-based measure of peers to estimates obtained when assuming that one’s
peer group consists of all individuals in the same home college or home organization. Given
that home college and home organizations tend to be much larger than the number of friends
listed by individuals in the survey, we focus on the share of the peer group participating in
screening or wellness activities (rather than the number of individuals in the peer group),
leaving out the individual herself. Similarly, the instrument is defined as the (leave-out)

share of the peer group that is treated.

8The estimates will not be zero even if all unreciprocated links do not exist in reality, because in the
regressions using the reversed friendship links, the estimates will still pick up peer effects coming from
reciprocated links.
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Appendix Table D.8 shows peer effects estimates using these alternative peer group def-
initions. Columns 1 and 2 of Appendix Table D.8 present IV and OLS estimates using
our preferred measure of the peer network for easier comparison (repeating results already
shown in Appendix Table D.4), while columns 3 and 4 (respectively, columns 5 and 6) show
estimates using home college (home organization) as the measure of the peer group. The
OLS estimates in columns 4 and 6 demonstrate a strong positive association between the
leave-out share of one’s home college or organization that is screened and own screening.
While this association cannot be interpreted as causal, it does suggest that peer groups par-
tially overlap with home college/organization, and/or that there are common shocks that
operate at the college/organization level. IV estimates in columns 3 and 5 are both statisti-
cally insignificantly different from zero, with much larger standard errors than the preferred
specification in column 1. Standard errors are especially large when defining the peer group
as one’s home college in column 3, since there are relatively few unique home colleges, so
there is limited variation in the share of one’s peer group that is treated as evidenced by the
weaker first stage.”

These results show the value of having a direct measure of the peer network, without
which one may lack power to detect peer effects even when they are present. In addition,
it suggests that social networks may have multiple dimensions, with different implications
for different outcome domains: while organizational proximity may be a reasonable measure
for studying peer effects in work productivity, it may be less appropriate for measuring

behavioral spillovers in health behaviors.

3.5 Behavioral Spillovers

An implication of our peer effects estimates is that behavioral spillovers may amplify the

effect of our intervention. To quantify the magnitude of these externalities, we simulate the

9In fact, asymptotically as the size of each group tends to infinity, with simple randomization the variation
in the instrument will vanish since the fraction treated in each home college will tend to the overall fraction
treated.
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share of individuals in the treatment group participating in health screenings as a function
of the share of the population treated, comparing simulated screening rates under our IV
estimates of endogenous peer effects in Table 3 with screening in the absence of peer effects.
In addition, we compare effects under two modes of treatment assignment: randomized
treatment (as is the case in our experiment), and targeted treatment based on a measure
similar to Katz-Bonacich centrality but adapted to network settings with directed links (see
Appendix Section C.3). Under the endogenous peer effects specification, each individual’s
propensity to participate in screenings depends on their friends’ propensities to participate,
so in each simulation we solve a fixed point in participation probability among all individuals
in the network. Simulated screening behavior using the reduced form estimates of peer effects
produce very similar results. Appendix Section C describes the simulations in more detail.

Results are shown in Figure 4. First, we observe that under randomized treatment,
the screening rate among the treatment group increases with the share of the population
treated, consistent with the positive behavioral spillovers generated by peer effects. In terms
of magnitudes, the effect of treatment on screening probability when almost everyone is
treated is about 0.592, compared to 0.540 when almost nobody is treated, a difference of
about 5.2 percentage points, or roughly 10% of the baseline screening probability in the
absence of peer effects. In our experiment, only 68% of individuals are treated, so the
behavioral spillovers are somewhat smaller, at about 6% of the baseline.

The pattern looks somewhat different under targeted treatment. Screening rates among
the treated rise much faster as a function of the share of the population treated than under
randomized treatment, before decreasing, and eventually coinciding when all individuals
are treated. Given that individuals who are most likely to generate the greatest positive
externalities, the declining pattern when a relatively large share of the population is treated is
unsurprising. The fact that screening rates are not monotonically decreasing under targeted
treatment is slightly more surprising, but is due to individuals in the control group being

ineligible for screening participation. Hence, for there to be behavioral spillovers from one
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individual to the next, both must be assigned to the treatment group, and this is less likely
when a relatively small proportion of the population is treated.

In the preceding analysis, we find causal evidence that health behavior propagates through
links in the friendship network. Yet, these links themselves are not fixed: instead, they
emerge through decentralized behavior and interactions between individuals. This raises
the possibility that changes in behavior induced by the experiment may in turn precipitate
changes in the network. Hence, in the next section, we provide causal evidence on the effect

of our intervention on network evolution.

4 Endogenous Network Formation

The analysis in the previous section shows that social networks play a causal role in the
diffusion of health-related behavior in the workplace at a point in time. On the other hand,
how health behavior propagates through the population over time depends on potential
changes to the network over time, which may be influenced by the intervention itself. This
is particularly plausible in our setting, given that wellness programs may bring individuals
together, or change habits or behavior that affect their attractiveness as a potential friend.
Hence, in this section, we exploit experimental variation in treatment to study the causal

effect of our intervention on the social network.

4.1 Network Evolution at the Micro Level

We start by estimating the effect of being treated on individuals’ future friendships. Figure
5 presents graphical evidence. Specifically, consider all pairs (i, j) where i is an individual
who answered the survey in year ¢ € {2017,2018} and j is any individual in the study. We
compute the probability that ¢ listed j as a friend in year ¢ as a function of whether ¢ and
Jj are treated in 2016, and plot these probabilities (normalized by the friendship probability

for the group where both i and j are untreated). Panel (a) shows that the probability that
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1 lists 7 in 2017 does not vary significantly whether ¢ is assigned to treatment or not. On
the other hand, the probability that ¢ lists j is higher when j is treated compared to when j
is not. Panel (b) shows that the same pattern holds qualitatively for the 2018 network. In
other words, being treated does not increase the future number of friends one reports, but
it increases the probability that others list the person as a friend in the future.

Despite treatment being randomly assigned, the evidence in Figure 5 is not necessarily
causal due to the potential for two sources of differential attrition. We outline the intuition
here, and provide mathematical details in Appendix section B.

First, there is the “classical differential attrition” concern that if i’s treatment affects
the probability that ¢ responds to future surveys, treatment conditional on future survey
response may no longer be random.

Classical differential attrition is less likely to pose a problem for the effect of j’s treatment
T; on the probability that ¢ lists j as a friend (i.e., the last two bars in Figure 5), which
is where we see a larger effect. This is because all study participants j are included in the
sample whether or not they responded to future surveys. However, this estimate may still
be biased from a second source of differential attrition that is specific to network settings—if
individuals’ decision on whether to respond to the survey is influenced by the treatment of
other participants.

To account for the potential for these sources of differential attrition, we include various

sets of fixed effects in dyadic regressions. Specifically, we estimate regressions of the form:
Wi = o+ 1) + 0oTi + YW + Bty + ey, (5)

where VVfJ is an indicator for whether ¢ lists j as a friend in year ¢, and B; are controls that
address differential attrition. In our most stringent specification, B; consists of individual
fixed effects d;, eliminating potential individual-level biases from differential attrition in our

estimates of ¢ at the cost of no longer being able to estimate ¢, (given that T; is absorbed
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by the individual fixed effects). Alternatively, we can still obtain an unbiased estimate of
1 while still being able to estimate ¢, if we are willing to impose more structure on the
selection equation for survey response (although the estimate of s may still be biased by
classical differential attrition). Appendix Section B provides a detailed discussion of different
sources of attrition bias under interference, and assumptions under which the estimate of ¢,
is unbiased under each set of controls.

Table 4 shows that an individual j being treated increases the probability of 7 listing j as
a friend by about 0.0025 pp in 2017, and 0.0019 pp in 2018, consistently across specifications.
This may seem like a small number, except that j can be any of 4,834 study participants;
in particular, the effect size is roughly 9 percent of the dependent variable mean. In none of
the specifications is the effect of own treatment statistically significant.

We also observe that our two approaches to controlling for differential attrition — includ-
ing either the fixed effects o, yr or 6; — do not seem to affect the coefficient estimate of ;.
In fact, the largest change in the estimate of this coefficient comes when we include a control
for ¢ listing j as a friend in the baseline year of 2016. This suggests that differential attrition
is unlikely to affect estimates of ¢; to a large degree, which is unsurprising given the results
in Appendix Table D.9 that number of treated friends has no statistically significant effect on
own future response rates. Following Abadie et al. (2023), given that our main treatment is
coworker treatment 7, we should at least cluster our standard errors at the level of coworker
7. To be conservative, we implement two-way clustering on both respondent ¢ and coworker
7, although our results are also robust to clustering only at the level of j.

To understand whether this effect is coming from formation of new links or retention
of old links, we partition the sample into coworker pairs that were or were not friends at
baseline (in 2016). Specifically, to study new link formation, we limit the sample to pairs that
were not friends in 2016, whereas to study retention of preexisting links, we limit to pairs
who were already friends in 2016. To abstract from potential attrition issues, we consider

specifications with individual fixed effects, and since it is no longer possible to control for
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baseline friendship (given that this is constant within each subsample we consider), we use
predicted baseline friendship probability (based on a ridge regression at the pair level that
predicts 2016 friendship baseline characteristics of the coworker pair) as a control.

Table 5 shows regression estimates of the treatment effect for new link formation in
columns 1 and 2, and link retention in columns 3 and 4, both for the 2017 and 2018 networks
(in panels A and B respectively). We find positive estimates for both formation and retention
of links: estimates for link formation are statistically significant in both years, while estimates
for link retention are only statistically significant for the 2017 network, potentially due to
the much smaller sample size. In addition, we observe that even holding baseline friendship
fixed, baseline friendship probability remains a strong predictor of future friendship, which
motivates us to study whether the treatment effect is concentrated among coworker pairs
with high baseline friendship probability.

To test this, we include baseline friendship probability and its interactions with the treat-
ment status of the focal individual and their coworker as covariates in the regression. Table 6
presents the estimated effects on the 2017 and 2018 network in panels A and B respectively.
Estimates for the full sample are shown in column 1, while columns 2 and 3 display results
for the formation of new links and retention of preexisting links respectively. We observe that
the interaction between coworker’s treatment and baseline friendship probability is positive
and statistically significant in the full sample (and also typically positive in the subsamples,
albeit less precisely estimated), suggesting that the treatment effects on network evolution
are driven to a greater extent by coworker pairs with high baseline friendship probability.
The magnitude of this heterogeneity is also economically significant: for instance, the coef-
ficient estimate on the interaction term for the full sample in panels A and B implies that
the effect of being treated on being listed by others as a friend in the future is 0.110-0.112
percentage points (which is 4-5 times the dependent variable means of 0.028 and 0.022)

larger for pairs that are 1 percentage point more likely to be friends at baseline.
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4.2 Network Responses at the Macro Level

The finding that the treatment effect on network evolution is concentrated among pairs with
high baseline friendship probability leads naturally to the related but distinct question of
whether treatment increases network homophily. In particular, even if the treatment effect
is concentrated among coworker pairs with more similar baseline characteristics, treatment
may still increase or decrease homophily depending on whether homophily is stronger among
marginal or inframarginal friendship pairs.

To formalize this, we adopt potential outcomes notation, using W/, (T}) to denote whether
1 lists 7 as a friend at time t as a function of whether j is treated, and define marginal
friendship pairs as {(i,7) : W (1) > W}(0)}. Note that this formulation implicitly invokes a
“link-SUTVA” type of assumption: more generally, potential outcomes for Wt may depend
on the entire treatment vector. For example, ij may depend not only on j’s treatment
but also on i’s treatment, or the intervention may affect the extent to which the cap of
five friends on the survey becomes binding. In practice, we view these violations as being
relatively unlikely (or at least uncommon), given the evidence in columns 2 and 3 of Table 4
that T; has little effect on W;;(t), and the relatively small number of individuals who report
the maximum of five friends.

Letting S;; be a measure of homophily between ¢ and j, treatment of j, the question of

whether treatment increases homophily is determined by the sign of the following quantity:
0 =K [S;|W/(1) > WS5(0)] —E [Sy;|W(1) = Wi (0) =1] .

To estimate 6 we use a method closely related to Abadie (2003) for characterizing compliers

in IV. We start by making three assumptions:
1. (Random Assignment of Treatment) T; L (ij(l), W?.(O))

v

2. (Treatment Affects Friendships) Pr(W,|T; = 1) > Pr(Wj|T; = 0)
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3. (Monotonicity) W;(1) > Wi;(0) a.s.

Assumption 1 is satisfied given random random assignment, and assumption 2 is supported
by the results in Table 4. The monotonicity assumption — that treatment destroys some
potential friendship links — is fundamentally untestable, but quite intuitive. In particular,
while there are numerous plausible channels through which treatment may increase an in-
dividual’s friendship prospects — such as positive effects of treatment on approachability,
visibility, or social status in the eyes of others — it is less clear how treatment may actively
diminish them.

Under these assumptions, we can estimate E [S;;|W/ (1) = W (0) = 1] using the mean
of S;; among coworker pairs with W;}(O) = 1, and the mean among “marginal friends”,
E [Si;|WE(1) > WE(0)] using Abadie’s kappa method Abadie (2003). Specifically, to esti-
mate the mean of S;; among “marginal friends” while incorporating controls (e.g., individual
fixed effects), we estimate an IV regression with Si;IWj; as the outcome, using T; as an in-
strument for W;.

Figure 6 shows the estimated mean S;; for three types of friend pairs in 2017 and 2018

respectively:

1. “Never Friends”: {(i,7) : Wj(1) = W}(0) = 0} in light blue,

)

2. “Always Friends”: {(i,5) : Wf(1) = W£(0) = 1} in medium blue,

ij
3. “Marginal Friends”: {(i,7) : W}(1) > W£(0)} in dark blue.

Panel (a) shows homophily based on whether pairs share all of the following demographic
characteristics—age bin, sex, race, faculty status, civil service, academic professional, and
salary quartile—while panel (b) does the same based on the following baseline health characteristics—
screening history, physical activity, gym use, marathon/10k/5k runs, and sick days. We ob-
serve that marginal friends are more similar on both demographic and health characteristics
than inframarginal friends in both 2017 and 2018 (who are in turn more similar than never

friends), suggesting that treatment increased network homophily.
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4.3 Mechanisms

In this subsection, we outline simple model of one-sided link formation which incorporates
elements from Currarini, Jackson and Pin (2009), to better organize our discussion on the
mechanisms that are most likely to explain the effect of treatment on future friendship links.
Consider a study participant ¢ choosing which individuals to form/maintain a friendship link
with at some time ¢ > 2016 after the baseline year. Given the size of the university, study
participant ¢ likely only observes a subset O; C N of coworkers, and we assume that ¢ can
only form friendships with coworkers j € O;. We model the formation of i’s consideration

set O; as (Abaluck and Adams-Prassl, 2021):

A(ClTj + Q1T + )\(Sij))7 W06 — g,
Pr(j € O;) =

1, W/éom —1,
where we assume coworkers who are friends at baseline are always in the future consideration
set. The parameter (; captures chance meetings induced by j’s treatment, while the (5
captures the possibility of ¢ and j meeting during health screenings or wellness activities.
The function A(S;;) is increasing in the similarity between ¢ and j, representing individuals
of more similar background being more likely to meet (e.g., due to similarities in travel
patterns), or more likely to notice each other.

Conditional on j being in i’s consideration set, we assume the utility that ¢ derives from

forming a friendship with j is:
Uy = &T; + &I + &WE° +U(Sy) + vy,

and that ¢ forms a friendship link with j if and only if U;; exceeds some threshold c;.
The parameter &; captures the possibility that j being treated induces changes in traits

or behavior that make it more likely for others to list them as a future friend,'’ while &

10For instance, we find that treatment increases future energy levels, and decreases future smoking rates.
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captures the possibility of shared experiences between ¢ and j during wellness activities. The
parameter &3 denotes the effect of shared experiences as friends in the past, while [(.S;;) is
an increasing function representing individuals’ preferences for interacting with coworkers of
a more similar background.

The fact that we find the lack of an interaction effect between 7; and T} in Figure 5
on probability of future friendship suggests that interactions or shared experiences during
wellness activities ({3 and &) are unlikely to explain the effects of treatment on future
friendships. The fact that we find some evidence that treatment leads to better friendship
retention in Table 5 suggests that changes in traits or behavior induced by treatment play a
role in explaining the effect of treatment on network evolution (§; > 0), given that baseline
friends are always in the consideration set O; regardless of treatment. Finally, our finding
that the intervention increases homophily is consistent with chance meetings induced by
treatment playing a role ({; > 0), since if treatment had not effect on O; we would expect

marginal friends to be less alike than inframarginal friends.

4.4 Dynamic Spillovers from Network Evolution

The causal effect of treatment on future friendship links that we estimate implies that our in-
tervention not only has behavioral spillovers in the baseline year, but also dynamic spillovers
arising from its effect on network evolution. To quantify the implications of these dynamic
spillovers for future screening rates, we proceed in two steps. For a given treatment assign-
ment, we first simulate the future network using estimates of equation (5) for the formation
and retention of friendship links, before using our IV estimates of endogenous peer effects in
Table 3 to simulate future screening rates (the main difference from the earlier simulations
of behavioral spillovers being that individuals in the control group are eligible to participate
in future screening, following our experimental design). As a benchmark for future screening

rates without dynamic externalities, we simulate network evolution using the same equation

Another possibility is that coworkers become more likely to ask treated individuals questions related to
health, given their participation in the wellness activities.
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but set the effect of treatment on link formation and retention to zero. For more details on
the simulation procedure, see Appendix Section C.2.

Figure 7 plots simulated future screening rates as a function of the share of the population
treated. The solid lines show future screening rates that incorporate dynamic spillovers from
the intervention, whereas the dashed lines do not. The gray lines correspond to randomized
treatment assignment, while the black lines assume targeted treatment (whereby individuals
with the highest directed Katz-Bonacich centrality scores are treated first). First, we observe
that under random treatment assignment, simulated future screening rates among the treated
is increasing (roughly linearly) in the share of the population treated regardless of whether
dynamic externalities are present, reflecting the behavioral spillovers. However, the rate of
increase is greater when externality of the intervention on network evolution is accounted
for. When almost the entire population is treated, the treatment effect on future screening
is about 0.35 percentage points larger when dynamic externalities are accounted for relative
to when they are not. We reach a similar conclusion with targeted treatment, although we
observe that future screening rates among the treated is now monotonically decreasing as a
function of the share of the population treated. This is because individuals who generate
the most positive externalities are treated first, and unlike Figure 4, their ability to generate
behavioral spillovers is not hampered by individuals in the control group being ineligible to

participate in screening.

5 Conclusion

This paper provides causal evidence on peer effects and network evolution using a large-
scale RCT on 4,834 employees at the University of Illinois. Combining measurements of the
baseline friendship network with random assignment of treatment (which confers eligibility
to participate in screenings), we find that each additional friend participating in health

screenings increases own participation probability by 6.4 percentage points. These results
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are robust to state-of-the-art inference methods for network settings, and these behavioral
spillovers amplify the direct effect of treatment on screening participation by about 6% (and
potentially up to about 10% if the entire sample is treated).

In addition, leveraging subsequent measurements of the friendship network in future
waves, we provide rare causal estimates of network evolution, a topic there is a large theoret-
ical literature yet limited empirical evidence. We address potential concerns over differential
attrition by including individual fixed effects in dyadic regressions (i.e., at the pair level).
Intuitively, within-individual comparisons of whether she is more likely to list coworkers from
the treatment or control group as friends in the future are uncontaminated by all observable
and unobservable determinants of her decision whether to respond to future surveys. We find
that treatment increases probability of being listed by coworkers as a friend in the future,
with these effects coming from both new link formation, and better link retention. Simula-
tions show that this dynamic externality of our intervention—by inducing additional future
friendship links—amplifies future screening rates by about 7% the amount that behavioral
spillovers do. Finally, by characterizing coworker pairs that are marginal and inframarginal
friends—whose future friendship status does, or respectively does not depend on baseline
treatment—we find that our intervention increased homophily of the friendship network.

This paper has several broader lessons that extend beyond our specific empirical setting.
First, our finding that interventions can have dynamic externalities through their effects on
the friendship network has implications for optimal targeting. Most targeted interventions
focus on characteristics of the baseline network (Ballester, Calvé-Armengol and Zenou, 2006;
Galeotti and Goyal, 2010; Banerjee et al., 2019). Better knowledge of how interventions
may influence the network opens the door to more sophisticated targeting policies, e.g.,
prioritizing treatment not solely based on individuals’ current centrality in the network, but
also based on the propensity of treatment to induce additional friendship links (for said
individuals). Second, relatedly but on a more methodological point, these results imply

that studies of peer effects should measure (and use) the baseline network, rather than the
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network at some future point in time (given the potential for interventions to influence
network evolution).

Third, we develop econometric methods for estimating the causal effect of an intervention
on network evolution and homophily while accounting for the potential for differential attri-
tion. In particular, the directed nature of network links in our setting allow us to address
differential attrition by estimating dyadic regressions with individual fixed effects. Moreover,
under a monotonicity assumption, we show that methods in Abadie (2003) can be used to
estimate the causal effect on homophily, by characterizing coworker pairs that are marginal
and inframarginal friends.

Taken together, our work shows that in addition to behavioral spillovers, interventions
can also generate dynamic externalities by causally influencing the network structure. This
opens up a rich set of research questions, including better understanding the underlying
mechanisms generating these dynamic spillovers, designing optimal targeting rules that ac-
count for network evolution, and the development of econometric and structural modeling

tools for studying the long-run effects of interventions on network structure and outcomes.
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Figure 1: Graph of Social Network
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Notes: This figure shows a graph of the friendship network in 2016. Male study participants are represented by green circles
while female study participants are represented by pink circles. Large circles correspond to study participants who are faculty,
whereas small circles correspond to study participants who are non-faculty.
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Figure 2: Number of Friends Reported on the 2016 Baseline Survey

35%
I Friends

30% [l Friendsin Study

25%

20%

15%

10%

5%

0%
0 1 2 3 4 5

Number of Friends

Notes: This figure shows a histogram of the number of friends (in dark blue) and the number of friends in the study (in
orange) listed by each study participant in 2016.

Figure 3: Predicted Screening Rate by Number of Friends Treated
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Notes: This figure shows the predicted screening rate as a function of number of treated friends for treated individuals,
controlling for the number of friends in the study. Predicted screening rate is defined as the fitted values from a regression
of screening in 2016 on baseline stratification and health variables, as well as financial incentives for screening.
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Figure 4: Simulated Screening Rates in the Presence/Absence of Peer Effects
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Notes: This figure shows simulated screening rates among individuals in the treatment group as a function of the share of
the population treated. The dotted horizontal line shows simulated screening rates in the absence of peer effects, while the
gray and black lines show simulated screening rates under the main IV estimates of peer effects estimates in Table 3, where
treatment is assigned randomly, or where individuals who are most central to the network (as defined by a modification of the
Katz-Bonacich centrality measure for networks with directed links). The shaded bands represent 95% pointwise confidence
intervals based on 100 replications of treatment assignment (for each share of the population treated).
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Figure 5: Future Probability of Friendship Link by Treatment Status
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Notes: This figure shows the probability of a future friendship link for friend pairs (i,5) by the treatment status of ¢ and j, relative to the group where neither
i nor j are treated. The unit of analysis is a friend pair (i, 7), and the samples for panels (a) and (b) are limited to pairs where 7 completed the 2017 and 2018
surveys respectively. The probability of a friendship link for the group where neither ¢ nor j are treated is 0.00028 in 2017, and 0.00022 in 2018.
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Figure 6: Homophily Among Never Friends, Inframarginal Friends, and Marginal Friends in 2017 and 2018

(b) Health Characteristics

(a) Demographic Characteristics

0.401
0.20- 0.301
> =
3 ke
£ 'E 0.20-
%) %}
0.101
0.101
0.00 2017 2018 0-00 2017 2018
[_] Never Friends [] Always Friends [Jl] Marginal Friends [_] Never Friends [[] Always Friends [l Marginal Friends

Notes: This figure shows the probability that pairs (¢, j) share the exact same demographic or health characteristics, based on whether i and j are never friends,
inframarginal friends, or marginal friends. Never friends in year ¢ are defined as pairs (i, j) where i would not list j as a friend in year ¢ regardless of j’s treatment
(in 2016). Inframarginal friends in year ¢ are defined as pairs (i, j) where ¢ would list j as a friend in year ¢ regardless of j’s treatment. Marginal friends in year ¢
are defined as pairs (i, j) where ¢ would list j as a friend if and only if j was treated. The demographic characteristics included in panel (a) include indicators for
age bin, gender, race (White , Black, and other), faculty, academic professional, civil service, and salary quartiles. The health characteristics included in panel
(b) include indicators for whether individuals were ever screened prior at baseline, whether they were physically active (at baseline), whether they went to the
gym in the year before the start of the study, whether they participated in the IL marathon/10k/5k runs in any of the three years leading up to the study, and

whether they took any sick leave in the year leading up to the study.



Figure 7: Simulated Future Screening Rates in the Presence/Absence of Dynamic Spillovers
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Notes: This figure shows simulated future screening rates among individuals in the treatment group as a function of the share
of the population treated. Evolution of the network from the baseline year to the next that incorporate dynamic spillovers
from the intervention are shown in the (black and gray) solid lines, whereas network evolution that does not incorporate
these spillovers are shown using dashed lines. To simulate network evolution while accounting for dynamic spillovers, we
use estimates from dyadic regressions separately for new link formation and old link retention (based on the subsamples of
coworker pairs who were not friends in the baseline year, or who were friends in the baseline year respectively), whereas
to simulate evolution without dynamic spillovers, we set the coefficient on treatment to zero in these regressions. After
simulating the future network, we use this new network in conjunction with the main IV estimates of peer effects in Table 3
to simulate screening rates. The gray (solid and dashed lines) assume that treatment is assigned randomly, whereas the black
lines assume treatment is assigned first to individuals with the highest “directed Katz-Bonacich centrality measure”. The
thin solid and dashed lines represent 95% pointwise confidence intervals based on 100 replications of treatment assignment
(for each share of the population treated).
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Table 1: Balance in Baseline Characteristics

Conditional Association with
Number of Treated Friends p-Value

(1) (2)

A. Demographic variables

Male 0.005 0.738
Age 50+ -0.007 0.629
Age 37-49 -0.015 0.328
White -0.011 0.334
Salary Q1 (bottom quartile) 0.025 0.076
Salary Q2 0.008 0.568
Salary Q3 -0.010 0.480
Faculty —-0.026 0.018
Academic staff 0.023 0.150
B. Survey variables

Ever screened -0.019 0.033
Physically active —-0.026 0.092
Trying to be active -0.011 0.373
Chronic condition -0.023 0.104
Excellent or very good health -0.007 0.662
Not poor health 0.001 0.531
Physical problems 0.020 0.202
Lots of energy —0.016 0.270
Bad emotional health 0.003 0.851
Overweight 0.013 0.431
High BP /cholesterol/glucose -0.017 0.252
IL Marathon/10K/5K (2014-2016) 0.003 0.814
Any campus gym visit 0.004 0.730
Any sick leave 0.023 0.071
Sample size 3,300

Joint test for all variables (p-value) 0.167

Each row reports the coefficient estimate and corresponding p-value from a regression of a baseline characteristic of treatment-
group participants on the number of treated friends, controlling for fixed effects for the number of friends in the study. The
final row reports the p-value from an F-test based on a regression of the number of treated friends among treatment-group
participants on all the characteristics listed in the table, controlling for fixed effects for the number of friends in the study.
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Table 2: Homophily in Friend Characteristics

Association with Average

Friend Characteristics p-Value
(1) (2)

A. Demographic variables
Male 0.570 0.000
Age 50+ 0.341 0.000
Age 37-49 0.171 0.000
White 0.512 0.000
Salary Q1 (bottom quartile) 0.555 0.000
Salary Q2 0.277 0.000
Salary Q3 0.196 0.000
Faculty 0.858 0.000
Academic staff 0.668 0.000
B. Survey variables
Ever screened 0.178 0.000
Physically active 0.147 0.000
Trying to be active 0.054 0.023
Chronic condition 0.082 0.000
Excellent or very good health 0.071 0.002
Not poor health -0.018 0.000
Physical problems 0.026 0.246
Lots of energy 0.081 0.000
Bad emotional health 0.027 0.257
Overweight 0.130 0.000
High BP /cholesterol/glucose 0.064 0.005
IL Marathon/10K /5K (2014-2016) 0.213 0.000
Any campus gym visit 0.245 0.000
Any sick leave 0.501 0.000
Sample size 3,146

Each row reports the coefficient estimate and p-value from a regression of a study participant’s baseline characteristic on the
average value of the same characteristic among their friends. Standard errors are robust to heteroskedasticity.
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Table 3: Peer Effects on Health Screening and Wellness Activities

A. Reduced-form and first-stage estimates

Health Screening
(Reduced Form)

(1)

Friends Screened
(First Stage)

(2)

Wellness Activities
(Reduced Form)

3)

Friends in Activities
(First Stage)

(4)

Number of Treated Friends

Dependent Variable Mean

FE for Number of Friends in Study
Number of Observations

R2

0.042%%*
(0.014)
0.576
X
3,300
0.009

0.667***
(0.047)
0.559
X
3,300
0.616

0.026
(0.016)
0.314
X
3,300
0.007

0.420%%
(0.043)
0.327
X
3,300
0.402

B. IV and OLS estimates

Health Screening

Health Screening

Wellness Activities

Wellness Activities

(IV) (OLS) (IV) (OLS)
(1) (2) (3) (4)
Number of Screened Friends 0.064%** 0.143%**
(0.019) (0.019)
Number of Friends in Wellness Activities 0.062* 0.115%**
(0.034) (0.017)
Dependent Variable Mean 0.576 0.576 0.314 0.314
FE for Number of Friends in Study X X X X
First-Stage F-Statistic 204.8 — 95.8 —
Number of Observations 3,300 3,300 3,300 3,300
R? 0.029 0.040 0.020 0.024

This table reports estimates of the effect of the number of screened friends on health screening and the effect of the number of friends participating in wellness
activities on participation in wellness activities. Panel A reports reduced-form and first-stage estimates; panel B reports IV and OLS estimates. Health Screening
is an indicator for whether the individual underwent a program health screening in 2016. Wellness Activities is an indicator for whether the individual participated
in any program wellness activity in fall 2016 or spring 2017. Friends Screened and Friends in Activities denote the number of friends participating in health
screenings and wellness activities, respectively. The sample is restricted to individuals treated in the baseline year. All regressions include fixed effects for the
number of friends in the study. Standard errors clustered using spectral clustering are reported in parentheses. *p < 0.10, **p < 0.05, and ***p < 0.01.
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Table 4: Effect of Treatment on Future Network

A. Effects on 2017 network

Friend in Follow-up Year (x100)

(1) (2) (3) (4)

Coworker Treated 0.00268** 0.00252%*** 0.00252*** 0.00252***

(0.00106) (0.000820) (0.000820) (0.000820)
Treated 0.000588 0.000327 0.000341

(0.000935) (0.000792) (0.000794)
Friend in 2016 0.530%** 0.530%** 0.530%**

(0.00828) (0.00828) (0.00828)
Dependent Variable Mean 0.028 0.028 0.028 0.028
Fixed Effects for Number of Friends and Number of Treated Friends X
Individual Fixed Effects X
Number of Observations 17,239,311 17,239,311 17,239,311 17,239,311
R? 0.000 0.284 0.284 0.285
B. Effects on 2018 network
(1) (2) (3) (4)

Coworker Treated 0.00197* 0.00191** 0.00191** 0.00191**

(0.00101) (0.000854) (0.000854) (0.000854)
Treated —0.000667 -0.00114 -0.00126

(0.000909) (0.000824) (0.000825)
Friend in 2016 0.380%** 0.380%** 0.380%**

(0.00892) (0.00892) (0.00892)

Dependent Variable Mean 0.022 0.022 0.022 0.022
Fixed Effects for Number of Friends and Number of Treated Friends X
Individual Fixed Effects X
Number of Observations 14,595,660 14,595,660 14,595,660 14,595,660
R? 0.000 0.193 0.193 0.193

This table reports regression estimates of the effect of treatment on future network structure. The dependent variable is an indicator for the individual listing
the coworker as a friend in the follow-up year. The 2017 and 2018 samples are restricted to individuals who responded to the corresponding follow-up survey,
although the set of coworkers is not restricted to survey respondents. The dependent variables and the baseline probability of a friendship link are multiplied
by 100, so coefficients on the treatment indicators are expressed in percentage points. Observations are at the individual-coworker-pair level. Standard errors
two-way clustered by respondent and coworker are reported in parentheses. *p < 0.10, **p < 0.05, and ***p < 0.01.
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Table 5: Effect of Treatment on New Link Formation and Link Retention

A. Effects on 2017 network

New Coworker (x100)

Retained Coworker (x100)

(1)

(2)

(3)

(4)

Coworker Treated 0.00123* 0.00141%** 5.04%* 5.36%**
(0.000640) (0.000679) (2.05) (2.06)
Baseline Probability of Friendship Link (x100) 0.386%** 1,78
(0.0173) (0.362)
Dependent Variable Mean 0.013 0.013 53.0 53.0
Individual Fixed Effects X X X X
Number of Observations 17,234,404 17,234,404 3,982 3,982
R? 0.000 0.010 0.430 0.437

B. Effects on 2018 network

(1)

(2)

(3)

(4)

Coworker Treated 0.00181%** 0.00194*** 1.03 1.19
(0.000633) (0.000659) (2.02) (2.02)
Baseline Probability of Friendship Link (x100) 0.300%*** 0.796**
(0.0156) (0.342)
Dependent Variable Mean 0.011 0.011 38.0 38.0
Individual Fixed Effects X X X X
Number of Observations 14,591,422 14,591,422 3,443 3,443
R? 0.000 0.007 0.457 0.458

This table reports regression estimates of the effect of a coworker’s treatment assignment on new friendship-link formation (columns 1 and 2, pairs not linked at
baseline) and the retention of existing friendship links (columns 3 and 4, pairs linked at baseline). The 2017 and 2018 samples are restricted to individuals who
responded to the corresponding follow-up survey, although the set of coworkers is not restricted to survey respondents. The dependent variables and the baseline
probability of a friendship link are multiplied by 100, so coefficients on the treatment indicators are expressed in percentage points. All specifications include
individual fixed effects. Observations are at the individual-coworker-pair level. Standard errors two-way clustered by respondent and coworker are reported in
parentheses. *p < 0.10, **p < 0.05, and ***p < 0.01.



Table 6: Effect of Treatment on Future Network: Treatment Effect Heterogeneity

A. Effects on 2017 network

Friend New Friend Retained Friend
(x100) (x100) (x100)
(1) (2) (3)
Coworker Treated —0.000335 —0.0000421 3.53
(0.000811) (0.000604) (2.73)
Friend in 2016 0.515%**
(0.00825)
Baseline Probability of Friendship Link (x100) 0.330%** 0.343%%* 1.72%*
(0.0395) (0.0330) (0.678)
Treated x Baseline Probability (x100) 0.0367 0.00947 —0.422
(0.0380) (0.0326) (0.714)
Coworker Treated x Baseline Probability (x100) 0.112%** 0.0549* 0.531
(0.0396) (0.0299) (0.563)
Dependent Variable Mean 0.028 0.013 53.0
Individual Fixed Effects X X X
Number of Observations 17,239,311 17,234,404 3,982
R? 0.291 0.010 0.437
B. Effects on 2018 network
(1) 2) (3)
Coworker Treated —0.000966 0.0000665 0.438
(0.000792) (0.000615) (2.52)
Friend in 2016 0.369***
(0.00886)
Baseline Probability of Friendship Link (x100) 0.277*** 0.292%*** 0.242
(0.0420) (0.0332) (0.675)
Treated x Baseline Probability (x100) —0.0486 —0.0594* 0.594
(0.0420) (0.0330) (0.737)
Coworker Treated x Baseline Probability (x100) 0.110%** 0.0713%* 0.242
(0.0390) (0.0284) (0.472)
Dependent Variable Mean 0.022 0.011 38.0
Individual Fixed Effects X X X
Number of Observations 14,595,660 14,591,422 3,443
R? 0.197 0.007 0.459

This table reports pair-level regressions examining heterogeneity in the effects of treatment on subsequent friendship links.
Friend in 2016 is an indicator for a friendship link between the individual and coworker in the baseline network. The 2017
and 2018 samples are restricted to individuals who responded to the corresponding follow-up survey, although the set of
coworkers is not restricted to survey respondents. The dependent variables and the baseline probability of a friendship
link are multiplied by 100, so coefficients on the treatment indicators are expressed in percentage points. All specifications
include individual fixed effects. Observations are at the individual-coworker-pair level. Standard errors two-way clustered by
respondent and coworker are reported in parentheses. *p < 0.10, **p < 0.05, and ***p < 0.01.
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Online Appendix

A Network Cluster-Robust Inference

A.1 Defining and Assessing Quality of Clusters

The worry for using robust standard errors for inference in the peer effects setting is that errors may be
correlated between individuals by virtue of peer effects. A natural solution is to use clustered standard
errors: for example, if individuals working in different departments interact exclusively with other indi-
viduals in the same department, clustering standard errors by department would likely be appropriate.
Unfortunately, there are no such “high-quality” clusters based on contextual knowledge in our setting, so
we consider clustering theory and methods that explicitly leverage the network structure as described in
Leung (2023).

The theory in Leung (2023) assumes an undirected network structure, so for inference purposes, we do
the same. Specifically, given the initial directed adjacency matrix W (whose (i, j) entry is the friendship
indicator W;; defined in Section 3), we symmetrize it to obtain an undirected adjacency matrix A, where
A;; = max{W;;, W;;}. Intuitively, if the true network structure is directed but we consider an undirected
structure for inference, our standard errors may be conservative, since we are allowing for potentially more
dependence between observations than there actually is.

For a particular cluster S C {1,..., N}, we measure its “quality” of a cluster (with respect to the

network structure) based on its conductance, defined as:

oai5)= 226,

where the numerator is the edge boundary size, defined as |04(S)| = >;c5 D5 Aij» and the denominator
is the volume of S, defined as vols(S) = >, 4 Zjvzl A;;. By definition, ¢ 4(.5) lies between zero and one,
and the smaller the value it takes, the higher-quality the cluster is.

Suppose we have L clusters (1, ..., Cr, and consider the GMM formulation of the estimation problem,
denoting the sample moment function for a particular cluster C; by Gl(ﬁ), where 6 is the parameter of

interest (with true value 6y). Under weak network dependence and standard regularity conditions, we have:

1 Nlél(eo) p1211 T \/plpLzlL
. d * * . .
— : —*N(0,X7), X" = : : ,
N1GL(6h) VoL .- pLXirrn

where p; = limy_,o N;/N, and ¥, = limy_,, Cov (x/NlGl(HO), \/Nmém(ﬁo)) The main requirement for

validity of small-L clustered standard errors is asymptotic independence, i.e.,
Yim = 0Vl #m.

It turns out that the main condition required for this to hold is that the maximal conductance of the



clusters tend to zero:

lEIfaXLgf)A(Cl) — 0as N — oo.

This is clearly an asymptotic condition, but based on simulations, Leung (2023) suggests using clustered
standard errors if the maximal conductance is less than 0.1, with a minimum number of clusters L > 5
(Cameron, Gelbach and Miller (2008); Cai (2024)).

Do the clusters chosen based on contextual knowledge satisfy this condition? It turns out that the
maximal conductances if we cluster by home college, home organization, race-by-age interactions, and
faculty-by-age interactions are respectively, 0.6, 1, 1, and 0.64, which suggests that these clusters are not

of high enough quality.

A.2 Constructing High-Quality Clusters

A useful concept for considering optimal clusters is the kth-order Cheeger constant of A, defined as:
hi(A) = min{llrgllag}i ®a(S)) : S, ..., Sk partitions{1, ..., N}},
for kK > 1. A necessary condition for asymptotic independence is:
hr(A) — 0,

otherwise there exists no partition of the data that yields high-quality clusters. Unfortunately, the problem
of finding the optimal partition and thus computing the Cheeger constant is NP-complete (ma and Schaeffer
2006). So, instead we rely on results from spectral graph theory to find approximately optimal clusters.
A key concept in spectral graph theory is the graph Laplacian, which is informative about the magnitude
of the Cheeger constants and extremely useful for finding approximate optimal clusters. There exists several
variants of the Laplacian, and Leung (2023) considers a version of the normed graph Laplacian, defined

as:
I — D_I/QAD_I/Q,

where D is the degree matrix, i.e., the diagonal matrix with D;; = Z?Zl A;;. A practical issue with
computing this in our setting is that D is singular because some individuals have no friends (or other
individuals listing them as friends), so instead we use the generalized inverse.

If we order the eigenvalues of the normalized Laplacian by:
A< < A,
we have the following relationship between the Cheeger constants and the spectrum of the Laplacian:
M (A) < CaY?
5 = S CrAg s

where C} does not depend on N and is O(k?). Hence, the eigenvalues )\, are informative about the

magnitude of the Cheeger constants.



Choosing the number of clusters L entails a tradeoff: we may lack power with small L," but cluster
quality typically falls as we increase L. Based on simulations, Leung (2023) suggests choosing the largest
value of L such that Ay, < 0.05, and then verifying that the resulting clusters have maximal conductance
of at most 0.1. In our network, however, the eigenvalue rule is not informative: the baseline study network
has 299 connected components among respondents with at least one link, so A\; remains below 0.05 for
values of L well beyond the range for which the spectral clusters described below have low conductance.
We therefore choose L directly from the conductance criterion: we compute spectral clusters for each L on
a grid, and use the largest L for which the maximal conductance of the clusters is below 0.1.

Next, to find high-quality clusters for a given L, we use spectral clustering. This entails applying
k-means clustering to the first L eigenvectors {V;}L | of the Laplacian (where the eigenvectors are ordered
such that V is the eigenvector associated with ;). Specifically, we embed individuals in R space by

associating with each individual 7, the position:*

Vi Vi
/27 1/2
(Zhw) (Zhw)

We then apply k-means clustering using these positions to obtain the clusters (Y, ..., C}, except that for

)

individuals listing no friend with no others listing them as a friend, we randomly assigned them to clusters

of size ten.

A.3 Inference

The conductance threshold of 0.1 is based on simulations in Leung (2023), which may differ from our
setting in many ways. Hence, as a robustness check, we also compute clustered standard errors using
spectral clusters with different values of L, and plot the ¢-statistic of our main estimate, to see if the
statistical significance is sensitive to this choice. Appendix Figure D.5 shows that for all of the values of
L considered, the t-statistic is above the 1.96 threshold for statistical significance at the five percent level.
In the paper, the number of clusters we used corresponds to the vertical dashed line in this figure, which

is the largest L for which the maximal conductance of the spectral clusters is below 0.1.

B Details on Differential Attrition

The problem of differential attrition arises due to the sample of individuals who respond to future surveys
(i.e., in 2017 and 2018) being a selected sample. Hence, while treatment is independent of potential
outcomes (including future links, both observed and unobserved), it may no longer be independent of
potential outcomes after conditioning on future survey completion, especially if treatment has an effect
on response rates. In this section, we focus our exposition on the effect of differential attrition on the

coefficient estimate on other coworkers’ treatment, 77}, since the effect of own treatment 7; is absorbed by

LCameron, Gelbach and Miller (2008) and Cai (2024) suggest at least five clusters.
2In the definition below, if the denominator is zero, we simply define the ratio as zero.
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individual fixed effects in our most stringent regression specification.

Recall that W is the full adjacency matrix of the baseline network, with (i, 7)th element indicating
whether individual  listed j as a friend in the baseline survey, W2, Let R} denote the indicator that
individual ¢ completes the year-t survey, and let W-t?* denote the year-t link that would be observed if @
completed the survey. For a given i, whenever R! = 1, we observe Wt for all j. Treatment assignment is
i.i.d. Bernoulli with probability p.

We can write the regression specification for the full population (including individuals who did not
respond to the future survey) as:

Wit = o+ ©iT; + 5T + v WS + Bip* + e (B.1)

2

We then decompose the residual into a component representing the average deviation for the respondent,

and a second component representing pair-level deviations from the average respondent deviation:

tx ¢ t
€5 = a; + CHE

We denote individual 4’s latent willingness to respond to the year ¢ survey by L, which is a function

of (potentially) the entire treatment vector T and an unobserved response shock w!:
Li = fi(T,wj),  R;=1[L;>0].

The function f; and its parameters may differ across individuals and may be related to their underlying
link propensities, e; . When a conditional expectation below includes f;, it conditions on these respondent-
specific response parameters. For instance, in the example below where f; is a linear index, these parameters
are the coefficients b;. defined below. Finally, all expectations in this section are based on the same

weighting as the regression.

B.1 Two Sources of Attrition Bias

First consider the regression on only the intercept, T}, and 7; without any additional controls. Let W =

E[W70'%], and define:
ubt =~ (T/V%O16 -W

2016) + 17572016
ij :

+a; + vy, =py+7W

We can thus write:
Wi = of + oT; + o5 + ug) (B.2)

ij
While ufj* is independent of treatment in the full sample, it may not be among the subsample of year-t

respondents.
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Deriving the Bias in the OLS Coefficient. For each d € {0,1} and s € {0,1}, we define:

pa=Pr(Tj=1| R =1,T;, = d),
va=Pr(T; =d| Rl =1),
pl =EWS | R =1,T; =s,T; = d.

Since T; is binary, the residual of T} on the other regressors in the observed sample is given by 7; — pr,.
Within the T; = d cell, we have:

E[(T; — pa)W3" | Ri = 1,T; = d) = pa(1 — pa) (13 — p1y)
E(T; —pa)? | R = 1,T; = d) = pa(1 — pa).

Applying the law of iterated expectations, and the Frisch-Waugh-Lovell theorem, we obtain the follow-

ing expression for the coefficient on 7j in the observed sample:

1
Vapa(l —p
p1 =Y Nalpty—my), M w1~ pa) (B.3)

d=0 Zé:o V£p£(1 - pé) '

The expression for \i; shows that each T; cell receives weight equal to the product of its share of the
respondent sample and the within-cell variance of Tj.

Next, we define:
Aty =E[u | R =1,T;=1,T;=d) — E[u; | Ri =1,T; =0,T; = dJ, (B.4)

which allows us to express the bias as:
1
Y1 — QOI = Z AldAifd. (B5)
d=0

Selection on response shocks and heterogeneous response effects. To gain more intuition about
the bias terms AY,, we start by considering a linear response index, before allowing for nonlinear response

functions later on. In particular, suppose for now that:
Lt = b+ biTy + > b Ty + ot (B.6)
ki

For deriving how treating coworker j changes the response threshold for 7, it is useful to define H;; as
conditioning information for the derivation, i.e., the list of other quantities being held fixed. More formally,
let:

Hij = (Lj? fi7W7 (Tk)k¢{z,]}) (B7)

For a realization of H;;, h, we define:

ca(h) = =bio(h) — bi(h)d — > bi(h)Ti(h), (B.8)
k¢{i,j}
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for notational simplicity. Note that when T; = d and T; = s, individual ¢ responds (to the year ¢t survey)
if and only if w! > c4(h) — b;j(h)s. Accordingly, we define the conditional expectation of the composite

regression residual among respondents given the realization h by mgq(h):

msa(h) = E[u;]

wi > cq(h) = bij(h)s, Hij =h] . (B.9)

Letting F% denote the distribution of H;; conditional on survey response (R! = 1) as well as T; =
s,T; = d, and then adding and subtracting [ moq(h) dF5(h) in equation (B.4), we can write the bias term
as:

hZ/WMm—%WMMﬁm

N J/
-~

selection on response shocks

+/mﬂmwmm—/mﬁmwmm. (B.10)

selection through heterogeneous response effects

The difference inside the first term holds the response function and other conditioning information fixed,
before this difference is integrated over the conditional distribution of H;;. Treatment of one’s coworkers
can change the cutoff for willingness to respond, thus changing the observed distribution of w!. This will
generate bias if the different cutoff selects different underlying link propensities uf]* For example, marginal
respondents induced into survey response by coworker treatment may be less sociable, and have lower uf]*
on average. A sufficient restriction that would eliminate this component of the bias is:

Efuly | of, Myl = Eluty | Hy. (B.11)

The second term captures selection that operates through differences in the treatment’s proportional
effect on survey response. Treating a coworker that a respondent has a stronger underlying connection to
may have a larger effect on her participation. If this is the case, treated coworkers may disproportionately
be those with stronger underlying ties among observed respondents, even if selection on response shocks
is absent.

To make this interpretation precise, we define r4(h) to be the odds ratio for survey response as coworker
treatment varies:

Pr(Ri=1|T; =1,T; =d H;; = h)

rqo(h) = iR — 1| 1) =0T, = d, Hy — h) (B.12)
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The second bias term in decomposition in equation (B.10) can also be written as:*

COVF({Z (mOd(h)7 Td(h))
EF({Z [ra(h)]

(B.13)

It is positive when configurations with higher untreated-selected link propensities experience larger pro-
portional increases in response. Differences in b;; are a natural source of these heterogeneous response
effect, although differences in initial response probabilities can also generate them.

A corresponding argument can be made for the bias for the “own treatment effect”, simply by replacing
the cutoff shift b;; with b;;. The regression coefficient is a variance-weighted average of within-7T; contrasts,

with analogous response-shock and heterogeneous-response-effect components.

B.2 Sufficient Assumptions Under Different Sets of Controls

Next, we give sufficient assumptions for identifying ¢] under successively richer sets of controls.

No Controls. Suppose that survey completion depends only on own treatment and individuals’ under-
lying response propensity:

Ry =1[£;(Ti,w;) = 0]. (B.14)

Then, randomization of treatment thus implies that:
Elug' | R =1,T;=1,T;=d =E[u; | Rl =1,T; =0,T; = dJ, (B.15)

so A}, = 0, and the regression on an intercept, Tj, and T; identifies ¢7.

Controlling for Baseline Friendship. Suppose that survey completion depends only on own treat-

ment, number of baseline friends treated, and individuals’ underlying response propensity, and also that

3To see this, note that randomization of treatment implies that the distribution of h before selection into response does
not depend on T;. Hence, under Bayes’ rule, we have:

ra(h)

W) = § ]

dFE(h).

Substituting this into the second bias term, and writing Eq for expectation under F(ffl(h) for notational convenience, we
obtain:

/mMMMﬁm—/mMMM&w
_ Bolmaa(h)ra(h)

Balramy) o)
_ Eo[moa(h)ra(h) — Eo[moa(h)]/Eo[ra(h)]
Eo[rq(h)]

_ Covgr (moa(h), ra(h))
- Epr [ra(h)]
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the response function is common across individuals:*

R = I[f(T;, N7 ) = 0] (B.16)

i
We also assume that (af,w!) has a common joint distribution independent of the baseline network:
L(a},w! | W% = F. = for every i, (B.17)

where the right-hand side does not depend on the network or the respondent’s position in it.
Moreover, suppose that respondent-level unobserved determinants of future links are unrelated to pair
level determinants:
Ela! | wf] = 0, (B.18)

Elvj; | W, aj,wj] = 0. (B.19)
Randomization and equations (B.18) and (B.19) then imply that zero conditional mean of the remaining
error (conditional on response and the treatment vector), in which case including I/Vij016 as a control

identifies ¢7.

Controls for Baseline Friendship and Fixed Effects for Number of Treated Friends. We main-
tain the same assumptions about the response function, the common joint distribution of (af,w!), and that

the response process contains no information about future links beyond baseline friendship:

R =T[f(T;, N}, wf) = 0],

i
L(al,wl | W21 = ! for every i,

E[v!; | W,a,wi] = 0.

i » Wi P
However, we drop the assumption in equation B.18, allowing for dependence between a! and w?.

Under these assumptions, selected respondent-level future link propensity thus depend only on own

treatment and number of treated friends:

E[af ‘ RIZ = LW»T] E[ai | f(TwNvawf) > 0]

= 4(T;, NT). (B.20)

Let g;; be the residual from the projection of T} on an intercept, T;, W2°' and fixed effects for N among

ij

4Simply assuming that R! = I[f(T;, NI, w!) > 0] is sufficient in this case with the other maintained assumptions about
the conditional means of a} and v;; being zero. Nonetheless, for easier comparison with the following case when fixed effects
for number of treated friends are added as controls, we assume here that the response function is common across individuals:
fl(T“NT Wt) = f(TlszT’wf)

AR Rt !
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respondents. The common joint distribution assumption and randomization of treatment imply that:

E[T; | R =1,T;, N]'] = h(N}")
EW2" | Rf =1,T;, N]'] = w(N})

. (B.21)

Hence, after removing count fixed effects, the residual of 7; is orthogonal to the residuals of both T} and

baseline friendship. Its coefficient in the auxiliary treatment projection is zero, and
Elg;; | B; = 1,T;, N]] = 0. (B.22)

It follows that
Elg;jaf | R = 1] = Elg;;9(T;, NJ') | Rf = 1] = 0. (B.23)

Combined with equation (B.19) which guarantees zero conditional mean of the pair-level unobserved de-
terminant of future link propensity, we observe that this specification identifies ] under the maintained

assumptions.

Controls for Baseline Friendship and Individual Fixed Effects. The inclusion of individual fixed

effects allow for substantially more heterogeneity in the response process. In particular, assume that:
R; =1[fi(T,w;) > 0], (B.24)

where we allow for arbitrary differences in f; across respondents and arbitrary relationships between af,

w!, the response parameters, and the baseline network. Importantly, we need the assumption that:
Elvj; | W, aj,wj, fi] = 0. (B.25)

This allows response to select respondents with different general propensities to list coworkers, but requires
that the response process does not reveal additional information about residual pair-specific determinants
of future link propensity after baseline friendship is accounted for. Note that this condition includes
independence in conditional mean from the respondent-specific parameters of f;, not merely from w?.

For each realized treatment assignment, we residualize the respondent-specific mean across coworkers,
using tildes for the residuals:

—~

Wi =eiTy +7

)

—~
*

WIS + 07, + 7. (B.26)

)

Note that the terms ¢37T; and a! are absorbed by the individual fixed effects. Randomization of treatment
and equation (B.25) then imply that:

E =0, E

t T~
R; E T;5v;;
J#i

J#i
Therefore, individual fixed effects together with baseline friendship identify ¢}, even without assuming a

common response function or common distribution of sociability and response shocks is needed. Response

is also allowed to depend on treatment exposures beyond baseline friends, as long as equation (B.25)
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continues to hold.

B.3 Remaining Threats and Gauging the Magnitude of Bias

Even after controlling for baseline friendship and individual fixed effects in the dyadic regression, some
possibility of bias from differential attrition remains. Most intuitively, the assumption in equation (B.25)
would be violated if survey response in year t is a function of number of year-t friends who were not baseline
friends assigned to treatment. In this case, the response function f; would reveal information about i’s
unobserved propensity to befriend j, v;?j.

To gauge the amount of bias such a violation would result in, we consider a stylized example. To
abstract away from the baseline friendship control, suppose there are no baseline friends. Suppose that
each individual i befriends coworker j in year ¢ with independently with probability L/(N — 1), so the
number of year ¢ friends each individual has, L; is L in expectation. The number of treated year-t friends
each individual has is denoted LT and is Lp in expectation.

In addition, suppose that the treatment in fact had no effect on future friendships (i.e., ¢} = 0) and

that the response function depends more on their year ¢ friends:

!

where w; ~ U(cyg — 1,¢p). The probability of survey response conditional on having LI treated year t
friends is:
Pr(R: =1|L]) = ¢y + CL].

Let N =37, Tj and N = N —1 — N] denote the number of treated and control coworkers of i,
let ¢ = L/(N — 1) denote the probability of a year-t link, and let LY = L; — LT denote the number of
1’s friends in the control gorup. By the Frisch-Waugh-Lovell theorem, the estimate with individual fixed

effects is a weighted average of within-individual slopes,

L 2 Riwib LT LY 3 . ninf
Y1 = ZZszZ ) dZ: an _nicfv Wi = ¢(7}_T_Z) :N_17
j#i

where d; is the difference between the share of treated coworkers and the share of control coworkers that 4
lists as friends. The weights depend on i only through T; given that NI = > i T; — T;, so they are equal
across individuals up to a term of order 1/N.

We characterize ¢; conditional on the realized treatment vector T' = (T3,...,Ty). Given that links
form independently, LT ~ Binomial(n!,¢) and LY ~ Binomial(n{, q) are independent conditional on T,
and survey response depends on the year ¢ network only through L?. Hence, selection through survey
response does not affect links to control coworkers,

L
s

R;=1T } =q,
but it does affect links to treated coworkers. By Bayes’ rule and using the moments of the binomial
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distribution, we have:

E[L] Pr(Ri =1|L)] _ «E[L]] + CE[(L])’]

E[L] |Ri=1,T] =

EPr(Ri=1|L])] co+CE[L]]
_ N g+ [Nq(1 —q) + (N q)’] _ N7 SN g)
co+(Nlq ' co+(Nfq’

Individuals who respond have more treated year-t friends than the population average N[ ¢, since having

more treated year-t friends increases their response probability. Combining the two pieces, we obtain:

Cq(1—q)

| Rt = =
Eld; | R} =1,T] ot CNTq

This does not depend on 7 except through 7T}, so averaging over respondents with the weights w; leaves
it unchanged up to terms of order 1/N. Given that NIq ~ pL is the expected number of treated year-t
friends and that R = co+(pL = Pr(R! = 1) is the survey response rate, the fixed-effects estimate converges
to: -
plim g, — ot = SA1=0)  CL
L 7 (N-1)R
To gauge the magnitude of this bias, we map the stylized example onto our estimates. The bias
CL/[(N — 1)R] has three ingredients: the effect ¢ of one additional treated friend on the probability of

responding to the follow-up survey, the response rate R, and the average number of coworkers a respondent

lists as friends in year ¢, L, divided by the N — 1 = 4,833 coworkers each respondent could list. Appendix
Table D.9 provides estimates of the first two: each additional treated baseline friend changes the probability
of completing the follow-up survey by —0.001 (0.009) in 2017 and —0.005 ( 0.010) in 2018, with response
rates of 0.738 and 0.625. Respondents list an average of 1.36 coworkers as friends in 2017 and 1.05 in 2018.
Plugging in the point estimates, the implied bias in the coefficient on coworker treatment is —0.00004
percentage points in 2017 and —0.00017 percentage points in 2018, compared with our individual-fixed-
effects estimates of 0.0025 and 0.0019 percentage points in column (4) of Table 4: about 2 percent and 9
percent of the estimated effects, respectively. Moreover, in both years the bias works against our finding
because treated friends, if anything, reduce response. Even at the upper end of the 95 percent confidence
interval for ¢ (0.017 in 2017 and 0.015 in 2018), the implied bias is 0.0007 and 0.0005 percentage points,
or roughly one quarter of the estimated effects, so the effect of coworker treatment on future friendship
remains large and statistically distinguishable from zero after netting out the largest bias consistent with
Appendix Table D.9. One caveat is that Table D.9 measures the response to treatment of baseline friends,

whereas the example requires response to treatment of coworkers who become friends only after baseline.
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C Simulation Detalils

C.1 Simulating Behavioral Externalities Using Baseline Network

We simulate peer effects using our IV estimates of endogenous peer effects:
Y, =ag+ alNZ-Y + KN, + ;.

Under the endogenous peer effects specification, all individuals’ outcomes are simultaneously determined,
and in the baseline year only treated individuals are eligible for screening. So, for any vector of counter-
factual treatment assignment 7', we need to find a fixed point in the vector of screening probabilities ?(T)

such that for each individual 7, we have:

VAT) =Ti - (a0 + i) D 4 ki),
where Ni{/(f) = Zj I/VZ]Y/J(T) is the expected number of i’s friends who participate in screening under the

treatment assignment 7'.

We solve this system using fixed point iteration, starting from the benchmark without peer effects:

Y OT) =T, - (ag + kny),

)

and updating according to:
VEDNT) =T (a0 + s NV 7D 4 ki),

G
Il

until convergence.

C.2 Dynamic Spillovers: Simulating Network Evolution and Behavioral Ex-
ternalities

To illustrate the effect of dynamic externalities on future outcomes, we compare simulated outcomes in
2017 under the endogenous peer effects specification, using counterfactual friendship networks that do or
do not incorporate the effect of treatment on network evolution.

Specifically, for any counterfactual treatment assignment 7', we simulate the counterfactual future
network W2017 that incorporates the effect of treatment on network evolution as follows. For pairs where i
did not list j as a friend in 2016 (i.e., Wi; = 0), we assume that Pr(W2'7 = 1) = @i + T} based on
our estimates of equation (5) with individual fixed effects on the sample where W;; = 0. Similarly, for pairs
where W;; = 1, we assume that Pr(W2017 = 1) = gppetention - pretention T, haged on our estimates of equation
(5) with individual fixed effects on the sample where W;; = 1. We simulate the future network that does

not incorporate the effect of treatment on network evolution in the same way, but setting ¢ = 0 and

retention

We then simulate screening probabilities using the endogenous peer effect specification largely following
the previous subsection, but with two changes. First, we use the counterfactual friendship network V’[“/%(n?

to define friends. Second, we allow all individuals to participate in screening regardless of whether they are

C-11



treated, following the experimental design in 2017. For simplicity, we assume that the same individuals
get treated in both years, i.e., the counterfactual treatment 7' that affects network evolution is also used
for simulating future outcomes.

We seek to find a fixed point in the vector of screening probabilities ?2017(T) such that for each
individual 7, we have:

Y20 _ (2017 alem”(T) +aT; + 12007,

where ]\7;/2017 =D VT/%O”Y/]?O” is the expected number of ¢’s friends in the counterfactual friendship
network W27 that participate in screening (in 2017), and a7} assumes that the effect of own baseline

treatment (in 2016) is a level shift on the probability of participating in screening in 2017.°

We solve this system using fixed point iteration, starting from the benchmark without peer effects:

(2

§72017,(0) (T) _ agow + aTi + fﬁ?\?i”,

and updating according to:

3 B - 2017, (k) (T
Y2017,(k+1) (T) _ 043017 +al + OélNiYQON k) (T + K?VoiN?

(2

until convergence.

C.3 Modification of Katz-Bonacich Centrality in a Directed Network

To determine the order in which to treat individuals in order to maximize average screening rates in the
presence of behavioral spillovers, we derive a simple modification of the Katz-Bonacich Centrality measure
for a network with directed links (Katz, 1953; Bonacich, 1987). For simplicity, consider a linear endogenous

peer effects model with constant treatment effects:
y=a+71t+ Wy, (C.28)

where vy is the vector of outcomes, t is the vector of treatment assignments, a includes other determinants
of individuals’ outcomes, and W is the adjacency matrix whose (i, j) entry is Wj;, the indicator for ¢ listing
J as a friend defined in Section 3.

Adopting the standard assumption in the literature that Sp(W') < 1 where p(W) is the spectral radius
of W (Ballester, Calvé-Armengol and Zenou, 2006; Bramoullé, Kranton and D’Amours, 2014; Galeotti,
Golub and Goyal, 2020), equation (C.28) implies that the outcome vector can be written as:

y=M/(a+Tt), (C.29)

where M = (I — fW)~! and I is the identity matrix. Note that the condition Sp(W') < 1 is sufficient

5We estimate a by imposing the 2016 IV estimate of peer effects, regressing 2017 screening net of that term on treatment
and fixed effects for number of friends, and then taking the intercept, treatment shift, and fixed effects from that regression.
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for invertibility of I — W, and also that this is satisfied in our setting given that:

p(W) < maXZ W;; = max N; <5,
J

which implies that Sp(W') < (0.064)(5) = 0.32 < 1.

Consider a treatment vector t, and the incremental effect of adding an individual ¢ to treatment:
t' =t +e;. Writing outcomes y as a function of treatment, the effect on outcomes of this marginal treated
individual is equal to:

y(t') —y(t) = TM(t' —t) = TMe;,

and hence, the effect on aggregate treatment is:

D oy) =) y(t)=71'Me,

where 1 is a vector of ones. Given that 7 is constant by assumption, its value does not matter as long
as 7 > 0. Therefore, the vector which measures the incremental effect of each individual to aggregate

outcomes (up to a constant factor 7) is given by:
s=M'1=(I-pW') 1.

Under the targeted treatment counterfactual, we prioritize treatment to individuals with the highest values
of s.

Note that strictly speaking, this is not exactly the optimal targeted treatment for maximizing outcomes
in the baseline year, since individuals in the control group cannot participate in screenings or wellness

activities. A model that explicitly incorporates this restriction, e.g., with the following outcomes equation:
y = diag(t)(c + Wy),

would be substantially more complicated given that the marginal effect of an individual being treated
depends on who is already treated, making it a set selection problem. Nonetheless, Appendix Figure D.6
shows that our targeted treatment outperforms a treatment assignment heuristic that prioritizes treating
individuals who are listed by the most coworkers as a friend in terms of maximizing screening rates among
the treated.

In addition, note that the “oscillating pattern” for the screening rate among the treated as a function
of the share of the population treated under the targeted treatment counterfactual is a feature of our
setting, and can arise even under the optimal assignment rule. To see this, consider a stylized example
with 4 coworkers, where coworkers A and B list each other as friends, coworkers C and D list each other as
friends, and there are no additional friendship links. Assuming no additional heterogeneity (i.e., a = al
in the notation above), an optimal targeted treatment order is: A, B, C, D. In this case, screening rate
among the treated is lowest when only A is treated, since there are no spillovers with other coworkers still
being ineligible for screening. The screening rate then rises as B is assigned to treatment, due to behavioral

spillovers between A and B. Next, the average screening rate falls when C is added to treatment, since

C-13



there are no behavioral spillovers between C and any other individual, with D still being ineligible; at the
same time, note that the screening rate at this point is still higher than with only A being treated, since
there are currently still behavioral spillovers between A and B. Finally, the screening rate rises again when
D is treated, as a result of behavioral spillovers between C and D.

While individuals from the control group can also participate in screening in 2017, we still see the same
oscillating pattern for a similar reason. In the 4-coworker example above, ignoring dynamic externalities,
when C is added to treatment (with A and B already treated), this generates behavioral spillovers for
D’s 2017 screening (unlike for 2016 screening, where D was ineligible). However, since D is untreated,
behavioral spillovers onto C are muted, so C’s screening propensity is lower than that of A and B (who
generate mutual spillovers). Only when D is also treated is C’s screening propensity the same as that of
A and B, which explains the oscillating pattern. Nonetheless, the oscillations are smaller in 2017 because
(when only A, B, and C are treated) D screens at the control-group rate rather than not at all, which

generates some spillovers onto C.

“Peer Effects and Network Formation: Evidence from the Illinois Workplace Wellness Study”

Alden Cheng, University of Illinois and NBER
Damon Jones, University of Chicago

David Molitor, University of Illinois and NBER
Julian Reif, University of Illinois and NBER
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D Appendix Figures and Tables

Figure D.1: Experimental Design
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Figure D.2: Survey Question Used to Construct the Social Network

lllinois Workplace Wellness Study

The next questions ask about your workplace.

35. Work is a setting where people sometimes discuss health-related behaviors (e.g., physical
activity, stress management, weight management) with their coworkers. Please list the first
and last names of up to 5 coworkers at UIUC, starting with the person you are most likely
to discuss health-related behaviors with at work. As a reminder, your answers will remain
confidential. No one outside of the research team will ever see your responses.

Name suggestions from the university directory will appear as you type. Directory names may
differ from the name the employee uses (for example, “Jeff” versus “Jeffrey”). You may also
enter names that are not suggested.

First and Last Names

1st (Most likely): Elizabeth L
Elizabeth LN
2nd: Elizabeth L NN
Elizabeth LI
3rd:
Ath: |
Sth: |
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Figure D.3: Peer Effect Heterogeneity by Friend Order

(a) Health Screening
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Figure D.4: Peer Effect Heterogeneity by Individual Characteristics

(a) Health Screening
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(b) Wellness Activities
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Figure D.5: ¢-Statistic of Main Estimate as a Function of Different Values for the Number of Clusters Used for
Spectral Clustering
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Figure D.6: Comparison of Screening Rate Among Treated Using In-Degree or Centrality Targeting

(a) Simulated Screening in 2016
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(b) Simulated Screening in 2017 with Dynamic Externalities
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Notes: Panel (a) shows the simulated 2016 screening rate among the treated, as a function of the share of the population
treated under no peer effects, under peer effects when treatment is prioritized for individuals listed by the most coworkers
as friends, and under peer effects when treatment is prioritized for individuals with the highest “directed Katz-Bonacich
centrality”. Panel (b) shows the simulated 2017 screening rate among the treated, as a function of the share of the
population treated (in 2016) under peer effects and endogenous network evolution, when treatment is prioritized for
individuals listed by the most coworkers as friends, and when treatment is prioritized for individuals with the highest
“directed Katz-Bonacich centrality”.

D-20



Table D.1: Observational Peer Effects with Additional Controls

A. Health screening

OLS Post-Double
v OLS (Controls) Selection
(1) (2) (3) (4)
Number of Screened Friends 0.064*** 0.143%** 0.112%** 0.134***
(0.019) (0.019) (0.015) (0.018)
Dependent Variable Mean 0.576 0.576 0.576 0.576
First-Stage F-Statistic 204.8 — — —
Number of Observations 3,300 3,300 3,300 3,300
R? 0.029 0.040 0.090 —

B. Wellness activities

(1)

(2)

(3)

(4)

Number of Friends in Wellness Activities

Dependent Variable Mean
First-Stage F-Statistic
Number of Observations
RQ

0.062*
(0.034)
0.314
95.8
3,300
0.020

0.115%**
(0.017)
0.314

3,300
0.024

0.083 %+
(0.020)
0.314

3,300
0.085

0.086***
(0.021)
0.314

3,300

Panel A reports estimates of the effect of the number of screened friends on health screening. Panel B reports estimates of the
effect of the number of friends participating in wellness activities on participation in wellness activities. The IV specifications
in column 1 and the OLS specifications in column 2 control for the number of friends in the study. The OLS specifications
with additional controls in column 3 include the total number of friends, the demographic and baseline health characteristics
listed in the balance table, and the numbers of friends in the study with each of these characteristics. The post-double-
selection specifications in column 4 select controls from the same set following Belloni, Chernozhukov, and Hansen (2014),
with fixed effects for the number of friends in the study partialled out. In the IV specifications, the numbers of screened
friends and friends participating in wellness activities are instrumented by the number of treated friends. Health Screening is
an indicator for whether the individual underwent a program health screening in 2016. Wellness Activities is an indicator for
whether the individual participated in any program wellness activity in fall 2016 or spring 2017. Standard errors clustered
using spectral clustering are reported in parentheses. *p < 0.10, **p < 0.05, and ***p < 0.01.
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Table D.2: Peer Effects Estimates for Friends-of-Friends

A. Health screening

v v OLS OLS
(1) (2) (3) (4)
Number of Screened Friends-of-Friends 0.023 0.019 0.0527+** 0.035**
(0.018) (0.017) (0.019) (0.014)
Number of Screened Friends 0.060*** 0.127*+**
(0.018) (0.017)
Dependent Variable Mean 0.576 0.576 0.576 0.576
First-Stage F-Statistic 468.7 106.7 —
FE for Number of Friends-of-Friends in Study X X X X
FE for Number of Friends in Study X X
Number of Observations 3,300 3,300 3,300 3,299
R? 0.049 0.069 0.050 0.076

B. Wellness activities

(1) (2) (3) (4)

Number of Friends-of-Friends in Wellness Activities 0.039* 0.036 0.047*** 0.037***
(0.023) (0.023) (0.014) (0.013)
Number of Friends in Wellness Activities 0.054 0.097***
(0.033) (0.018)
Dependent Variable Mean 0.314 0.314 0.314 0.314
First-Stage F-Statistic 173.0 57.5 —
FE for Number of Friends-of-Friends in Study X X X X
FE for Number of Friends in Study X X
Number of Observations 3,300 3,300 3,300 3,299
R? 0.059 0.069 0.059 0.071

Panel A reports estimates of the effect of the number of screened friends-of-friends on participation in health screening.
Panel B reports estimates of the effect of the number of friends-of-friends participating in wellness activities on participation
in wellness activities. Health Screening is an indicator for whether the individual underwent a program health screening
in 2016. Wellness Activities is an indicator for whether the individual participated in any program wellness activity in fall
2016 or spring 2017. In column 1, the number of participating friends-of-friends is instrumented by the number of treated
friends-of-friends. In column 2, the numbers of participating friends-of-friends and participating friends are instrumented by
the numbers of treated friends-of-friends and treated friends, respectively. Standard errors clustered using spectral clustering
are reported in parentheses. *p < 0.10, **p < 0.05, and ***p < 0.01.
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Table D.3: Reduced Form Peer Effects: Other Functional Forms

Screening

Wellness Activities

(1)

(2) 3) (4)

()

Number of Treated Friends

Share of Friends Treated

1 Friend Treated

2 Friends Treated

3 Friends Treated

4 Friends Treated

5 Friends Treated

Dependent Variable Mean

FE for Number of Friends in Study

Number of Observations
R2

0.042%%*
(0.014)

0.576
X
3,300
0.009

0.026

(0.016)

0.071%%*
(0.026)

0.039
(0.027)
0.085%*
(0.036)
0.089*
(0.047)
0.184%*
(0.076)

0.493%%*
(0.083)

0.576 0.576 0.314
X X X
3,300 3,300 3,300
0.008 0.010 0.007

0.046*
(0.027)

0.314
X
3,300
0.007

0.040
(0.033)
0.059
(0.039)
0.083
(0.052)
0.042
(0.093)
0.282
(0.198)
0.314
X
3,300
0.007

This table reports reduced-form estimates of the effect of treated friends on health screening and participation in wellness activities. Health Screening is an
indicator for whether the individual underwent a program health screening in 2016. Wellness Activities is an indicator for whether the individual participated in
any program wellness activity in fall 2016 or spring 2017. Share of Friends Treated is defined as the number of treated friends divided by the number of friends
in the study and is set to zero for individuals with no friends in the study. All regressions include fixed effects for the number of friends in the study. Standard
errors clustered using spectral clustering are reported in parentheses. *p < 0.10, **p < 0.05, and ***p < 0.01.



Table D.4: Endogenous Peer Effects: Other Functional Forms

Screening Wellness Activities
v OLS v OLS
(1) (2) (3) (4)
Share of Friends Screened 0.113%** 0.242%%%*
(0.040) (0.033)
Share of Friends Participating in Wellness Activities 0.126* 0.184***
(0.068) (0.030)
Dependent Variable Mean 0.576 0.576 0.314 0.314
First-Stage F-Statistic 499.1 — 182.3 —
FE for Number of Friends in Study X X X X
Number of Observations 3,300 3,300 3,300 3,300
R? 0.025 0.032 0.017 0.018

This table reports estimates of the effect of the share of screened friends on health screening and the effect of the share of
friends participating in wellness activities on participation in wellness activities. Health Screening is an indicator for whether
the individual underwent a program health screening in 2016. Wellness Activities is an indicator for whether the individual
participated in any program wellness activity in fall 2016 or spring 2017. Each participation share is defined as the number
of participating friends divided by the number of friends in the study and is set to zero for individuals with no friends in
the study. In the IV specifications, the participation share is instrumented by the share of friends in the study who were
assigned to treatment. All regressions include fixed effects for the number of friends in the study. Standard errors clustered
using spectral clustering are reported in parentheses. *p < 0.10, **p < 0.05, and ***p < 0.01.
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Table D.5: Peer Effects Estimates: Individuals Listing At Most Four Friends

A. Reduced-form and first-stage estimates

Health Screening
(Reduced Form)

(1)

Friends Screened
(First Stage)

(2)

Wellness Activities
(Reduced Form)

(3)

Friends in Activities

(First Stage)
(4)

Number of Treated Friends

Dependent Variable Mean

FE for Number of Friends in Study
Number of Observations

R2

0.020%*
(0.013)
0.574
X
3,246
0.007

0.63 1%+
(0.049)
0.530
X
3,246
0.591

0.016
(0.017)
0.313
X
3,246
0.006

0.389%**
(0.044)
0.309
X
3,246
0.373

B. IV and OLS estimates

Health Screening

Health Screening

Wellness Activities

Wellness Activities

(IV) (OLS) (IV) (OLS)
(1) (2) (3) (4)
Number of Screened Friends 0.047** 0.145%**
(0.020) (0.023)
Number of Friends in Wellness Activities 0.042 0.118%**
(0.041) (0.018)
Dependent Variable Mean 0.574 0.574 0.313 0.313
FE for Number of Friends in Study X X X X
First-Stage F-Statistic 162.5 — 78.0 —
Number of Observations 3,246 3,246 3,246 3,246
R? 0.022 0.036 0.016 0.023

This table reports estimates of the effect of the number of screened friends on health screening and the effect of the number of friends participating in wellness
activities on participation in wellness activities. Panel A reports reduced-form and first-stage estimates; panel B reports IV and OLS estimates. Health Screening
is an indicator for whether the individual underwent a program health screening in 2016. Wellness Activities is an indicator for whether the individual participated
in any program wellness activity in fall 2016 or spring 2017. Friends Screened and Friends in Activities denote the number of friends participating in health
screenings and wellness activities, respectively. The sample is restricted to individuals treated in the baseline year who listed at most four friends in the study. All
regressions include fixed effects for the number of friends in the study. Standard errors clustered using spectral clustering are reported in parentheses. *p < 0.10,

**p < 0.05, and ***p < 0.01.
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Table D.6: Endogenous Peer Effects: Within-Home College/Home Organization Variation

A. Health screening

(1) (2) 3) (4)

Number of Screened Friends 0.064*** 0.065*** 0.059%** 0.060***
(0.019) (0.018) (0.022) (0.022)
Dependent Variable Mean 0.576 0.576 0.576 0.576
First-Stage F-Statistic 204.8 235.2 158.8 156.6
FE for Number of Friends in Study X X X X
Home-College Fixed Effects X X
Home-Organization Fixed Effects X X
Number of Observations 3,300 3,300 3,300 3,300
R? 0.029 0.064 0.219 0.220

B. Wellness activities

(1) (2) (3) (4)

Number of Friends in Wellness Activities 0.062* 0.062* 0.047 0.049
(0.034) (0.034) (0.041) (0.042)
Dependent Variable Mean 0.314 0.314 0.314 0.314
First-Stage F-Statistic 95.8 95.2 63.6 61.0
FE for Number of Friends in Study X X X X
Home-College Fixed Effects X X
Home-Organization Fixed Effects X X
Number of Observations 3,300 3,300 3,300 3,300
R? 0.020 0.049 0.207 0.209

Panel A reports IV estimates of the effect of the number of screened friends on participation in health screening. Panel B reports IV estimates of the effect of the
number of friends participating in wellness activities on participation in wellness activities. The endogenous peer participation measure is instrumented by the
number of treated friends. All regressions include fixed effects for the number of friends in the study. Columns 2 and 4 include home-college fixed effects, while
columns 3 and 4 include home-organization fixed effects. Standard errors clustered using spectral clustering are reported in parentheses. *p < 0.10, **p < 0.05,
and ***p < 0.01.
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Table D.7: Peer Effects Estimates: Reversed Friendship Links

A. Reduced-form and first-stage estimates

Health Screening
(Reduced Form)

(1)

Friends Screened
(First Stage)

(2)

Wellness Activities
(Reduced Form)

(3)

Friends in Activities
(First Stage)

(4)

Number of Treated Friends

Dependent Variable Mean

FE for Number of Friends in Study
Number of Observations

R2

0.032%*
(0.015)
0.576
X
3,300
0.010

0.652%%*
(0.041)
0.567
X
3,300
0.676

0.0447%%
(0.014)
0.314
X
3,300
0.010

0.384%
(0.034)
0.323
X
3,300
0.468

B. IV and OLS estimates

Health Screening

Health Screening

Wellness Activities

Wellness Activities

(IV) (OLS) (IV) (OLS)
(1) (2) (3) (4)
Number of Screened Friends 0.049** 0.140%**
(0.022) (0.019)
Number of Friends in Wellness Activities 0.115%** 0.124%**
(0.029) (0.016)
Dependent Variable Mean 0.576 0.576 0.314 0.314
FE for Number of Friends in Study X X X X
First-Stage F-Statistic 255.6 — 129.5 —
Number of Observations 3,300 3,300 3,300 3,300
R? 0.026 0.039 0.027 0.028

This table reports estimates of the effect of the number of screened friends on health screening and the effect of the number of friends participating in wellness
activities on participation in wellness activities, where friends are defined using the reverse of the reported friendship link. Panel A reports reduced-form and
first-stage estimates; panel B reports IV and OLS estimates. Health Screening is an indicator for whether the individual underwent a program health screening in
2016. Wellness Activities is an indicator for whether the individual participated in any program wellness activity in fall 2016 or spring 2017. Friends Screened and
Friends in Activities denote the number of friends participating in health screenings and wellness activities, respectively. The sample is restricted to individuals
treated in the baseline year. All regressions include fixed effects for the number of friends in the study. Standard errors clustered using spectral clustering are
reported in parentheses. *p < 0.10, **p < 0.05, and ***p < 0.01.
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Table D.8: Endogenous Peer Effects: Alternative Definitions of Peer Groups

A. Health screening

v OLS v OLS v OLS

(1) (2) (3) (4) (5) (6)
Share of Friends Screened 0.113%#%  (0.242%**

(0.040)  (0.033)
Share of Home College Screened (leave-out) 0.193 0.828%**
(0.374)  (0.202)
Share of Home Organization Screened (leave-out) -0.053  0.300%**
(0.074)  (0.080)

Dependent Variable Mean 0.576 0.576 0.576 0.576 0.576 0.576
First-Stage F-Statistic 499.1 — 90.8 — 428.4 —
Number of Observations 3,300 3,300 3,297 3,297 3,216 3,216
R? 0.025 0.032 0.012 0.021 0.001 0.020
B. Wellness activities

(1) (2) (3) (4) (5) (6)
Share of Friends Participating in Wellness Activities 0.126* 0.184%%*

(0.068)  (0.030)
Share of Home College Participating in Wellness Activities (leave-out) 0.189 0.700***
(0.493)  (0.151)
Share of Home Organization Participating in Wellness Activities (leave-out) —0.042 0.281***
(0.162)  (0.080)

Dependent Variable Mean 0.314 0.314 0.314 0.314 0.314 0.314
First-Stage F-Statistic 182.3 — 36.2 — 135.9 —
Number of Observations 3,300 3,300 3,297 3,297 3,216 3,216
R? 0.017 0.018 0.010 0.015 0.003 0.016

This table reports estimates of the effect of the share of peers participating in health screening on own screening (Panel A) and the effect of the share of peers
participating in wellness activities on own participation in wellness activities (Panel B), using alternative definitions of the peer group. In the IV specifications,
the peer participation share is instrumented by the share of the corresponding peer group assigned to treatment. Columns 1 and 2 define peers using the survey
question asking individuals to identify their peers. Columns 3 and 4 define peers as members of the home college, and columns 5 and 6 define peers as members of
the home organization. The home-college and home-organization measures exclude the individual. All regressions include fixed effects for the number of friends
in the study. Standard errors clustered using spectral clustering are reported in parentheses. *p < 0.10, **p < 0.05, and ***p < 0.01.



Table D.9: Effect of Treatment on Follow-up Survey Completion

A. Completed 2017 follow-up survey
(1) (2)

Treated —0.025%* —0.025%*
(0.011) (0.011)
Number of Treated Friends -0.001
(0.009)
Dependent Variable Mean 0.738 0.738
FE for Number of Friends in Study X X
Number of Observations 4,834 4,834
R? 0.004 0.004

B. Completed 2018 follow-up survey
(1) (2)

Treated —0.032** —0.032**
(0.012) (0.012)
Number of Treated Friends -0.005
(0.010)
Dependent Variable Mean 0.625 0.625
FE for Number of Friends in Study X X
Number of Observations 4,834 4,834
R? 0.007 0.007

This table reports estimates of the effect of treatment on completion of the follow-up surveys. The dependent variable in panel
A is an indicator for completing the 2017 follow-up survey, and in panel B an indicator for completing the 2018 follow-up
survey. Treated is an indicator for assignment to the treatment group in 2016. Number of Treated Friends is the number
of friends listed on the 2016 baseline survey who were assigned to treatment. The sample includes all study participants in
both the treatment and control groups. All regressions include fixed effects for the number of friends in the study. Standard
errors clustered using spectral clustering are reported in parentheses. *p < 0.10, **p < 0.05, and ***p < 0.01.
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