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Original Research

Introduction

Tobacco use remains the leading cause of preventable 
cancer.1,2 With the call to invest in cancer prevention 
research, there remains a need to evaluate novel ways to 
curtail tobacco use.2,3 Tobacco use behaviors are contagious 
within social networks, which consist of a set of people and 
the connections between them.4,5 Social networks are the 
structural aspects of social relationships and social network 
studies seek to examine how the social structure or web of 
ties of individuals relate to outcomes of interest in them.6,7 
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Abstract
Importance: Tobacco use remains the leading cause of preventable deaths and is susceptible to social influence. Yet, we 
know little about the characteristics of primary care social networks and how they influence tobacco use. Objective: 
To determine what primary care patient social network characteristics are associated with individual smoking behavior. 
Design: Cross-sectional. Setting: Two primary care practices in West Philadelphia, Pennsylvania (PA), USA. Participants: 
A random sample of 53 primary care patients and 155 of their nominated social ties. Main Outcome and Measures: 
We examined the association between social network characteristics (degree, communicated weighted social ties, and 
presence of social reinforcement) and tobacco use history (never smoker, successful quitter, or current smoker). Other 
covariates included age, race/ethnicity, sex, education, income, and employment status, self-efficacy, depression status, 
provider-patient relationship. Results: Of those enrolled in our study (n = 208), 101 identified as never smokers, 59 as 
successfully quitters, and 48 as current smokers. Social reinforcements from connected alter pairs that never-smoked 
(OR = 1.20, 95% CI: 1.08, 1.34) was significantly associated with a participant being a never smoker. Participants with 
stronger ties with successful quitters were significantly more likely to identify as successfully quitting (OR = 1.37, 95% CI: 
1.11, 1.69) and conversely had a negative association with stronger ties to unsuccessful quitters (OR = 0.59, 95% CI: 0.44, 
0.80) or current smokers who had not tried to quit in the last year (OR = 0.82, 95% CI: 0.68, 0.98). Social reinforcement 
from connected pairs of alters that were unsuccessful quitters was significantly associated with the participant being a 
current smoker (OR = 1.26, 95% CI: 1.10, 1.45). Conclusions: Our study suggests that smoking behaviors do not occur in 
isolation, nor because of 1 or 2 prominent social network members. Rather, our findings suggest that both strong ties and 
social reinforcement from clusters of similarly-behaving persons influence smoking behavior. Primary care practices have 
an opportunity to leverage these insights on patient networks to improve cancer prevention.
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The type, strength, and structure of those social ties have 
been shown to influence tobacco use.8 Evidence suggests 
that tobacco use behaviors may require multiple, strong ties 
to spread or social reinforcement from interconnected ties 
that share the same behaviors.9-14 Leveraging such insights 
on how behaviors spread, primary care providers and prac-
tices have an unrealized opportunity to influence tobacco 
use and other cancer prevention behaviors that contribute to 
the burden of cancer in susceptible populations.15-19

Recent recommendations from the US Preventive 
Services Taskforce have called for primary care interven-
tions to mitigate tobacco use.20 Effectively addressing 
healthy behaviors in the primary care setting requires inno-
vative approaches that build synergy between practices and 
the social networks of primary care patients. The objectives 
of this study were to understand the characteristics of pri-
mary care patient social networks and evaluate the associa-
tions between those network characteristics and tobacco use.

Methods

Data Collection

We identified a random sample of primary care patients to 
recruit from an electronic medical records (EMRs) query of 
2 primary care practices serving West Philadelphia, located 
in the state of Pennsylvania, in the USA. We recruited eli-
gible patients from study site waiting rooms (egos) if they 
were: (1) age 21 or older; (2) English speaking; and (3) seen 
at least once in the past 3 years (if patient has a designated 
PCP) or twice in the past 2 years (if no assigned PCP). We 
asked initial participants (egos) to name up to 6 social ties 
(alters), without further specification. Then we asked a 
series of questions about each nominated alter to determine 
their communication frequency, whether or not they 
attended the same primary care practice or discussed health 
related matters with their nominated ties. We reached out 
via telephone to recruit at least 2 of the 6 nominated alters, 
prioritizing those ties that they attended the same primary 
care practice as or discussed health matters with. Enrolled 
alters were then given the same survey as egos and this 
snowball sampling method was repeated 6 times, for a total 
of 208 participants, 55 egos (23 Non-Hispanic White and 32 
Non-Hispanic Black patients) and 153 of their enrolled 
alters.21,22

All participants received an incentive to complete a 
60-min telephone survey that assessed individual attributes 
and behaviors as well as how they relate to and interact with 
each of their social ties. To determine the strength of the ties 
and the presence of social reinforcement, we asked each 
participant, whether or not their nominated alters know 
each other and if so, how frequently they communicate with 
one another. We assessed communication frequency using a 
scale from 0 to 6 (0 = Never, 1 = Less than every 2-3 weeks, 

2 = Every 2-3 weeks, 3 = 1-2 days a week, 4 = 3-5 days a 
week, 5 = About once a day and 6 = Several times a day; 
99 = Ties don’t know each other; 98 = Participant can’t 
recall). Participants were able to assess the frequency of 
communication between their nominated social ties (alters) 
98.3% of the time and, when those alters were themselves 
enrolled and nominated the original participant in turn, 
there was agreement between the ego’s assessment and the 
alter’s self-assessment 66.7% of the time. The institutional 
review board at the University of Pennsylvania approved 
this study protocol.

Dependent Variables

For participants, we examined the following smoking status 
binary outcomes (Yes vs No): (1) never smoker; (2) suc-
cessful quitter; and (3) current smoker. We assessed partici-
pant smoking status using the following validated survey 
questions with yes or no response options: (1) Have you 
ever smoked (>100 cigarettes in your life); (2) Do you cur-
rently smoke; (3) Have you tried to quit in the past 
12 months.23 We characterized successful quitters as those 
who identified currently as non-smokers, but reported a 
prior history of smoking and unsuccessful quitters as those 
that identified as current smokers who reported trying to 
quit in the past 12 months.

Independent Variables

Our independent variables were social network measures 
reflecting the number, strength, and interconnectivity of 
ties. First, we examined degree—all alters connected to a 
given participant including their alters nominated alters, 
to adjust for network size of a given participant. To exam-
ine the joint associations of alter behavior and network 
structure, we then categorized alters’ smoking into 1 of 4 
mutually exclusive and exhaustive categories: (1) never 
smoker, (2) successful quitter, (3) unsuccessful quitter, 
and (4) current smoker who has not tried to quit in the last 
12 months. These categories are distinct from our partici-
pant outcomes.

Strong Ties (Total Strength of Communication 
Weighted Network Dyads)

To examine the associations between the strength of social 
ties within a participant’s network and their smoking status, 
we derived a set of network variables weighted by commu-
nication frequency (ordinal; ranging from 0 = never to 
6 = more than once a day) and discussions of health matters 
(dichotomous; 1 = yes vs 0 = no). We examined the set of 0 
to 6 participant-alter pairs (dyads), where the participant 
and alter discussed health and weighted those by 
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the frequency of communication, and segmented them 
according to the smoking status of the alters irrespective of 
the smoking status of the participant. We then summed all 
of these weighted communication frequencies to create 4 
dyadic independent variables, 1 for each of the 4 possible 
smoking status characteristics.24 For parsimony, hereafter 
we refer to these total strength of communication weighted 
networks ties simply as “strong ties.”

Social Reinforcement (Social Reinforcement 
Triad Counts)

Social reinforcement examines the intersection between 
transitivity, when 2 people who share a social tie are them-
selves connected, and homophily, when social ties share the 
same attribute. For each of the 4 smoking behaviors, we 
captured the number of social reinforcement triads, where 
the participant’s nominated social ties (alters) were also 
connected to each other (transitivity) and share a behavior 
(homophily) that served to reinforce that behavior with the 
ego.25 For each participant, we took the subset of alters who 
all exhibited the smoking status in question. For each unique 
pair of alters in that subset, we counted those where the 
alters knew one another, as indicated by the participant. We 
normalized these counts by dividing by the number of 
unique pairs of alters sharing the smoking behavior.14 For 
example, if a participant had 4 alters who were never smok-
ers, the count of never smoker social reinforcement triads 
would be divided by 6—the number of unique pairs that 
could be made from those 4 alters. We then scaled this 
normalized number from 0 to 10 rather than 0 to 1 to aid 
interpretability of results. We constructed a fifth social rein-
forcement triad count where the alters did not share a smok-
ing behavior (heterophily) to isolate the effects of social 
reinforcement from that of merely having dense networks.26 
For a given participant, we counted the number of pairs of 
alters who had different smoking statuses and who knew 
one another. To normalize, we divided by the number of 
pairs that could be formed from all the participant’s alters, 
less the number of pairs that would form homophilous ties 
and rescaled this to have a range of 0 to 10.

Additional Covariates

We examined the following demographic and socioeco-
nomic characteristics: age, race/ethnicity, sex, education, 
income, and employment status. We employed validated 
measures to assess participant self-efficacy,27 whether or 
not they had depression28 and their relationship with their 
primary care provider (provider-patient relationship).29

Analysis

First, we compared the above demographic, socioeco-
nomic, psychosocial, and network characteristics (density, 

4 communication weighted tie counts, and 4 normalized 
social reinforcement triad counts) of participants by smok-
ing status. We did so by conducting 2-sided t-tests for con-
tinuous variables and chi-square tests for categorical ones.

Second, to estimate the association between our inde-
pendent variables and our binary smoking outcomes, we 
fit multivariable logistic regression models and used gen-
eralized estimating equations (GEE) with an exchangeable 
correlation structure to account for correlation among 
each participant’s ego-initiated network. Each ego-initi-
ated network consisted of the ego, their nominated alters, 
and their enrolled alters’ nominated alters (second degree 
alters) and so forth. For each of our dependent variables, 
we fit a series of 3 models, adding additional covariates 
each time. For the successful quitter outcome, models 
were estimated in the subset of participants with a prior 
history of smoking (n = 107). Models for the never smoker 
and current smoker outcomes were estimated using the 
entire sample (n = 208). In Model 1, we included degree 
and our 4 communication weighted ties counts as mea-
sures of complex contagion. In Model 2, we added our 
social reinforcement variables, specifically the triad 
counts for each smoking status; as well as our control vari-
able of the triad counts of those with heterophilous smok-
ing behaviors. In Model 3 we further controlled for the 
additional covariates detailed above.

Network Visualizations

To visualize exactly how different network structures were 
associated with different smoking behaviors, we estimated 
the predicted probabilities from Model 3 for a series of arbi-
trarily chosen observed networks holding the demographic 
and socioeconomic characteristics at their mean if continu-
ous and at their mode if categorical. Specifically, these net-
works were chosen such that they represented a wide range 
of predicted probabilities.

To isolate the network effects identified by our regres-
sion models, we calculated the predicted probabilities for a 
series of synthetic networks. We modified 1 network value 
at a time, holding other covariates constant, to isolate the 
effect of that change in the predicted probability for our 3 
smoking status outcomes. The first set of synthetic net-
works comprise 2 homophilous alter pairs, with each pair 
having a distinct smoking behavior. Of these 2 pairs, 1 
forms a social reinforcement triad, and the other does not, 
and we calculated all 6 possible configurations for each 
outcome.

The second set of synthetic networks likewise comprise 
the participant and 2 homophilous alter pairs, with each pair 
sharing 1 of the 2 behaviors that had the strongest associa-
tions with the relevant outcome in Model 3. In these net-
works, we held the smoking status of all alters constant, and 
altered the connections between them: (1) absence of all 
transitive ties; (2) presence of a transitive tie connecting 
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alters with the same smoking status (homophily); and (3) 
presence of a transitive tie connecting alters with different 
smoking status (heterophily).

All models were fit using SAS v 9.4.

Results

Of the 208 participants, 101 identified as never smokers, 59 
were successful quitters, and 48 were current smokers 
(Table 1). Of the 48 current smokers, 36 (75%) reported try-
ing to quit and 12 (25%) reported not trying to quit. We 
found significant differences in smoking status by age, 
income, employment status, and depression status. We also 

found significant differences in smoking status by social 
network characteristics. Degree did not vary by smoking 
status (P = .48), but the communication-weighted ties to 
alters did (P = .002 for ties to never smokers, P = .01 for ties 
to successful quitter, and P < .001 for ties to unsuccessful 
quitters). Social reinforcement triads also differed across 
smoking behaviors (P < .001 among never smokers, 
P = .002 among successful quitters, and P = .004 among cur-
rent smokers who had not tried to quit). Table 1 details the 
full list of covariates by smoking status.

We found several significant associations between 
“strong ties” (total strength of communication weighted 
ties), social reinforcement (homophilous triads) and the 

Table 1. Participant Characteristics by Smoking Status.

Characteristics

Never 
smoker 

(N = 101)

Successful 
quitter 
(N = 59)

Current smoker (N = 48)

Unsuccessful 
quitter (N = 36)

Never tried to 
quit (N = 12)

Degree—Mean (SD) 8.0 (5.1) 8.5 (4.9) 9.1 (4.3) 8.8 (6.2)
Communication weighted Dyads—Mean (SD)
 Never smokers 4.4 (5.1) 2.1 (3.2) 2.0 (3.9) 4.0 (3.6)
 Successful quitters 1.5 (3.0) 3.0 (3.8) 1.2 (2.3) 1.9 (3.7)
 Unsuccessful quitters 0.8 (2.1) 0.8 (2.2) 3.0 (4.6) 2.6 (3.3)
 Current smokers that have not tried to quit in 

the last 12 months
0.3 (1.3) 0.5 (1.6) 0.6 (1.8) 2.3 (2.8)

Social reinforcement triads—Mean (SD)
 Never smokers 0.5 (0.5) 0.1 (0.3) 0.1 (0.2) 0.3 (0.4)
 Successful quitters 0.0 (0.2) 0.2 (0.4) 0.0 (0.2) 0.1 (0.3)
 Unsuccessful quitters 0.0 (0.1) 0.2 (0.2) 0.4 (0.5) 0.1 (0.3)
 Current smokers that have not tried to quit in 

the last 12 monthsa
0.0 (0.0) 0.0 (0.2) 0.1 (0.2) 0.3 (0.5)

 Heterophilous alters 0.4 (0.4) 0.5 (0.4) 0.6 (0.4) 0.5 (0.4)
Age—Mean (SD) 44.4 (17.7) 55.9 (15.7) 49.2 (16.6) 53.5 (10.4)
Race (Non-White)—N (%) 81 (80.2) 42 (71.2) 31 (86.1%) 10 (83.3)
Education-level—N (%)
 Less than a Bachelor degree 59 (58.4) 38 (64.4) 34 (94.4) 9 (75.0)
 Bachelor or Graduate degree 42 (41.6) 21 (35.6) 2 (5.6) 3 (25.0)
Sex (male)—N (%) 34 (33.7) 24 (40.7) 14 (38.9) 2 (16.7)
Income—N (%)
 Less than $24 999 or Unknown 28 (27.7) 29 (49.2) 23 (63.9) 7 (58.3)
 $25 000–$49 999 35 (34.7) 11 (18.6) 6 (16.7) 2 (16.7)
 $50 000 or more 38 (37.6) 19 (32.2) 7 (19.4) 3 (25.0)
Employment—N (%)
 Unemployedb 16 (15.8) 5 (8.5) 6 (16.7) 1 (8.3)
 Unable to work 18 (17.8) 16 (27.1) 12 (33.3) 2 (16.7)
 Retired 10 (9.9) 15 (25.4) 6 (16.7) 2(16.7)
 Employed 57 (56.4) 23 (39.0) 12 (33.3) 7 (58.3)
Depression (PHQ-2)—N (%) 20 (19.8) 6 (10.2) 18 (50.0) 0 (0.0)
Self-efficacy—Mean (SD) 31.0 (6.1) 31.1 (6.9) 30.1 (6.6) 29.2 (7.7)
Provider-patient relationship (PDRQ-9)—Mean (SD) 28.7 (6.0) 29.9 (6.0) 29.5 (6.6) 32.6 (4.6)

aThere were no homophilous closed triads for alters who were current smokers who have not tried to quit. This variable was therefore not included 
in the regressions.
bUnemployed = Student, Homemaker, Out of work for less than 1 year, Out of work for 1 year or more.
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odds of identifying as a never smoker, successful quitter, 
and current smoker. Table 2 summarizes the results of all 
4 sequential models for our 3 smoking outcomes and 
includes the adjusted odds ratios, 95% confidence inter-
vals, and P values without adjustment for multiple 
comparisons.

Never Smoker

After adjusting for demographic, socioeconomic and psy-
chosocial variables (Model 3), we found that participants 
with stronger ties to never smokers (OR = 1.20, 95% 
CI: 1.07-1.34) and weaker ties to unsuccessful quitters 
(OR = 0.77, 95% CI: 0.63-0.95) had significantly increased 
odds of being a never smoker. Connecting 1 unconnected 
alter pair in a network with 5 alters (10 possible pairs) who 
all identify as never smokers, would increase the total 
fraction of reinforcing triads by 10%, thus increasing the 
odds that the participant was a never smoker by 20%. 
Conversely, connecting 1 alter pair in a network with 5 
individuals identifying as unsuccessful quitters, would 
decrease the odds that the participant was a never smoker 
by 23%.

Successful Quitter

After adjustment (Model 3), we found that, among ever 
smokers, participants with strong ties with successful quit-
ters were significantly more likely to identify as success-
fully quitting (OR = 1.37, 95% CI: 1.11, 1.69). So, adding 
one social tie that identifies as a successful quitter, with 
whom the participant communicates with less frequently 
than every 2 to 3 weeks, would increase the odds of the par-
ticipant being a successful quitter by 37%. Conversely, par-
ticipants with strong ties to unsuccessful quitters (OR = 0.59, 
95% CI: 0.44, 0.80) and current smokers who had not tried 
to quit (OR = 0.82, 95% CI: 0.68-0.98) were significantly 
less likely to identify as a successful quitter. Participants 
with social reinforcement from successful quitters were sig-
nificantly more likely to be successful quitters themselves 
(OR = 1.33, 95% CI: 1.07-1.66).

Current Smoker

After adjustment (Model 3), participants with strong ties to 
never smokers were significantly less likely to identify as a 
current smoker (OR = 0.83, 95% CI: 0.73-0.85), and partici-
pants with social reinforcements from unsuccessful quitters 
(OR = 1.26, 95% CI: 1.10-1.45) remained significantly 
more likely to identify as a current smoker. Conversely, par-
ticipants with social reinforcement from successful quitters 
remained significantly less likely to identify as a current 
smoker (OR = 0.86, 95% CI: 0.76-0.98).

Network Visualizations

Based on observed relationships in Model 3, Figure 1 illus-
trates how the number of ties to alters of a given smoking 
behavior, the weight of those ties, and the number of ties 
between them change the predicted probability of a given 
smoking behavior. In our first set of synthetic networks 
(Figure 2) the predicted probability dramatically changed 
when a transitive tie was switched from 1 pair to the other. 
For example, the predicted probability of never smoking 
increases from 6% to 94% when changing the transitive tie 
from unsuccessful quitters (second network) to never 
smokers (sixth network). Figure 3 illustrates the predicted 
probabilities for our synthetic networks that change the 
connections between alters when holding the smoking 
behavior of the 4 alters constant. Given the associations 
between social reinforcement triads among alters who had 
different smoking statuses (heterophily) were non-signifi-
cant and had small effect sizes in all models, the predicted 
probabilities are similar between the networks without 
social reinforcement triads and with 2 social reinforcement 
triads among heterophilous alters.

Discussion

Our study of the social network characteristics of 53 pri-
mary care patients and 153 of their social ties revealed 2 key 
insights. First, we found that primary care patients were sig-
nificantly more likely to share the same smoking behaviors 
as their strong social ties, defined as those with whom they 
had more frequent communication and discussed health 
matters.11,30 Strong ties appeared to be more consistently 
associated with successful quitting than smoking initiation. 
Second, we found that primary care patients with social 
reinforcement from their social ties (ie, the social ties are 
connected to each other—transitivity—and share a smok-
ing behavior—homophily), were significantly more likely 
to also share the same smoking behavior. These network 
characteristics were associated with primary care patient 
smoking status even after adjusting for demographic, socio-
economic, and psychosocial characteristics.

Our findings strengthen the evidence that social rein-
forcement rather than only the number of connections to 
network members with a certain behavior (homophily) or 
having a dense network (transitivity) drives smoking 
behavior.12,20 Social reinforcement maximizes social influ-
ence through multiple ties sharing a behavior who are them-
selves are connected. The presence of social reinforcement 
has been shown to accelerate the spread of acute behaviors 
such as registering for a forum in simulated studies.12,13 
This study, however, is the first to our knowledge, to simul-
taneously examine the independent effects of these net-
work conditions in a real-world setting, using methods to 
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determine the exact number of social reinforcement triads 
only recently developed.25 That our variables measuring 
homophily and dense networks were generally less predic-
tive than the social reinforcement triad counts suggests that 
among social network effects, social reinforcement is the 
primary driver of smoking behavior. Thus, interventions 
leveraging social networks to alter smoking behavior should 
account for social reinforcement rather than less complex 
measures of strong ties, homophily or network density.

Although this research is novel in many ways, it is not 
without limitations. While our outcomes, such as success-
ful quitter may contain some information about past behav-
ior, given the cross-sectional network design, we cannot 
infer causality.31 Future work should include longitudinal 
assessments of these associations. Future inquiry may also 
benefit from recruiting unconnected participants, while rec-
ognizing the tradeoff would be the loss of richness this 
interconnected data provides.

0 20 40 60 80 100

Ego's predicted probability (%)

Outcome: Never-smoker

Outcome: Successful quitter (N=107)

Outcome: Current smoker (N=208)

Alter's smoking status
Never smoker
Successful quitter

Current smoker not tried to quit
Unsuccessul quitter

(N=208)

Figure 1. Ego’s predicted probability of smoking outcome by network characteristics. For each outcome, 4 networks were 
arbitrarily chosen to represent a wide variety of predicted probabilities. We then visualized the network, color-coding alter nodes by 
their smoking status and the ego’s nodes by their predicted probability. For a given outcome, left to right, the predicted probability 
for the ego increases and is reflected by increasing darkness on the gray scale. For example, for predicting “never-smokers” the 
left-most network comprises 4 unconnected current smokers and a reinforcing triad of unsuccessful quitters, which all have negative 
associations in the corresponding regression, leading to a low predicted probability. On the right, the network has 3 unconnected 
successful quitters and 3 never smokers, 2 of whom form a reinforcing triad, leading to a high predicted probability.
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Early work revealed that smoking behaviors are conta-
gious, but it is not merely who you know that drives 
whether or not you successfully quit smoking or never 
smoke. What appears to matter is the way you are con-
nected to your social ties and how they are connected to 
each other. Our study suggests that smoking behaviors do 
not occur in isolation, nor because of 1 or 2 prominent 
social network members. Rather, our findings point toward 
the potential role of clusters of similarly-behaving persons 
in influencing smoking behavior. There is an opportunity 
for primary care practices to design interventions that 
consider these insights. Leveraging connections between 

people within the primary care setting is not necessarily a 
new concept. Group visits have effectively leveraged con-
nections between patients within primary care settings to 
meet desired outcomes.32-35 The capacity to connect peo-
ple online opens the possibility to conduct group visits for 
cancer prevention virtually and recent events have illus-
trated the promise of virtual care.36-38 Such models could 
be applied to facilitating tobacco cessation discussions 
within peer-to-peer networks that includes a physician and 
their panel of patients or the spread by patients of smoking 
prevention interventions within their natural-occurring 
social networks.

0 20 40 60 80 100

Ego's predicted probability (%)

Outcome: Never-smoker (N=208)

Alter's smoking status
Never smoker
Successful quitter

Current smoker not tried to quit
Unsuccessul quitter

Outcome: Successful quitter (N=107)

Outcome: Current smoker (N=208)

Figure 2. Ego’s predicted probability of smoking outcome by Alter’s smoking status. For each outcome, we constructed 6 synthetic 
networks comprising 2 pairs of alters, 1 pair forming a reinforcing triad and the other not. The 6 networks cover all permutations 
of pairing alters by smoking status. We then visualized the network, color-coding alter nodes by their smoking status and the ego’s 
nodes by their predicted probability. For a given outcome, left to right, the predicted probability for the ego increases and is reflected 
by increasing darkness on the gray scale.
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Author’s Note

An abstract of this study a virtual oral presentation at the American 
Public Health Association Annual Meeting on October 28, 2020, 
and acknowledged poster abstract at the AcademyHealth Annual 
Research Meeting in July 2020.
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