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Abstract

Unhealthy behaviors, such as tobacco use, increase individual health risk while also creating a
global economic burden on the healthcare system. Social ties have been seen as an important, yet
complex factor, to sustain abstinence from these modifiable risk behaviors. However, the
underlying social mechanisms are still opaque and poorly understood. Digital health communities
provide opportunities to understand social dependencies of behavior change because peer
interactions in these platforms are digitized. In this paper, we present a novel approach that
integrates theories of behavior change and Exponential Random Graph Models (ERGMs) to
understand structural dependencies between users of an online community and the behavior
change techniques that are manifested in their communication using an affiliation network. Results
indicate population specific traits in terms of individuals’ engagement in peer communication
embed behavior change techniques in online social settings. Implications for personalized health
promotion technologies are discussed.
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Introduction and Background

According to the World Health Organization (WHO), tobacco use is one of the leading
causes of preventable death, causing over seven million deaths worldwide annually. Further
exposure to second-hand smoke alone leads to 600,000 deaths. Tobacco use causes various
chronic conditions such as cancer, heart disease, stroke, lung diseases, diabetes and Chronic
Obstructive Pulmonary Disease (COPD), which collectively account for an estimated $1.7
trillion a year leading to an economic burden on the global healthcare system [1]. Several
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interventions have been suggested and implemented to address tobacco use around the world
— use of behavior counseling and nicotine replacement therapy [2]. Despite ongoing public
health campaigns, tobacco use rates are still concerning. It is imperative for us to uncover
mechanisms of behavior change to design scalable interventions that support cessation [3].

Studies indicate that social support and networks can have complex relationships with health
behaviors and health outcomes [4]. For example, being married to a non-smoker and having
a lower number of non-smokers in one’s social network are associated with greater rates of
smoking cessation. Christakis and Fowler demonstrated that quit attempts occurred within
social clusters and that a variety of network variables were predictive of cessation, including
the smoking cessation of a spouse, sibling, friend and co-worker [5]. Researchers have
investigated these effects through a multitude of methods grounded in socio-behavioral
theories and network science methods [3,6]. However, our understanding of the network
dynamics of behavior change is still developing.

Advances in information and communication technologies have revolutionized the way in
which individuals seek peer support to adopt and sustain positive health behaviors. Social
media platforms have increasingly been used as behavior change venus where users reach
out to their peers for support and guidance [7]. Analysis of peer interactions in these digital
platforms can provide us with a deeper understanding of how social influence impacts users
to quit tobacco use and stay abstinent. Consequently, this has raised interest in understanding
how users of these platforms communicate with one another about health behavior change in
these supportive settings. In this vein, previous work has primarily employed methods of
content analysis including qualitative analysis [6], automated text analysis [8] and
simulation-based effects [9] which enable identification of communication topics that could
be linked to theoretical constructs and behavioral outcomes like abstinence and relapse rates.
Although insightful, the problem with these approaches is that they remain agnostic to the
structure of relationships that underlies the communication environment and interdependent
nature of communicative choices [7]. For example, what one talks about the characteristics
of those users, and their ongoing patterns of interaction is rarely integrated [6].

More recently, advances in social media analytics and social network modeling provide
opportunities to extract the relational infrastructure of online communication forums like
those supporting healthy behavior change, to uncover the social processes that bring
structure to that communication, and to account for the interdependencies in those data. In
this paper, we draw on these techniques to examine QuitNet, an online community for
tobacco cessation. We conceptualize this environment as a bipartite (or two-mode) network,
comprised of two sets of nodes—QuitNet users and the behavior change techniques they
adopt and talk about in their communication threads —with edges between node sets
representing a technique adoption tie. Then, using a class of statistical network models, the
exponential random graph models (ERGMs), we investigate the degree to which the
attributes of QuitNet users, namely their gender and age, organize the structure of their
communication behavior change techniques. Findings from this analysis will reveal patterns
of engagement with behavior change techniques that constitute online support structures for
community members in online settings.
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Methods and Materials

Data Site and Sample

QuitNet is a social media platform designed to help people quit smoking through peer
support and pragmatic engagement. It is one of the first online social networks for health
behavior change and has been in continuous existence since 1995 [10]. QuitNet offers
various forms of social support. Users communicate with their peers in one of the following
ways — one to many messages in threaded forums, through synchronous channels such as
chat rooms or through asynchronous channels (e.g., private internal e-mail). Previous studies
show that participation in QuitNet is associated with abstinence [3]. The primary mode of
communication is through forum interactions. For the purpose of this study, we examined
communication of 126 highly engaged QuitNet users in 2014 and 2015. In total, these 126
users exchanged 17,451 messages. This research project was reviewed and exempted by the
Institutional Review Board at the University of Texas Health Science Center at Houston.

Qualitative Analysis

Two independent researchers coded 900 messages from this dataset, selected at random
using the taxonomy of behavior change techniques (BCT taxonomy) [11] to ensure
objectivity of the coding process and identify theoretical manifestations in QuitNet
interactions. We used Cohen’s Kappa to measure interrater reliability of the qualitative
coding. The BCT taxonomy consists of 93 theory-linked techniques grouped into 16 classes.
A single behavior change technique can be related to similar behavior change processes
from multiple behavior change theories such as the Health Belief Model, Transtheoretical
Model, Social Cognitive Theory and Social Change Theory [12]. Each message was coded
appropriately to one or more techniques that were linked to a particular behavior (for
example, smoking), focusing on a particular population (for example, QuitNet users). The
definition of each technique can be found in [11] with illustrative examples.

Automated Classification System

Using methods from distributional semantics and machine learning, we developed an
automated classification system to scale up the BCT annotation to the remaining messages
in the dataset. To generate vector representations of messages, we used neural word
embeddings, specifically the Skipgram-with-Negative-Sampling (SGNS) algorithm
developed by Mikolov and colleagues [13], as implemented in the open source semantic
vectors [14] package for distributional semantics. Additionally, Wikipedia was used as a
background corpus. Our Wikipedia corpus contains 1.9 billion words in more than 4.4
million articles, and 500-dimensional Wikipedia-derived term vectors were obtained by
applying the SGNS algorithm to the Wikipedia background corpus. This decision was
motivated in part by the terse nature of the messages exchanged in QuitNet user forums,
which often do not provide enough contextual information to train a distributional model [6,
8, 15]. We first superposed (added together) the Wikipedia term vectors for the terms that
occur in each QuitNet message to obtain Wikipedia-based QuitNet message vectors. We
then composed term vectors for the terms that occur in QuitNet by adding QuitNet message
vectors for each message in which a given term in QuitNet occurred. As such, these term
vectors encode distributional information from Wikipedia and from QuitNet-specific
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contextual use of terms. Finally, QuitNet message vectors were generated by superposing
these term vectors. The components of the vectors generated in this way were used as
feature vectors for supervised machine learning that was conducted using the widely used
Waikato Environment for Knowledge Analysis (WEKA) open source package for machine
learning [16]. Each of the techniques of behavior change taxonomy was used as a target for
classification. We used only eight techniques due to sparse representation in qualitative
coding. Ten-fold cross validation was applied using the random forest classifier to evaluate a
binary classifier for each of the themes. Each of the trained validated classification models
was then used to classify the entire dataset.

Two-Mode Network Analysis

We dichotomized the messages exchanged by a QuitNet user based on whether or not the
message is assigned a specific behavior change technique during our text analysis (presence
of a technique: 1, else: 0). From this, we were able to create a user to behavior change
technique, binary network.

Data were thus analyzed using two-mode network analysis by creating an affiliation network
composed of two sets (or nodes) of actors — users of the QuitNet platform (N=126) and the
BCT techniques embedded in their QuitNet posts (N=8). Ties are defined only between
members of each set but not within sets of nodes [17]. For this reason, the network is
comprised only of user-to-technique ties; ties connecting QuitNet users to one another or ties
connecting behavior change techniques to one another are not explored.

We then used a class of statistical models for social networks called Exponential Random
Graph Models (ERGMs) [18, 19], which allow us to account for the interdependencies in
mentions of behavior change techniques among users of the same platform. ERGMs have
been applied to a wide array of fields as diverse as epidemiology [20], political science
[21],communication studies [22], biological sciences [23] and archeology [24]. As described
in previously published work [25], ERGMSs permit inferences about how network
connections emerge by estimating the likelihood of a tie being present (or absent) in the
network as a function of small local tie-based configurations (or patterns). Each
configuration represents a distinct social process, such as reciprocity or balance, and
corresponds to a specific parameter in the model. From this perspective, ERGMs adopt a
logic similar to logistic regression, in which a binary outcome like the adoption of behavior
(or the presence of a tie in ERGMS) is modeled as a function of selected, predictor variables
(or local configurations in ERGMs) that are thought to explain the observed outcome. The
configurations modeled in ERGMs can emerge from endogenous processes —i.e., when
actors form ties in response to the other ties being made in their social environment (e.g.,
when frequently mentioned behavior change techniques continue to be mentioned by more
QuitNet users) or in response to exogenous properties that exist outside the network like the
attributes of other QuitNet users (e.g., when male QuitNet users tend to adopt the same
behavior change techniques).

In statistical terms, the effect of each parameter is estimated by determining the prevalence
of the modeled configurations in the observed network and then assessing their statistical
likelihood above what would occur by chance alone [19]. A parameter estimate that is
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positive and significant indicates that ties are more likely to occur within the configuration
tested than by chance alone. Conversely, parameter estimates that are negative and
significant suggest that ties are less likely to occur within the configuration tested than by
chance alone. ERGMs are deemed acceptable when the parameters converge, which occurs
when the convergence t-ratios for each parameter reaches <0.10. Details about the
specification, estimation, and simulation of ERGMSs can be found here [26, 27].

Selecting which parameters to be included in an ERGM should be grounded in which
distinct theories of interaction one wants to test or the research questions one wants to
explore. Given that the focus of this analysis centers on the relationship between
demographic attributes of QuitNet users and their patterns of communication about behavior
change techniques, our estimation focuses on the effects of five attribute-based parameters to
determine whether they were more likely to occur than expected by chance alone. Figure 1
illustrates the corresponding configurations of these effects.

First, to account for endogenous aspects of network emergence, we include two purely
structural (or non-attribute) effects. The endogenous edge parameter (Figure 1a) is a required
parameter and represents the overall propensity for QuitNet users to mention behavior
change techniques in their posts. We also included the Alternating K-star parameter (Figure
1b), which represents the tendency for QuitNet users to mention multiple behavior change
techniques and, therefore, corresponds to the variance in the distribution of technique
mentions among QuitNet users.

With respect to our main interest -- attribute-based effects -- we parameterize several
configurations that test the effects of gender and age on QuitNet users’ patterns of
communication about behavior change techniques. Specifically, we include parameters that
represent the likelihood of male QuitNet users mentioning a behavior change technique
(Figure 1c), the likelihood of male QuitNet users mentioning multiple behavior change
techniques (Figure 1d), the likelihood of male QuitNet users mentioning the same behavior
change technique (Figure 1e), the likelihood of older QuitNet users mentioning a behavior
change technique (Figure 1f), and the likelihood of older QuitNet users mentioning multiple
behavior change techniques (Figure 1g). Modeling results were implemented using MPNet,
a network estimation program designed for one-mode, two-mode and multilevel network
data [17-18].

Results

Qualitative Analysis

Table 1 provides sample QuitNet messages and the BCT techniques (and their definitions)
assigned to them during manual coding. Of the manually coded messages, 32% were related
to feedback and monitoring, 29% were related to social support, 21% were goals and
planning, followed by rewards, natural consequences, associations, self belief and
comparison of behavior and outcomes, repetition, and substitution.
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Automated Classification System

Due to insufficient positive examples in the training set, we disregarded eight of the 16
techniques of the taxonomy for final classification. For the remaining eight techniques, the
precision, recall, and f-measure using Random forest classifier were 0.76, 0.74, and 0.78,
respectively. The themes considered for further analysis were goals and planning, feedback
and monitoring, social support, natural consequences, comparison of behavior, comparison
of outcomes, rewards and threat, and self-belief. Based on the automated classification, we
found that each of the users exchanged messages that embedded at least one behavior
change technique and up to eight techniques. On average from the full sample, we see that
far fewer users (13%) mention goals and planning. 55% of the users mention outcomes, 27%
mention comparison of behavior, 53% users mention feedback and monitoring, 32% users
mention natural consequence, self belief is mentioned by 33% of the users and social
support is mentioned by 37% of users and finally 46% of users mention reward and threat.
Table 2 shows the frequencies of each behavior change technique. Among the 126 users, 36
(29%) are men and 90 (71%) are women.

The bias towards females in the sample is a result of the inherent skewness in the utility of
online social interventions such as QuitNet [6]. In the comparison of means tests not shown
here, we find no significant differences between men and women with respect to the types of
behavior change techniques they mention in their posts.

Figure 2. illustrates the two-mode affiliation network of 126 QuitNet users and eight
behavior change techniques. QuitNet users are depicted as circles and the techniques are
depicted as squares. The BCT technique nodes (squares) are sized by the number of
mentions they received. Between node sets, there are a total of 375 ties, representing users’
mentions of behavior change techniques in their QuitNet posts. Users mentioned on average
2.98 behavior change techniques and each technique had on average 46.88 mentions.

Exponential Random Graph Model (ERGM)

Results of the two-mode ERGM are shown in Table 3. Reported in this table are parameter
estimates, standard errors, and t-ratios, which reveal parameter convergence (t<0.1). The
maximum likelihood (ML) estimate for a parameter indicates the direction of its propensity
above what would be expected by chance alone. The significance is achieved when the ML
estimate is greater than twice the SE.

Two-Mode Structural Effects

Here, the model estimates the effects of two structural or non-attribute parameters, which
represent local structural patterns in the QuitNet user affiliation network. The required Edge
parameter is negative, indicating that QuitNet users are less likely than expected to affiliate
with behavior change techniques (ML Estimate=-0.26, SE=1.01). This reinforces the low
density of the user affiliation network and suggests that adopting behavior change techniques
is not random or haphazard. The negative estimate of alternating K-star parameter suggests
that the likelihood of a user affiliating with multiple techniques is less likely than expected
by chance (ML=-0.30, SE=-0.59).
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Attribute - Based Edge Effects

The first attribute-based parameter, Gender density, is negative and significant (ML
Estimate=-1.23, SE=0.60) indicating that men are less likely to adopt a behavior change
technique than expected by chance. The attribute-based edge parameter for users’ age (ML
Estimate=0.004, SE=0.01) is positive indicating that older people are likely to adopt
behavior change techniques. However, the effect is not significant. The gender-based
expansiveness parameter estimate is not significant (ML Estimate=—0.09, SE=0.20),
suggesting that men are no more or less likely than expected by chance to adopt multiple
behavior change techniques. The gender homophily parameter estimate is positive and
significant (ML Estimate=0.10, SE=0.02), indicating that men are more likely than expected
by chance to adopt the same techniques. Finally, age-based expansiveness, which represents
the likelihood that older QuitNet users are more likely to adopt multiple techniques is not
significant (ML Estimate=0.0001, SE=0.003).

Discussion

Given that people increasingly turn to online social environments to find community and
support, an opportunity arises to employ these platforms in health behavior interventions.
Adopting a two-mode network analytic approach, we used a class of stochastic models
called exponential random graph models (ERGMs) to determine the ways in which attributes
of community users structure their communicative interactions about behavior change.
Descriptively, we found that users more often discussed techniques that fell into the
Comparison of Outcomes, Feedback & Monitoring, and Reward & Threat categories of
behavior change. This finding can inform future interventions the need for a more adaptive
and personalized, technology driven interventions such as a mobile app that includes
effective quit plans, use of novel machine learning algorithms based on feature selection to
obtain high classification rates to predict relapse (for e.g., smoking urges) and population-
level interventions focusing on health effects of tobacco use.

A strength of this study lies in its analytic approach. Standard regression models are
designed for data where independence among observations can be assumed. However, in a
networked and open online forum like QuitNet, where users observe and respond to what
others are posting about, we cannot assume that observation of what one user communicates
about is independent of what others are talking about in those spaces. As such, an approach
was needed that could account for those dependencies. To this end, we drew on the
exponential random graph model (ERGM), which allows us to see how characteristics of
QuitNet users condition their interactions and communication about behavior change
techniques. The utility of automated text analysis approaches has allowed us to bridge two
threads of socio-behavioral science driven by theoretical constructs and network models.
Findings from our analysis provide insights about the underlying social dynamics of
behavioral choices (e.g., adopting a behavior change technique) that would otherwise go
undetected using standard regression models. These insights provide health researchers and
interventionists with new directions for designing network based behavioral interventions
[28] that target the social dynamics of behaviors like abstinence from tobacco use.
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Our study has several limitations. Firstly, because these data are cross-sectional, inferences
about cause and effect cannot be made. Secondly, our sample is limited to only those users
who are highly engaged during 2014-2015. Moving forward, we should adopt the proposed
techniques to identify patterns of relapse and quit sustenance. In addition, the accuracy of
the automated system can further be improved through the use of advanced word
representations [29, 30].

Conclusion

Tobacco use causes seven million deaths around the world each year. New modes of nicotine
intake (JUULS, e-cigs) are now considered safer than traditional cigarettes and
misinformation is quite prevalent regarding these topics. In this new media environment,
adaptive social interventions to help people abstain from tobacco use is a high-priority task.
The major contribution of this study is its employment of integrative analytical framework to
elucidate the structural dependencies between community users and their communication
attributes. Insights from this work allow implementation of targeted, recommendation
engines to promote meaningful affiliations with content and social ties based on user
characteristics. Such translation can set the stage for scalable network-based interventions
that can enable individuals and communities to engage in positive health behaviors.

Acknowledgements

Research reported in this publication was supported by the National Library of Medicine and National Cancer
Institute of the National Institutes of Health under award numbers R21L.M012271 and R21CA220670. The content
is solely the responsibility of the authors and does not necessarily represent the official views of the National
Institutes of Health.

References

[1]. World Health Organization. The World Health Report. Depression and Other common mental
disorders. 2017.

[2]. Zhu S, Lee M, Zhuang Y, Gamst A, and Wolfson T, Interventions to increase smoking cessation at
the population level: how much progress has been made in the last two decades? Tobacco Control
1(2) (2012), 110-118.

[3]. Graham A, Cobb N, Raymond L, Sill S and Young J, Effectiveness of an internet-based worksite
smoking cessation intervention at 12 months, Journal of Occupational and Environmental
Medicine 49(8) (2007), 821-828. [PubMed: 17693778]

[4]. Umberson D, and Montez JK, Social Relationships and Health. A flashpoint for Health Policy,
SAGE Journals (2011), S54-S66.

[5]. Christakis NA, and Fowler JH, Quitting in Droves: Collective Dynamics of Smoking Behavior in a
Large Social Network. New England Journal of Medicine 358(21) (2008), 2249-2258. [PubMed:
18499567]

[6]. Myneni S, Fujimoto K, Cobb N, and Cohen T, Content-Driven Analysis of an Online Community
for Smoking Cessation: Integration of Qualitative Techniques, Automated Text Analysis, and
Affiliation Networks, American Journal of Public Health 105(6) (2015), 1206-1212. [PubMed:
25880942]

[7]. Latkin CA, and Knowlton AR, Social Network Assessments and Interventions for Health Behavior
Change: A Critical Review, Journal of Behavioral Medicine 41(3) (2015), 90-97.

[8]. Sridharan V, Cohen T, Cobb N, and Myneni S, Characterization of Temporal Semantic Shifts of
Peer-to-Peer Communication in a Health-Related Online Community: Implications for Data-
driven Health Promotion, AMIA Annual Symposium Proceedings Archive (2016), 1977-1986.

Stud Health Technol Inform. Author manuscript; available in PMC 2020 November 11.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Manas et al. Page 9

[9]. Schaefer DR, Adams J, and Haas SA, Social Networks and Smoking: Exploring the Effects of
Influence and Smoker Popularity through Simulations. Health Education and Behavior 40(10)
(2015), 24s-32S.

[10]. Cobb NK, Graham AL, Bock BC, Papandonatos G, Initial evaluation of real-world internet
smoking cessation system, American Journal of Public Health 100(7) (2010), 1282-1289.
[PubMed: 20466971]

[11]. Michie S, Richardson M, Johnston M, Abraham C, Francis J, Hardeman W, and Wood CE, The
behavior change technique taxonomy (v1) of 93 hierarchically clustered techniques: building an
international consensus for the reporting change interventions, Annals of Behavioral Medicine
46(1) (2013), 81-95. [PubMed: 23512568]

[12]. Glanz K, Rimer BK, and Vishwanath K, In: Health behavior and health education: theory,
research, and practice, 5th Edition 2008.

[13]. Mikolov T, Sutskever I, Chen K, Corrado GS, and Dean J, Distributed representations of words
and phrases and their compositionality, Advances in neural information processing systems.
2013.

[14]. Widdows D, Ferraro K, Semantic Vectors: A scalable open source package and online technology
Management application. Proceedings of LREC08 (2008), 1183-90.

[15]. Myneni S, Cobb NK, and Cohen T. Content-specific network analysis of peer-to-peer
communication in an online community for smoking cessation, AMIA Annual Symposium
Proceedings Archive (2016), 934-943.

[16]. Holmes G, Donkin A, and Witten IH, Weka: A machine learning workbench, 1994.

[17]. Wang P. ERGM extensions. Model for multiple networks and bipartite networks Exponential
random graph models for social networks: theory, methods and applications. New York:
Cambridge University Press 2013.

[18]. Robins G, Pattison P, Kalish Y, Lusher D. An introduction to exponential random graph (p*)
models for social networks. 2007; 29(2):173-91.

[19]. Wasserman S and Faust K, Social network analysis: Methods and applications. Cambridge,
England: Cambridge University Press 1994.

[20]. Goodreau SM, Carnegie NB, Vittinghoff E, Lama JR, Sanchez J, Grinsztejn B, Buchbinder SP,
What drives the US and Peruvian HIV epidemics in men who have sex with men (MSM)? PloS
one 7(11) (2012), e50522. [PubMed: 23209768]

[21]. Heaney MT, Multiplex networks and interest group influence reputation: An exponential random
graph model. Social Networks (2014), 36, 66-81.

[22]. Shumate M, and Palazzolo ET, Exponential random graph (p*) models as a method for social
network analysis in communication research. Communication Methods and Measures 4(4)
(2010), 341-371.

[23]. Saul ZM and Filkov V, Exploring biological network structure using exponential random graph
models, Bioinformatics 23(19) (2007), 2604-2611. [PubMed: 17644557]

[24]. Amati V, Shafie T, and Brandes U, Reconstructing Archeological Networks the Structural Holes,
Journal of Archeological Method and Theory 25(1) (2017), 226-253.

[25]. Young EL, Fujimoto K, Schneider AJ, HIV Prevention and Sex Behaviors as Organizing
Mechanisms in a Face-book Group Affiliation Network Among Young Black Men Who Have
Sex with Men, AIDS and Behavior 22 (2018), 3324-3334 [PubMed: 29536285]

[26]. Lusher D, Koskinen J, and Robins G, Exponential Random Graph Models for Social Networks.
Cambridge University Press, 2013.

[27]. Wang P, Robins GL, Pattison PE, and Koskinen JH, MPNET: Program for the simulation and
estimation of p*exponential random graph models. Melbourne, Australia: University of
Melbourne, 2016.

[28]. Valente TW, Network interventions, Science 337(6090) (2012), 49-53. [PubMed: 22767921]

[29]. LeCun Y, Bengio Y, Hinton G. Deep learning. Nature, 521(7553) (2015), 436. [PubMed:
26017442]

[30]. Zhang S, Grave E, Sklar E, Elhadad N, Longitudinal analysis of discussion topics in an online
breast cancer community using convolutional neural networks. Journal of biomedical informatics
69 (2017), 1-9. [PubMed: 28323113]

Stud Health Technol Inform. Author manuscript; available in PMC 2020 November 11.



1duosnuepy Joyiny 1duosnuely Joyiny 1duosnuepy Joyiny

1duosnuely Joyiny

Manas et al.

Page 10

Structural Parameters

a
O—1
b
I
K / m| ...l n

O = CustNet users [0 = Behavior Change Techngue

Attribute-based Parameters

Gender Effects Age Effects
c f
. k
d
5 9
/
@
./ k

© = Cuthet users with an atvbute  [] « Behavior Change Techngque

Figure 1.

Parameterized Local Configurations among QuitNet Users a and j and Behavior Change
Techniques k, I, m, and n. The parameters represent the following processes: (a) the
likelihood of QuitNet users mentioning a behavior change technique, (b) the likelihood of
QuitNet users mentioning multiple behavior change techniques, (c) the likelihood of male
QuitNet users mentioning a behavior change technique, (d) the likelihood of male QuitNet
users mentioning multiple behavior change techniques, (e) the likelihood of male QuitNet
users mentioning the same behavior change technique, (f) the likelihood of older QuitNet
users mentioning a behavior change technique, and (g) the likelihood of older QuitNet users
mentioning multiple behavior change techniques.
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Figure 2.
The network structure of mentions of behavior change techniques among 126 members of

QuitNet as a 2-mode cessation technique affiliation network: 2014 and 2015.
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Table 1.

Ilustration of QuitNet Messages and Assigned Behavior Change Technique

Page 12

Quit message

Assigned technique

To tell you the truth, it’s a new experience for me NOT to cough (I smoked for 38 or so years - YUK!). Good luck to
you.

Wow!!! xyxx is correct. You control your attitude. Deep breathing, chew gum, take a walk (or maybe a hike:-) Hang
in there. This is not easy, your an addict.

At this point in your Quit it may be best to look at more immediate gains such as money saved or improved self
esteem or better health. My dollar savings are $5,293 and that is real and for now. My life saved is an unrealized 15
weeks and 20 minutes that may never happen.

Natural consequences

Repetetion and
substitution

Comparison of
outcomes
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Table 2.

Descriptive Statistics of Users and the Behavior Change Techniques within the QuitNet Forum
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Behavior Change Techniques  Full user Sample  Men Women
(N=126) (N=36) (N=90)

Outcomes 70(55) 22(61)  48(53)

Feedback and monitoring 67(53) 19(53)  48(53)
Reward and threat 58(46) 17(47)  41(45)
Social support 47(37) 15(42)  32(35)

Self belief 42(33) 10(28)  32(35)

Natural consequence 40(32) 10(28)  30(33)
Comparison of behavior 34(27) 5(14) 29(32)
Goals and planning 17(13) 3(8) 14(15)
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Table 3.

Exponential Random Graph Model of 2-Mode QuitNet User Affiliation Network with Behavior Change
Techniques with Gender Modeled as Covariates

Parameter ML Estimate Standard Error(SE) t-ratio

2-mode structure

Edge density -0.26 1.01 -0.01
Alternating k-star -0.3 0.6 -0.02
User attribute-based edges
Gender edge density -1.23* 0.6 -0.02
Age edge density 0.004 0.01 -0.02
Gender based expansiveness -0.09 0.2 -0.04
Gender homophily 0.10* 0.01 0.01
Age based expansiveness 0.0001 0.003 -0.04
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