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Chapter 15
Leveraging Social Media for Health Promotion 
and Behavior Change: Methods of Analysis 
and Opportunities for Intervention
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Abstract This chapter describes methodologies used to describe, model, and 
 predict user communication patterns in social media interactions, with the shared 
goal of facilitating understanding of health-related behavior change. To set the 
stage, the chapter presents an overview of the documented effects of social relation-
ships on health behavior change. Investigators from a variety of disciplines have 
attempted to understand and harness these social ties for health promotion. Online 
communities, which digitize peer-to-peer communication, provide a unique oppor-
tunity to researchers to understand the mechanisms underlying human behavior 
change. Through transdisciplinary methods that draw upon socio-behavioral theo-
ries, and information and network sciences, analysis of communication patterns 
underlying social media user interactions is possible at scale. Such methods can 
provide insight into development of “healthier life” technologies that harness the 
power of social connections. Examples of such translational projects and implica-
tions for public health practice are discussed to conclude the chapter.
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15.1  The Role of Social Media in Health Behavior Change

Social media can be defined as the collective forms of electronic communication 
(e.g. web sites for social networking and microblogging) through which users create 
online communities to share information, ideas, personal messages, and other con-
tent (e.g. videos) (Kaplan and Haenlein 2010; Kietzmann et al. 2011). Healthcare 
consumers employ these online venues to interact with peers and care providers, to 
gain knowledge and reciprocate social support on a variety of health-related issues 
(Chou et al. 2009; Hawn 2009; Sarasohn-Kahn 2008; Fisher and Clayton 2012). 
From a research and intervention perspective, the advantages of such platforms over 
traditional pamphlet-based and web-based static health education material include 
user-generated online content; wide reach and just-in-time accessibility via web and 
mobile connectivity; the ability to involve multiple stakeholders (e.g. public health 
agencies) in the content dissemination process, and research potential to better 
understand participants’ health-related needs (e.g. behavioral, tactical, knowledge- 
based) (Korda and Itani 2013). On account of these advantages, social media plat-
forms have the potential to facilitate interventions and studies involving large 
numbers of participants, without undue expense. Interventions disseminated on 
such platforms have the potential for great impact, on account of the capability to 
leverage social influence.

The influence of social relationships and social support on health behaviors has 
been well documented (Heaney and Israel 2008; Umberson and Montez 2010). 
While associations between social relationships and health are complex and not 
necessarily causal in nature (Lyons 2011), evidence suggests that the positive health 
enhancing effects of social relationships can be used for the promotion of healthy 
behaviors such as smoking cessation, physical activity, and nutrition management 
(McGloin and Eslami 2015; Cavallo et al. 2012, 2014; Cobb et al. 2005). Christakis 
and Fowler’s influential analysis of the Framingham dataset shows an association 
between the smoking behavior within an individual’s social network and the likeli-
hood that this individual will quit smoking (Christakis and Fowler 2008). Similar 
observations have been made with other psychosocial behaviors (Christakis and 
Fowler 2007, 2008; Fowler and Christakis 2008; Rosenquist et al. 2010). For exam-
ple, smoking cessation by a spouse, sibling or friend decreased a subject’s chance of 
smoking by 67%, 25% and 36% respectively, as compared with having no social 
contacts attempting to quit. In contrast to these positive effects, peer group studies 
on smoking behavior revealed that smokers are more likely to have friends who are 
also smokers (Alexander et al. 2001). Several observational studies have shown the 
effects of social constructs such as social influence, selection, norms, and conse-
quences on an individual’s involvement in risky behaviors (Valente 2010). Studies 
conducted on social relationships have revealed different types of social influence, 
referred to as peer influence, affiliation influence, and positional influence. Peer 
influence is a form of direct influence that is explicitly based on direct friendship 
relations (Alexander et al. 2001). Positional influence defines a form of influence 
that is exerted by an individual as a result of their occupying a central position in a 
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social network (Freeman 1978). Affiliation-based influence takes into account indi-
rect sources of influence including participation in organized group activities and 
events (Fujimoto et al. 2012). In summary, social networks can be viewed as com-
plex ecosystems that can have positive and negative influences on health 
behaviors.

A number of “offline” community-based interventions have been developed and 
evaluated for health promotion and behavior change. Such programs generally 
attempt to segment a target population in order to tailor messages according to gen-
der, age, culture, and so forth. Examples include the Minnesota (Perry et al. 1992), 
Pawtucket (Elder et  al. 1986), Stanford Heart Health (Killen et  al. 1989), and 
COMMIT programs (Royce et al. 1993). With tremendous uptake of social media 
platforms, users of these online venues turn to their peers to share experiences, ask 
questions, provide emotional support, and exchange self-help advice with one 
another. And, since the communication events on these platforms are electronically 
captured, it may be possible for researchers to (a) understand and predict the sources 
of social influence, and resulting effects on health behaviors, and (b) model inter-
ventions that apply data-driven analytics of social media interactions to inform the 
design of targeted user-information interactions.

The next sections of this chapter are organized as follows. Firstly, we provide the 
current landscape of social media uptake in health care research, and summarize the 
research and intervention opportunities that are made possible in recent times by 
virtue of health consumer driven social media platforms. Secondly, we present an 
overview of methodologies that are theory-driven, quantitative, and semi-automated 
in nature and describe the ways in which these methods can be used to describe, 
visualize, and model user interactions in social media platforms. We then discuss 
the ways in which these methods can lead us to social influence patterns underlying 
peer-to-peer communication events in social media platforms to explain individual 
and group level behavior change. Thirdly, we summarize a series of studies that 
describe the application of these methods to understand social media interactions in 
a health-related online community for smoking cessation. Finally, the implications 
for intervention design and public health practice are discussed.

15.2  Overview of Social Platforms in Digital Era

In recent years, the penetration of online social media into everyday lives has been 
astonishing. More than a billion people (1/7th of the world’s population) now use a 
single social networking service, Facebook (Facebook 2016). Around 72% of 
American adults have an active account in a social networking service website such 
as Facebook, Twitter, Linkedin, and Google+ (Duggan et  al. 2015). To curb the 
growing health care costs and improve the efficiency of health and wellness pro-
grams, it may be possible to exploit the advantage of these scalable platforms to 
positively influence health behaviors of individuals, as these networks have the capa-
bility to deliver interventions to large populations. Today’s social media platforms 
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can be broadly classified as (1) General-purpose social networks, or (2) Activity-
specific social network. General-purpose networks such as Twitter and Facebook 
support social interactions on any topic, while activity-specific networks such as 
PatientsLikeMe (2016) and QuitNet (2016) provide platforms for participants seek-
ing targeted interactions pertinent to health-related goals. A variety of socio-behav-
ioral interventions have been developed to support healthy lifestyle changes by 
facilitating attitudinal change, behavioral adherence, and the availability of a support 
network (Centola 2013; Tang et  al. 2015; Prochaska and Prochaska 2011). On 
account of the availability and accessibility of the World Wide Web via mobile 
phones, social network interventions can occur in real-time (e.g. community support 
via mood sensing using a smartphone (Ahmed et al. 2015; Bachmann 2015)), and 
their capacity for perpetual data collection can provide a rich documentation of 
habitual behaviors (such as visiting a neighborhood bar) that may influence behavior 
change (Cohn et al. 2011; Heron and Smyth 2010; Shiffman et al. 2008). Therefore, 
online social media platforms form the basis for ecological momentary assessments 
and interventions. These networks form a core component of Health 2.0, which is 
defined as “user-generated health care promoting patient empowerment and partici-
pation” (Van De Belt et al. 2010). As the networks mature with scale, their social 
value increases, and their data can provide valuable insights into fundamental ques-
tions of human behavior. Studies of such network data provide a desirable alternative 
to traditional retrospective cohort-based investigations, because of their scale, struc-
tural control, measurement, replicability, and behavioral fidelity (Centola 2013).

15.3  Opportunities for Research and Implications for Public 
Health Practice

These virtual platforms open new and important avenues for research, including 
extending existing socio-behavioral theories to technology-driven interventions; 
understanding fundamental mechanisms of behavior change; and formulating and 
evaluating novel interventional approaches. Are theoretical models of socio- 
behavioral change developed prior to ubiquitous digital communication applicable 
to both offline and online contexts? (Riley et al. 2011). Social network data contain 
traces of the cognition and immediate behavior of a person as they attempt to intro-
duce a new change or sustain an existing behavior modification. This provides 
researchers with an unprecedented opportunity to refine existing theories and mod-
els of social networks, social support, and behavior-change that were formulated 
based on face-to-face communication. Consequently, there is a pressing need for the 
formulation of new methods and metrics to capture and analyze data patterns 
derived from online social networks to inform our understanding of behavior change 
at the individual and network level. These new methodological approaches must 
scale to large online social network datasets. Many network analysis studies do not 
consider communication content and focus on network structure (Cobb et al. 2005; 
Centola 2010; Aral et al. 2009; Shalizi and Thomas 2011; Poirier and Cobb 2012). 
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In contrast, those studies that have considered content have adopted qualitative 
methods thus limiting their scalability to larger datasets (Myneni et  al. 2016a; 
Hwang et al. 2010; Zhang et al. 2013). So the development of methods to facilitate 
the inclusion of content into network models is another important research direc-
tion. Most current behavior change theories suggest strategies that tailor the content 
that is delivered as part of an intervention. Understanding and leveraging network 
content may allow us to develop theoretically-grounded approaches to intervention 
that operate at a network level, thus enhancing their impact and efficacy. Other 
interesting potential research strategies include: (a) formulating new methods to 
identify important nodes within online social networks to tailor or deliver a behavior 
change intervention, (b) disentangling the sociobehavioral factors underlying com-
munication patterns and user engagement in health behaviors, (c) comparative 
effectiveness research on interventions to see if findings based on retrospective self- 
reports with sparse observations in the real world are consistent with those based on 
behavioral data collected online, and (d) interfacing online social networks with 
other elements of health care such as physicians, insurance providers, and work-
place wellness influencers.

15.4  Understanding Communication in Social Media

15.4.1  Theory-Driven Techniques

Prior to the advent of online social networks, several health behavior theories and 
models have been formulated to attempt to explain behavior change. These theories 
and models have served as guides for the development and evaluation of both face- to- 
face and online interventions. The Health Belief Model (Hochbaum et  al. 1952), 
Theory of Planned Behavior (Ajzen 1985), and the Transtheoretical Model (Prochaska 
and Velicer 1997) belong to the category of intrapersonal models, while Social 
Cognitive Theory (Bandura 1986) and Social network, support models (Heaney and 
Israel 2008) are classified as interpersonal models. Intrapersonal models consider indi-
vidual characteristics that influence behavior, such as knowledge, attitudes, and beliefs. 
On the other hand, interpersonal models consider group-level dynamics involving 
family, friends, peers, that provide social identity and support. In the sections that fol-
low, we will describe the main features of those models and theories that have been 
used most widely as a basis for the design of behavior change interventions.

 Health Belief Model (HBM)

This is one of the most widely used conceptual frameworks for explaining and 
changing individual health behavior. The HBM evolved from a cognitive theory 
perspective and is a value-expectancy theory, which attempts to explain and pre-
dict individual’s attitudes toward objects and actions (Hochbaum et  al. 1952). 
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Major components in the HBM include perceived susceptibility; perceived sever-
ity; perceived benefits; perceived barriers; cues to action; and self-efficacy. An 
individual’s perceptions of a behavior can be used as predictors of behavior change 
outcomes under certain conditions that are dependent on demographic (e.g. age, 
gender) psychosocial (e.g. personality, social class), and structural variables (e.g. 
prior knowledge, experience). The HBM has been applied to many important 
healthcare problems focusing on behavioral adherence such as seat belt use 
(Fernandes et al. 2010).

 The Theory of Reasoned Action (TRA)

The TRA suggests behavior is determined by behavioral intention (Fishbein 1979). 
The intent of a behavior is a function of the person’s attitude toward the behavior, 
their subjective norm associated with the behavior, and their perceived behavioral 
control. Application areas for this theory include health-related behavior concerning 
disease prevention and birth control (Albarracin et al. 2001; Fisher et al. 1995).

 Social Cognitive Theory (SCT)

The SCT is a theory based on reciprocal determinism between a behavior, the envi-
ronment, and a person (Bandura 1986). This theory emphasizes self-efficacy, an 
important concept related to self-confidence. Self-efficacy is defined as “people’s 
judgments of their capabilities to organize and execute courses of action required to 
attain designated types of performances” (p. 391). Current literature agrees on a 
common definition that self-efficacy “refers to what a person believes he or she can 
do on a particular task” (p. 506). Small-scale goal attainment, and confidence build-
ing through self-monitoring and continuous feedback is often used to improve a 
person’s self-efficacy. Other important constructs in SCT include behavioral capa-
bility; observational learning; reinforcement; outcome expectations and expectan-
cies; emotional coping and self-control. The construct of ‘observational learning’ 
has been used by network scientists to provide an explanation for social influence 
and network clustering of people engaging in the same health behavior (Bandura 
2001, 2011). According to SCT, observational learning in behavior change occurs 
when an individual observes another person engage in a given behavior and receive 
reinforcements. Another component of SCT called reciprocal determinism takes 
into account the interactions among individuals, their environments, and behavior 
goals. The environment in SCT refers to a conglomeration of factors that are exter-
nal to the individual including his/her social network—family, friends, and peers, 
and physical objects that might affect behaviors. In case of smoking the physical 
objects can include availability of patches, access to smoking-designated areas in 
the work place, and so forth.
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 The Transtheoretical Model of Change (TTM)

The TTM tries to explain behavior change mechanisms by synthesizing several con-
structs drawn from other theories (Prochaska and Velicer 1997). Stages and pro-
cesses of change are the two main components of TTM. The former component 
explores the temporality of behavior change, while the later encompasses cognitive 
and behavioral concepts such as decisional balance (comparative analysis of pros 
and cons of a proposed behavior change), self-efficacy, and rewards. According to 
this model, precontemplation, contemplation, preparation, action, maintenance, and 
termination are the six stages of change, where each stage involves one or more 
processes of progress. This theory has been successfully applied in several behavior 
change settings (Prochaska and Prochaska 2011).

 Behavior Change Taxonomy

Abraham et al. defined a set of “theory-linked” behavior change techniques that can 
be used to characterize and differentiate between different types of intervention 
content (Abraham and Michie 2008; Michie et  al. 2013). Their taxonomy of 93 
theory-linked techniques is the first step towards creating a model of intervention 
content in the context of theory-driven behavior change constructs. A single behav-
ior change technique can be related to similar behavior change processes from mul-
tiple theories. The taxonomy provides a common vocabulary to understand the ways 
that sociobehavioral and cognitive constructs of the existing behavior change theo-
ries have been operationalized in a specific intervention.

15.4.2  Review of Qualitative Studies

Prior qualitative studies on online community interactions have focused on (1) stud-
ies of user perceptions of the utility of online communities for a specific health- 
related illness (e.g., mental health (Donovan 2014), alcoholism (Chuang and Yang 
2012), cancer (Klemm et al. 2003), Huntington’s disease (Coulson et al. 2007)); (2) 
characterization of the general conversational interests of specific population (e.g., 
the elderly (Nimrod 2010)); (3) identification of social support categories (House 
et al. 1981, 1985) (e.g., informational support, emotional support). Another type of 
qualitatively-driven social media study involves researchers identifying themselves 
as such and gathering information in the form of online semi-structured interviews, 
online focus groups, or internet based surveys to attempt to understand consumers’ 
use of social media. Hwang et  al. conducted a network-based survey on the 
Sparkpeople forum, where members focus on weight loss regimen. The qualitative 
survey data were analyzed for social support themes using grounded theory 
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techniques. Results indicated that the major social support themes were encourage-
ment and motivation, information and shared experiences (Hwang et al. 2010). In 
our own work, we conducted qualitative analysis of messages exchanged in QuitNet, 
which provided insights into the nature of communication events in this community 
using a combination of the aforementioned theories and behavior change taxonomy. 
These ranged from discussions on nicotine replacement therapies to stress manage-
ment strategies (Myneni et al. 2016a). Detailed discussion of these results is pro-
vided in the subsequent sections of this chapter.

15.4.3  Automated Methods of Text Analysis

Recent advances in automated text analysis allow for large-scale analysis of the 
content of communication between members. In this section we review research 
that has leveraged automated methods of text analysis in an effort to interpret con-
tent produced by members of online social networks, with a focus on research in the 
area of health-related behavior change. However, before we proceed to domain- 
specific research, we will review general domain research that covers this method-
ological territory. A recurring theme has to do with the issue of semantic relatedness, 
on account of the need to identify connections between messages that are similar in 
meaning, but may not express this meaning using the same words as one another.

 Content Analysis in the General Domain

Semantic analysis of social network content using automated methods has been 
previously applied to the study of research communities in the field of enterprise 
interoperability. Velardi et al. performed content-based social network analysis with 
the aid of linguistic analysis, text mining, and clustering techniques, in which the 
semantic relatedness between terms was measured using a taxonomy-based 
approach (Velardi et al. 2008). Meta-data based approaches have also been used to 
derive person-word relations (e.g. author-specialization) by extracting social net-
work information using semantic approaches (Matsuo et al. 2007). Classification of 
conversational and informational questions on social Q&A websites such as Yahoo! 
Answers has also been attempted using a combination of human coding, statistical 
analysis, and machine learning (Harper et  al. 2009). Another application area of 
automated natural language processing method is the development of a consumer 
health vocabulary based on threaded discussions in online social network websites 
(Doing-Harris and Zeng-Treitler 2011). Doing-Harris et  al. have developed a 
computer- assisted update (CAU) system that consisted of three main parts: a Web 
crawler and an HTML parser, a candidate term filter that utilizes natural language 
processing tools including term recognition methods, and a human review interface. 
The CAU system was applied to the health-related social network website 
PatientsLikeMe.com to develop and dynamically update the health vocabulary 

S. Myneni et al.

http://patientslikeme.com


323

(Smith and Wicks 2008). Another avenue for automated methods in analysis of 
online social media content is assessing similarity between two separate texts to 
derive and understand content structure. Content similarity has been used as a filter-
ing metric along with link analysis to rank influential users in a web forum (Tang 
and Yang 2010). A precedent for research employing both network models and esti-
mates of semantic relatedness can be found in the psychological literature. For 
example, Pathfinder networks (PFNETS) employ a scaling technique that builds on 
relatedness between nodes. If each node represents a concept, the weights of links 
(or edges) present in the network are defined using human estimates of the related-
ness between all pairs of concepts (Schvaneveldt 1990). Consequently the structure 
of a PFNET is determined by estimates of the strength of the semantic relationships 
between the concepts within it. Originally, these estimates were obtained from 
human subjects, but more recent research has utilized estimates of the relatedness 
between terms that are derived automatically from large text corpora, using methods 
of distributional semantics (Schvaneveldt and Cohen 2010).

 Distributional Semantics

A number of methods have been developed to automate the derivation of similarity 
metrics between terms based on distributional statistics of unannotated electronic 
text (for reviews, see (Cohen and Widdows 2009; Turney and Pantel 2010)). Spatial 
semantic models define terms as vectors in high dimensional space according to the 
distribution of their occurrence across a large text corpus. Semantic space models 
use different approaches to derive this multi-dimensional space, with an important 
fundamental difference having to do with the unit of text that is considered an inde-
pendent context. For example, in Latent Semantic Analysis (LSA), each document 
in a text collection is considered as a unique context (Landauer and Dumais 1997), 
so a word is initially represented as a vector with a coordinate for each document 
in the collection, and values that are derived from counts of the number of times 
this word occurs in each document (the matrix is subsequently decomposed for the 
purpose of dimension reduction, which permits identification of second-order rela-
tionships between words that don’t occur directly). In contrast, the Hyperspace 
Analogue to Language (HAL) (Lund and Burgess 1996), uses a sliding window 
around a term of interest as a context (as do some more recent approaches, such as 
neural word embeddings (Mikolov et al. 2013)), and counts the number of times 
terms co-occur with one another within this window as it moves through the cor-
pus. So the initial  representation of a word is a vector with a coordinate for each 
term in the vocabulary. In either case, the coordinates of a term vector in semantic 
space are determined by the distributional statistics for this term, such that similar 
vector representations are created for terms that occur in similar contexts. Evidence 
suggests that the semantic relatedness measured using LSA and other distributional 
models agrees with human estimates, and can be used to obtain human-like perfor-
mance in a number of cognitive tasks (see for example (Lund and Burgess 1996; 
Landauer et al. 2006)). In the context of health-related online content, HAL has 
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been combined with supervised machine learning algorithms, which learn to assign 
labels to vector representations of text from a training set that includes human 
annotation, to automatically classify consumer health webpages based on language 
use patterns (Chen et al. 2008). Estimates of distributional similarity derived from 
context vector representations of words have also been used to identify words 
within online discussions that fall into particular semantic categories (such as 
“medications” (Elhadad et al. 2014)), based on their similarity to an example seed 
term. More recently, other distributional models, specifically probabilistic topic 
models (which are part of a family of widely-used generative probabilistic models, 
that includes probabilistic Latent Semantic Analysis (Hofmann 2001) and Latent 
Dirichlet Allocation (Blei et  al. 2003; Griffiths and Steyvers 2002)) and neural 
word embeddings (a neural-network based approach learns to predict term-to- 
context relationships, and has gained popularity in recent years) were evaluated for 
their utility as features for machine learning classifiers on the task of reproducing 
qualitative coding assigned to content mined from the cancer-related online forum, 
breastcancer.org (Zhang et  al. 2016). The best performance on this task was 
obtained by using neural embeddings as features for a convolutional neural net-
work (micro- averaged F-measure of 65.4). On the basis of these results, the quali-
tative analysis was extended to a larger number of messages using the trained 
classifier, permitting an innovative analysis of the evolution of topic trends over 
time. While methods for automated analysis of free text are still evolving, these 
methods have the capability to deal with large amounts of data generated by social 
media. Our own efforts in this area have also used distributional semantics and 
machine learning to extend the range of qualitative analysis. However, this work 
has focused on the integration of estimates of relatedness with quantitative network 
models, and will be discussed subsequently in the chapter once we have covered 
this methodological territory.

15.4.4  Quantitative Models of Network Science

Social network analysis has been widely used to examine network influence on 
individual behavior (Valente et al. 2004). For instance, friends’ influence was opera-
tionalized as the extent to which adolescents are exposed to friends who use sub-
stances, and association with self-use was tested (Ali and Dwyer 2010; Crosnoe 
2006; Crosnoe et  al. 2004; Ennett et  al. 2006; Fujimoto and Valente 2012a, b; 
Urberg et al. 1997).

Methodologically, the network exposure model (Burt 1987; Marsden and 
Friedkin 1993; TWTW 1995; Valente 2005) has been a workforce for modeling 
theories of social contagion (i.e., behaviors change as a result of patterns of friend-
ship relations) based on one-mode network. It specifies the appropriate weight 
matrix (W) for various network influence processes (Leenders 2002), and  statistically 
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testing network effects on individual behaviors. The general formula of network 
exposure Ei is defined as (TWTW 1995):

 

E
W Y

Wi
j ij j

j ij

=
å
å  

(15.1)

where Wij is a social influence weight matrix, and Yj is a vector of alter j’s behav-
ioral attribute (i = 1, …, N; j = 1,…, N−1, i≠j). Exposure is calculated by matrix- 
multiplying the weight matrix, W (representing social influence matrix), by a vector 
indicating whether or not each alter j engages in behavior of interest (dichotomous 
variable coded as 0 or 1). The level of ego’s exposure to behavior of interest is 
measured as the proportion of alters who engage in that behavior in an ego’s 
network.

 Affiliation Exposure Model

Network exposure model has been extended to the two-mode version, and the “affil-
iation exposure model (AEM)” was developed (Fujimoto et  al. 2011, 2012), to 
model affiliation-based social contagion. AEM is designed to measure the degree to 
which individuals are exposed to behaviors of others through affiliating with the 
same settings/places. It uses pairwise relationships among individuals formed by 
sharing at least one settings/places. Mathematically, this requires the conversion of 
the original two-mode network data, A, into a one-mode projection of the actor-by- 
actor c-affiliation data, C (=AA′). In such converted one-mode co-membership net-
work, each pair of actors is connected if they share at least one common place, thus 
representing the affiliation-based social influence.

By multiplying Cij by each co-participant’s attribute yj and normalizing it by row- 
sum Ci+ (ignoring the diagonal), the resulting affiliation exposure vector of F is 
defined as follow:
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AEM is a promising development since it does not require the collection of 
 traditional network data (sociometrics), but instead just the collection of information 
relevant to attendance at specific places (i.e., venues, and online meetings), some-
thing which is easily implemented in the survey format items common to public 
health research. Thus, AEM has the potential to contribute to enhancing the utility of 
network science in public health research areas that have not traditionally collected 
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social network data. AEM has been used by other studies in different domains, 
including an online community for smoking cessation intervention (Myneni et al. 
2015), the diffusion of the ratification of the WHO Framework Convention on 
Tobacco Control among countries (Wipfli et al. 2010), and a network among gang-
sters through criminal activities (Papachristos et al. 2015).

 Decomposed Network Exposure Model

Different types of relationships may have different levels of influence with others in 
various health-related behaviors. Standard network exposure models handle a single 
type of relationship in studying the network influence on individuals’ behaviors. To 
address this issue, some variants of network exposure models, called decomposed 
network exposure model (Fujimoto et al. 2013), have been introduced that are capable 
of handling multiple relationships by methodologically segregating the overlapped 
effect of one type and another types of networks, from non-overlapped effect, on 
individuals’ behavior. For instance, one type of affiliation exposure may be over-
lapped with another type of network influence based on one-mode network or with 
another type of network influence based on two-mode network of different type. The 
decomposed network exposure model allows us to partition the model into two sepa-
rate models.
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Mathematically, Eq. (15.3) was computed by element-wise product of the co- 
affiliation matrix C by an adjacency matrix X (representing one-mode network), 
and then row-normalized it and matrix-multiplied it by the behavioral vector of 
alters yj. To compute Eq. (15.4), we subtracted an adjacency matrix X from a unit 
matrix with all elements being one, and everything else being identical to the com-
putation of Eq. (15.3), which is defined in the following formula:
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Several empirical studies have applied this model to research on health behavior 
and public health by decomposing the effect of activity members who are also 
friends and activity members who are not friends, on adolescent substance use 
behavior (Fujimoto and Valente 2013).

To summarize, network exposure models enable us to measure a given form of 
network influence and test its effect on individual behavior to explain how new 
ideas and practices spread through social networks. One of the limitations in this 
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model would be that network exposure model makes an independence assumption 
for the error term, which may not hold true for network data.

 Network Autocorrelation Model

Network autocorrelation model (Doreian 1980, 1989; Doreian et al. 1984; Dow 
1984; Ord 1975), also called the Network effects model (Doreian et  al. 1984), 
assumes that endogenous network variables are correlated with the error term ε, 
and therefore the standard OLS regression yields biased and inconsistent esti-
mates for both autocorrelation parameter and regression coefficient (Dow 2007; 
Johnston 1984).

However, these models are limited in the application to health behavioral and 
public health research, perhaps since all of these have been limited to modeling 
continuous-scale dependent variable. For instance, the outcome scale of substance 
use is usually measured by categorical scale (dichotomous or ordered categorical) 
since the frequency of a given substance use (such as alcohol use, cigarette smok-
ing, marijuana use) is rarely normally distributed, and existing methods of network 
autocorrelation model does not handle categorical data analysis, except for a few 
network studies that uses two-stage, least-square regression with school level fixed 
effects using longitudinal data (Ali and Dwyer 2009, 2010).

 Longitudinal Statistical Model

A series of Framingham network studies estimated social contagion effects by 
 modeling the spread of obesity (Christakis and Fowler 2007), smoking (Christakis 
and Fowler 2008), alcohol use (Rosenquist et  al. 2010), happiness (Fowler and 
Christakis 2008), depression (Rosenquist et al. 2011) and others, across network ties. 
These studies specified longitudinal regression models where the ego’s (i.e. focal 
node) outcome status at any given time point t + 1 was a function of the ego’s out-
come status at the previous time point t, the alter’s outcome status at times t and t + 1, 
controlling for various ego’s attributes. Here, a significant coefficient for the alter’s 
(i.e. nodes directly connected to focal node) outcome status at time t + 1 represents 
either an alter’s outcome affected an ego’s outcome (social contagion) or alter and ego 
experienced contemporaneous events affecting both outcome statues (environmental 
confounding) (Christakis and Fowler 2008). The model by Framingham longitudinal 
statistical model differs from network exposure models in that this model specifies 
dyadic tie as a unit of analysis, which may worsen the problem of model inconsis-
tency especially for mutual ties. On the other hand, network exposure model specified 
individuals a unit of analysis (by measuring summary statistics of outcomes of alters 
who are connect to an individual, and which is computed for each individual).

However, the statistical problems inherent in using network data (or dyadic tie 
information) in regression models have been catalogued in response to these 
 criticisms of social contagion, and a number of articles were published that  discussed 
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these critiques on the statistical procedures (Lyons 2011; Fowler and Christakis 
2008; Christakis and Fowler 2013; Cohen-Cole and Fletcher 2008; Halliday et al. 
2007; Shalizi 2012; VanderWeele et  al. 2012), or proposed some remedies for 
potential problems of model inconsistency and estimation method used in modeling 
social contagion such as using instrumental variable (Halliday et al. 2007) or lag-
ging of the alter’s stage by an additional period (VanderWeele et al. 2012).

 Exponential Random Graph Models (ERGMs)

Exponential Random Graph Models (ERGMs) (Frank and Strauss 1986; Robins 
et al. 2007; Wasserman and Pattison 1996; Hunter 2007; Wang et al. 2013) are capa-
ble of addressing this issue by treating the network itself as endogenous, and view-
ing the overall network structure as collections of local network processes represented 
by various structural configurations. ERGMs are designed to stochastically model 
the formation of network ties and test hypotheses about both local configurations 
(such as reciprocity, transitivity, etc.) and the distribution of nodal attributes (such as 
gender, drinking, smoking) within the network. Empirical network studies on health 
behavioral and public health research that applied ERGMs include assessing com-
munity-based participatory action designed to reduce cancer disparities (Valente 
et al. 2010), modeling peer selection mechanism based on adolescent’s obesity or 
substance use behavior (Valente et al. 2009), and HIV risk transmission networks 
through venue affiliation among drug-using male sex workers (Fujimoto et al. 2015).

To conclude, the methods discussed so far provide valuable insights into the 
ways in which multidisciplinary techniques from behavior science, psychology, 
computer science, and network science can be used to conduct “social listening”, 
thus enabling us to understand and model behavior change, social influence, infor-
mation spread. Tools such as UCINET (Borgatti and Everett 2002), NetDraw 
(Borgatti 2002), Gephi (Bastian et al. 2009), and Cytoscape (Shannon et al. 2003) 
offer GUI based network modeling capabilities. These methodologies are promising 
in offering insights into designing and implementing network interventions that 
affect people’s health behavior and public health problems, and translating them 
into practical public health interventions. In the next section of the chapter, we dis-
cuss our own efforts of applying the methods discussed so far to analysis of peer-to- 
peer communication in a health-related online social media platform.

15.5  Leveraging Social Media to Model and Change 
Behavior: A Case Study of Smoking Cessation

15.5.1  Introduction to QuitNet

QuitNet is one of the first online social networks for health behavior change, and 
has been in continuous existence for the past 17 years. It is widely used with over 
100,000 new registrants per year (www.QuitNet.com). QuitNet has members who 
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are current and former smokers seeking to quit or stay abstinent. The members are 
globally distributed and come from over 160 countries including Canada, the United 
Kingdom, Australia and South Africa. QuitNet’s website incorporates the United 
States Public Health Service guidelines for best practice and includes diagnostic 
tools, social support from peers and experts, and pharmacotherapy (Cobb et  al. 
2005). It is available to smokers through two main channels: free public internet 
access and paid contracts. Both versions operate in the same environment and have 
a single support community, therefore, regardless of the means by which users 
access QuitNet, they all participate in the same online community. Research materi-
als used for this study were extracted from the publicly available version.

Previous studies on QuitNet indicated that participation in the online community 
was strongly correlated with abstinence (Graham et al. 2007). Our studies outlined 
in this chapter include datasets drawn from a previously studied quality improve-
ment database, and is comprised of de-identified messages in the public threaded 
forums, in which participants post messages and reply directly to each other. We 
have based our initial exploratory work on a de-identified 10 year data set of the 
original version of QuitNet, spanning 1996–2015 including and containing more 
than 400,000 individuals, 10 million inter-member communications and 194 mil-
lion discrete behavioral observation points, including more than 500,000 that are 
specific to smoking behavior or medication use. All messages were stripped of iden-
tifiers but re-coded for ego id (the individual posting) and alter id (the individual 
whose message is being replied to), self-reported smoking status of sender and 
receiver (‘0’ for aspiring quitter, ‘1’ for current smoker/non-quitter), date and posi-
tion within the thread. QuitNet members were classified into four groups based on 
their self-reported smoking status. The classification criteria were as follows:

• 0: Members who were smokers throughout the study period (current smokers)
• 1: Members who stayed abstinent during the entire study period (ex-smokers)
• 0–1: Members who switched their status from smokers to ex-smokers (success-

ful quitters)
• 1–0: Members who altered status from ex-smokers to smokers (relapsers)
• Other: Members who changed their smoking status multiple times (frequent 

relapsers)

In the next sections of the chapter, we describe a series of our prior studies con-
ducted on QuitNet user communication using a variety of methods described in 
Sect. 15.4.

15.5.2  Qualitative Analysis of QuitNet Communication 
Content

In this section, we describe the results derived from a grounded theory-based 
(Strauss and Corbin 1998) content analysis of QuitNet messages. The findings 
derived from this analysis using our method are then interpreted in the light of exist-
ing behavior change theories, in an attempt to understand the interplay between the 
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behavior changes facilitated by Web 2.0 based interventions and existing health 
behavior models. This analysis enhances our understanding of the applicability of 
behavior change theories (discussed in Sect. 15.4) which were formulated in the 
context of face-to-face communication using laboratory-based social science 
approaches, in the context of online social relationships.

 Description of Methods

A grounded theory approach (Strauss and Corbin 1998) was used to analyze QuitNet 
data to understand the core concepts, the interrelations among concepts and the 
roles played by these concepts in an individual’s smoking cessation activity. The 
first step in the coding process involved open coding, where a line-by-line analysis 
was performed on the messages to derive abstract concepts from the data. Each 
message was reviewed, noting pertinent smoking cessation related concepts in 
terms of general open codes which were generated dynamically as the data were 
reviewed. Examples of open codes included “statistics”, “crave”, “pregnancy”, 
“boredom”, “temper”, “patch”, and “pledge”. This process was repeated until no 
new concepts were produced from the dataset. Appropriateness of code assignment 
was ascertained using constant comparison, where instances of codes were com-
pared in an iterative manner to make sure they reflected the same concept. The 
second step was performed by re-organizing and re-grouping the open codes using 
axial coding. Axial coding allowed for the identification of unifying, repeated pat-
terns underlying the concepts and their relationships, thereby revealing core themes 
relevant to smoking cessation. Examples of core themes include “Family and 
friends”, “Obstacles”, and “Traditions”. Initial coding was performed manually, and 
later the NVivo software suite for qualitative analysis was used to analyze themes 
and their patterns of occurrence in the data. A total of 585 messages were analyzed, 
revealing 43 distinct concepts. Furthermore, the analysis was carried out for an 
additional 210 messages to ensure no new concepts emerged. This qualitative cod-
ing allowed for an in-depth evaluation of the interactions among people in the 
QuitNet social platform and thereby a deeper understanding of the behavior change 
processes that QuitNet users undergo when attempting to cease smoking. Further, 
these themes were mapped to theoretical constructs and taxonomy techniques out-
lined in behavior change theories discussed in Sect. 15.4.1.

 Summary of Results and Conclusions

Communication themes ranged from discussions on nicotine replacement therapies 
to stress management strategies. QuitNet users posted messages seeking help to 
fight a craving or confessing to a relapse. Importantly, the analysis revealed aspects 
of community-specific culture such as “Saturday night bonfires”—where unsmoked 
cigarettes are thrown into a digital fireplace during a virtual gathering and “early 
morning weather updates” when the users reaffirm their willingness to not smoke. 
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Messages also indicated issues with building trust between members. In the case of 
QuitNet, activities such as pledges and bonfires emerged from within the commu-
nity and each of those events marks a specific aspect of the smoking-cessation pro-
cess. In addition to emphasizing progress and positive aspects of smoking cessation, 
focus on community-building and social togetherness (e.g., bonfires) have helped 
members adhere to their quit attempts. Like any other virtual community, most con-
tent embeds aspects of social support. In addition to support, several other sociobe-
havioral elements related to behavior change theories were found in QuitNet 
messages. Our analysis revealed that most QuitNet themes (1) relate to important 
behavior change constructs belonging to multiple theories and (2) operationalize 
several techniques outlined in the behavior change taxonomy, thus highlighting the 
need for empirically-grounded behavior change interventions. Figure 15.1 presents 
the prevalence of various content types in QuitNet user communication. Detailed 
description of the thematic definitions, their mapping to the theories and taxonomy 
techniques can be found in (Myneni et al., 2012, 2013, 2016a).

Qualitative methods form a very important toolkit to conduct nuanced analysis of 
health-related communications in online platforms. Use of grounded theory analysis 
has allowed us to develop thematic representations of QuitNet messages that are 
empirically driven and not theoretically biased. Subsequently, comparison analysis 
consisting of (1) sociobehavioral constructs from existing behavior change theories 
and (2) theoretically linked taxonomy of behavior change techniques allowed us to 
understand the theoretical roots and operational features of consumer-driven QuitNet 
communication. The methodological process itself is informative, comprehensive, 
and generalizable, while being both empirically grounded and theoretically aligned.

 Future Directions

As part of our ongoing studies, we have extended our empirical and theory-driven 
qualitative analysis to model user communication in social media platforms specifi-
cally designed for chronic diseases and healthy living. Such cross-community and 
cross-behavior analysis will allow us to generalize the observed phenomena and 
understand relationship between communication themes, socio-behavioral theories, 
and user engagement attributes underlying behavior change and chronic disease 
management.

Fig. 15.1 QuitNet 
communication themes
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In the next section of the paper, we describe how we applied automated text 
analysis methods from distributional semantics in conjunction with machine learn-
ing algorithms to enable high-throughput analysis of online social media communi-
cations. Such methods facilitate resource-optimized extension of qualitative analysis 
to large-scale digital health data. This in turn can extend the research and applica-
tion frontiers of social media, thereby further enhancing their positive impact on 
health-related behaviors.

15.5.3  Automated Text Analysis of QuitNet

As web forums are the predominant modes of communication in social media com-
munities, recent advances in automated text analysis allow for large-scale analysis 
of the content of peer-to-peer interactions. Semantic space models, methods of dis-
tributional semantics in which both terms and larger units of text are represented in 
a high-dimensional vector space, have been applied to peer-to-peer interactions in 
online communities (McArthur et al. 2006; Mc Arthur and Bruza 2002, 2003). The 
methods of automated text analysis we have employed infer measures of the relat-
edness between passages of text from the distributional statistics of terms in a large 
text corpus.

 Description of Methods

In our prior work we drew on external distributional information, from the 
Touchstone Applied Science Associated (TASA) corpus (Landauer et al. 1997), a 
collection of 37,657 articles designed to approximate the average reading of an 
American college freshman, to account for terse semantic context available in 
social media postings. We then used LSA (Landauer et al. 1998) to derive vector 
representations of terms in the TASA corpus, such that terms with similar distribu-
tions would have similar vector representations, and measured similarity between 
vectors using the cosine metric. In addition, Reflective Random indexing (RRI) a 
variant of Random Indexing (Kanerva et al. 2000) which was developed to recog-
nize meaningful relationships between terms without requiring they co-occur 
directly (Cohen et  al. 2010). LSA and RRI were performed using the Semantic 
Vectors package (Widdows and Ferraro 2008; Widdows and Cohen 2010), an open 
source package for distributional semantics. The log-entropy weighting metric was 
used, and terms occurring on the stopword list distributed with the General Text 
Parser software package (Giles et al. 2003) were ignored. This stopword list con-
sists of frequently occurring terms that carry little semantic content. Subsequently, 
representations of the messages in the QuitNet corpus were generated using an 
iterative approach (Vasuki and Cohen 2009). In order to use these generated vectors 
to support automated coding of QuitNet messages, we conducted a series of studies 
using (a) key word based modeling, (b) nearest neighbors approach, (c) machine 
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learning algorithms using Weka, a popular open source machine learning toolkit 
(Hall et al. 2009). Detailed explanation of the methods can be found in (Myneni 
et al. 2012, 2015, 2016b). Accuracy and reliability metrics were employed to assess 
the performance of the automated methods (Myneni et al. 2012, 2015).

 Summary of Results and Conclusions

 (a) Incorporation of external corpus: LSA in conjunction with a range of classifiers 
for categorization of the QuitNet set has shown significant improvements with 
TASA incorporation. Accuracy measures using Key word models (theme- 
specific manual inspection, see (Myneni et  al. 2012)) and nearest neighbors 
approach (leave one out cross validation, see (Myneni et al. 2016b)) without 
TASA pre-training are 0.48 and 0.53 respectively. With TASA pre-training the 
accuracy improved to 0.64 and 0.74 for key words model and nearest neighbors 
approach respectively (Myneni et al. 2016b).

 (b) Accuracy and Reliability: The optimal F-measures, precision and recall metrics 
for the cross validation were achieved with the application of reflective random 
indexing in conjunction with J48 decision tree built within Weka: Recall = 0.76, 
Precision = 0.78, and F-measure = 0.77. In addition, reliability measurements 
between two human coders and machine coding were as follows. The reliability 
between coder 1 and the system is 0.71, coder 2 and the system is 0.74, and 
these values indicate average coder-system reliability approached coder-coder 
agreement of 0.74 (Sridharan et al. 2016).

 Future Directions

Communication exchanges in online communities are time-stamped which facili-
tates tracking of semantic changes in the messages exchanged by a user pair or a 
group of users over a time period. Utilization of time series analysis (O’Connor 
et al. 2010) and novel methods of encoding sequence within distributional semantic 
models such as (Widdows and Cohen 2016) may enable longitudinal semantic mod-
eling of QuitNet communication events, thus offering deeper insights into the evo-
lution of behavior change processes as QuitNet users attempt to stay abstinent from 
smoking.

15.5.4  Network Models of QuitNet

To date, most network analysis studies on health-related online social networks 
have focused primarily on exploring the structural and functional composition of 
networks without considering communication content. Efforts have been made to 
evaluate the quality (in terms of semantic features such as syntactic and semantic 
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complexity, punctuation, and grammaticality) of content in social media (Agichtein 
et al. 2008), facilitate social tagging, where users to annotate, categorize and share 
their web content using short textual labels (Fu and Kannampallil 2009). Few efforts 
have been made to bridge content-rich and content-free analyses to characterize 
communication in social networks. In the following section, we describe ways in 
which content-inclusive network analysis has been conducted in our own work on 
QuitNet.

 Description of Methods

Network models were created to characterize content-specific topology of QuitNet 
user communication. QuitNet users were represented as nodes and communication 
attributes (frequency, semantic similarity) were used to represent edges within the 
network. A variety of metrics (e.g. degree, modularity, clustering, pathlength) 
(Valente 2010) to identify communication-specific factors underlying QuitNet 
users. We used available open-source network simulation software, Gephi (Bastian 
et al. 2009) to model these content-specific networks. Further, we have framed com-
munication themes as events and network members as actors, forming two-mode 
affiliation network data. Subsequently, the two-mode data derived were as illus-
trated in Table 15.1. The information in the table was based upon the categorization 
of messages obtained in Sects. 15.5.1 and 15.5.2. Thus, network members and their 
themes formed the two modes for network analysis using affiliate exposure models. 
Given that co-participation in our study is dependent on content of communication, 
this allows for the characterization of the role of content-specific social influence 
patterns underlying peer-to-peer communication. Consequently, we evaluated the 
extent to which “membership” in specific content type is predictive of smoking ces-
sation and effective diabetes management.

 Summary of Results and Conclusions

This work yielded insights that are interpretable and actionable, enabling the iden-
tification of content-specific opinion leaders (high degree nodes indicated by their 
large size) and their distribution (same color nodes implies clustering into a sub 
community) as shown in Figs. 15.2 and 15.3. Using coaffiliation networks (shown 

Table 15.1 Illustration of two-mode data (Row mode represents QuitNet users and 
Column mode refers to the QuitNet communication themes)

QuitNet member QuitNet theme Social support Obstacles Rewards

ID00000XX 1 1 0

ID1111XX1 1 1 0
ID112233X 0 1 1
IDXXX2221 1 0 1
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in Fig. 15.3) we examined the clusters among users based on joint affiliation with 
at least one common theme. Results revealed similar communication content 
exchange by users belonging to a common cluster. A two-mode version of net-
work autocorrelation model developed was used to estimate the effect of content-
specific affiliation exposure on individuals’ abstinence status. The autocorrelation 
parameter estimate showed that as QuitNet users were more exposed to other 
users who stay abstinent and share community-centric themes (Social support, 

Successful quitters:Traditions Relapsers:Traditions Relapsers:Progress

Fig. 15.2 Content-specific QuitNet networks

Cluster
social support

Cluster
traditions

Cluster
motivation

Fig. 15.3 QuitNet coaffiliation network
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Traditions, Motivation), they were more likely to stay abstinent themselves 
(b  =  0.041, P  <  0.01) (Myneni et  al. 2015), to the extent that self-reports are 
accurate.

 Future Directions

Current network models attempt to understand behavioral diffusion by analyzing 
frequency of communication without considering its content. Our prior work on 
content-inclusive network analysis focused on cross-sectional integration of content 
with network structure and did not account for network dependencies beyond dyad- 
level (Myneni et al. 2015) (i.e. who communicates with whom). This is a significant 
limitation and our ongoing work attempts to negotiate this by modeling networks 
using ERGMs discussed in Sect. 15.4. Such methods will allow us to incorporate 
user-theme and user-user relationships to model content-specific social influence 
patterns. In addition, longitudinal network models can be used to examine content- 
specific topologies and temporal trends.

15.5.5  Implication for Public Health Interventions

Content-inclusive network analysis of social media communication as facilitated by 
methods discussed in the chapter so far provides rich empirical evidence that form 
the basis for data-driven health promotion ventures that provide new directions for 
research on interventions that health researchers and technology developers can 
undertake to change human health behavior. Application areas of targeted network 
interventions include (a) identification of opinion leaders, clusters, and group- 
specific opinion leaders, (b) “rewiring” networks to improve or reduce network 
cohesion, and (c) network-attribute interventions (Valente 2012). Content attributes 
can be used to derive network-attribute interventions, where members exchanging 
messages related to a particular theme will be segmented as a group to harness the 
positive effects of their social influence. Examples of these approaches include iden-
tifying content-specific key players and creating mentor-mentee relationships based 
on the needs of the mentee and interests of the mentor. The one-mode network struc-
tures obtained from formal network analysis using Gephi reveal differences across 
themes, the most striking of which is the difference in the high-degree nodes across 
the themes, which indicate those users with the most connections with whom they 
discuss content related to a particular theme. Consequently, these high- degree nodes 
represent the opinion leaders of the network with respect to those particular themes. 
Identifying key players within groups was shown to be one important step for effec-
tive in tobacco control (Puska et al. 1986). Opinion leaders play a pertinent role in 
social mobilizations and social networks, they act as gatekeepers for interventions, 
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help change social norms, and accelerate behavior change (Obregón et  al. 2009; 
Valente and Pumpuang 2007). The opinion leaders identified through our work dis-
cussed in Sect. 15.5.3 were within a group of members exchanging information 
related to a specific topic of interest such as “Social Support”, “Traditions”, and 
“Progress”. For example, the identification of those network members who are key 
players in providing “Relapse assistance” and “Motivation” can help us make the 
right connections with users discussing about “Craves”, thus improving the net-
work’s assistance to its members. This new knowledge about content-specific opin-
ion leaders can be transformed into a content- sensitive targeted intervention by 
incorporating new support features into a social network for providing guidance 
information to network users with respect to content variety and content-specific 
opinion leaders. For example, if a network member exchanged messages related to 
“Progress”, then that member can be directed toward similar content types and the 
opinion leaders for that particular content. In addition, the “Progress”-related opin-
ion leaders can be alerted about the new member to facilitate a connection between 
this member and an opinion leader. Similarly, if a member posts messages that indi-
cate “Conflict”, trust-related issues with another member, then directing them toward 
messages indicating “Social support” and “Motivation” may be of assistance.

In terms of factors affecting content-based network influence, results indicate 
that exposure to abstinent members exchanging content related to group-centric 
inter-personal themes (e.g. “Social support”, “Traditions”) tend to stay abstinent 
from smoking behavior. Therefore, online interventions can incorporate an explicit 
display of member profiles contributing to such content to enhance affiliations to 
these people. In the context of offline interventions at population level, public sup-
port messages incorporating content features highlighting the need to seek social 
support and be part of a group-based smoking cessation endeavor can help the gen-
eral public (confronting similar issues) become involved in a support community to 
sustain abstinence from smoking. Preliminary efforts involving the design of an 
empirically-informed social support platform inspired by social media analytics can 
be found here (Myneni and Iyengar 2016).

In summary, online social networks have been gaining in popularity and present 
health researchers with a unique opportunity to understand human behavior change 
and deliver scalable and sustainable interventions. However, as demonstrated by 
QuitNet, these venues can also provide a forum for a community of dedicated users 
to assist one another in the pursuit of better health, an activity that ultimately has 
societal benefit beyond the users of QuitNet itself. The development of better tools 
to analyze social network content of this nature allows us a greater understanding of 
the ways in which such social networks mediate behavior change, thereby providing 
us with the opportunity for empirically-grounded interventions to further assist 
these communities with the attainment of their laudable goals. Content-based net-
work analysis of QuitNet, made feasible by large-scale qualitative analysis using 
automated methods, has been shown to yield content-specific tailoring strategies 
that can be used for health promotion and behavior change.
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 Discussion Questions

 1. Text mining and network analysis are important tools for social media analysis. 
How and why do these methods inform our understanding of human behavior 
and intervention design for behavior change?

 2. Consider a public health behavior change challenge. Identify social media data 
sources for the behavior under question. Discuss user security and privacy intri-
cacies associated with applying the social media analytics discussed in the 
chapter.
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