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Abstract

The use of social network theory and analysis methods as applied to pub-
lic health has expanded greatly in the past decade, yielding a significant
academic literature that spans almost every conceivable health issue. This
review identifies several important theoretical challenges that confront the
field but also provides opportunities for new research. These challenges in-
clude (a) measuring network influences, (b) identifying appropriate influence
mechanisms, (c) the impact of social media and computerized communica-
tions, (d ) the role of networks in evaluating public health interventions, and
(e) ethics. Next steps for the field are outlined and the need for funding is
emphasized. Recently developed network analysis techniques, technologi-
cal innovations in communication, and changes in theoretical perspectives
to include a focus on social and environmental behavioral influences have
created opportunities for new theory and ever broader application of social
networks to public health topics.
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INTRODUCTION

The aim of this review is to assess the current state of the science of applying social network theory
and analysis (SNT/A) in the field of public health. It is not intended as an introduction to SNT/A,
and interested readers may consult other introductions (7, 43, 55, 79, 81). Rather we attempt to
address the challenges and outstanding research questions that confront the field today. We also
do not attempt to review all the current research being conducted to apply SNT/A to public health
topics as the number of research fronts currently being explored is indeed rather large. Instead,
this article is designed to train a critical eye on several scientific issues that researchers have yet to
resolve and to provide opportunities for new research.

SNT/A has been applied to almost every area of health research, including physician behavior
(15, 29, 41), adolescent risk taking (30), obesity and physical activity (16), bullying (62), community-
based participatory research (85), policy diffusion (84), interorganizational relations (25, 49, 68),
and community coalitions (82) among other things. The methods and settings have also been
quite varied, including social support scales (36), egocentric studies (64), snowball-type studies
(32), organizational ones (93), and studies in both developed- and developing-country contexts
(27, 46). Thus, we have many examples from which to illustrate challenges and opportunities
facing network researchers.

Network research in public health classically focused on the transmission of infectious dis-
eases. For millennia, newly established trade, migration, and communication networks connected
previously disconnected communities, resulting in cataclysmic transmission of deadly viruses (17,
58). By the twentieth century, public health officials employed tools such as contact tracing in
attempts to treat sexually transmitted infections and other diseases. Formal application of net-
work concepts, however, was rare. The HIV/AIDS epidemic in the late 1980s challenged public
health researchers to understand how contact networks, especially syringe sharing and/or sexual
relations, influenced HIV spread (61). Network research subsequently transitioned from a focus
on infectious diseases to chronic diseases. Although quite a few behavioral studies had been con-
ducted prior to the 1990s, it was at this time that growth accelerated in the application of social
network analysis to behaviors associated with chronic conditions.

By the time of the influential study by Christakis & Fowler (12), the transition was complete,
and today SNA is applied much more frequently to behaviors associated with chronic conditions
than to infectious ones. These application areas include tobacco, alcohol, and other drug use;
obesity and physical activity; reproductive health; health services; and many other areas. The
focus on behaviors rather than diseases stems in part from available data; few if any data sets
contain contact information and disease spread, though see Vanhems et al. (91). It also stems from
the seriousness of chronic conditions because these now constitute the major public health risk
factors in most populations.

The sine qua nons of network research are the collection and analysis of network data, that is,
information on the connections and relationships among and between entities. Usually, though
not exclusively, these entities are people such as the general population or subgroups such as
adolescents in schools, members of an online community, and organizational employees. In
what follows, our remarks are meant to signify studies among people and usually in a somewhat
bounded community, though the size of such boundaries continues to increase owing to advances
in computing technology and the use of online or social networking media. We recognize,
however, that many health network studies are conducted among organizations, states, nations,
and/or other units. Our review of network research has identified four broad areas that represent
challenges to the continued advance of network applications in public health: (a) estimating net-
work influences or so-called contagion effects, (b) articulating appropriate theoretical mechanisms
by which networks have effects, (c) disentangling mediated versus nonmediated network processes,
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and (d ) the application of network theory and methods for intervention design and evaluation.
We address each of these as challenges and opportunities.

NETWORK INFLUENCE

A rather large community of scientists has been active for decades, developing theories, algorithms,
and metrics to describe social networks (24). These scholars have produced measures of centrality;
brokerage and bridging; group and community detection; blockmodeling; positional analyses;
and network-level metrics such as density, clustering, average path length, and network diameter
among others. Interested scholars can take workshops, courses, and tutorials to learn the math,
techniques, and software necessary for network analysis (e.g., http://www.insna.org). Distinct
from this line of work, however, many researchers have focused on trying to determine whether
and how social networks influence health behavior.

The earliest of these studies were based on diffusion of innovations theory, which emerged
in the early 1940s as a distinct research paradigm (88). The classic medical innovation study by
Coleman and others (15) is often considered the first to attempt to measure social networks and
their association with innovation adoption. Several network diffusion studies followed, and many
studies were conducted to reanalyze data from the three classic remaining diffusion network data
sets (18, 76, 79). Diffusion, however, takes a long time; diffusion data have traditionally been
difficult to obtain, so many researchers focused on network influences on short-term behavior
change (3-, 6-, or 12-month follow-up).

As a practical matter, many early studies were cross-sectional and associational. For example,
Valente and others (90) showed that Cameroonian women were more likely to be aware of and use
the same contraceptive methods as their friends. Moreover, these women were more likely to use
contraceptive methods when they perceived their friends encouraged contraceptive use. So even
though the data were cross-sectional, the logic and theory supporting the analysis lent evidence to
a network effect. Other studies of network influences on contraceptive use have been conducted
and also show an association between use and peer use (20, 27, 70).

The application area with perhaps the most evidence of network influences is adolescent to-
bacco use. Despite progress in reducing adolescent tobacco use, it is still the leading cause of
premature mortality globally, and 80% of adult smokers report initiating tobacco use when they
were adolescents (63). Researchers have hypothesized for many decades about the existence of
a network effect on initiation and continuation of tobacco use (19). Using the Add Health data,
Alexander and colleagues (1) showed that smokers were more likely to have smoking friends, pop-
ular students were more likely to be smokers, and they were more likely to be smokers in schools
with a high smoking prevalence.

Ennett & Bauman (19) published a landmark study postulating both influence and selection
mechanisms as explanations for homophily on tobacco use. Influence occurs when individuals
make behavior changes to be consistent with their peer network. Conversely, selection occurs
when individuals make network changes to be consistent with their behavior. Selection provided
an alternative (to influence) explanation for behavioral homophily. The debate over selection
versus influence has intensified in recent years, particularly with the advent of stochastic actor-
oriented models (SAOM), which can compare selection and influence mechanisms simultaneously
(59), though selection can be tested without using SAOM (86). The challenge is that SAOM have
more power to detect selection than to influence, which may bias the interpretation of results (we
return to this point below).

In sum, many studies have shown that networks are associated with adolescent tobacco use,
contraceptive choices in developing countries, and other behaviors. However, making causal
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claims about network effects is fraught with statistical challenges (72). First, network data are
often nonindependent, which violates a basic assumption of inferential statistical analysis. Sec-
ond, there is endogenous tie formation: A person becomes friends with the friends of his/her
friends. If homophily on smoking exists, then these new ties will seem like influence effects but
are really a function of natural network evolution. Third, there is latent homophily, that is, peo-
ple are connected for reasons unobserved in the study yet may be associated with the behavior.
For example, two people may be friends because they belong to a club outside the school, and
if smoking becomes prevalent in that club it will be mistaken for influence from their school
networks.

Consequently, the many studies that show an association between behavior and peer (network)
behavior are often observational and fail to control for these threats to interpretation. There is
reason for optimism, however, and these challenges provide new opportunities for research that
specifically address these shortcomings.

Researchers should continue to push for collecting longitudinal data on networks and behavior
and for additional measures of the social environment. By collecting data over many time points,
greater specificity of the theoretical mechanisms that drive behavior change can be made and used
to address the concerns outlined above. Moody and others (60) provide an excellent example of
longitudinal network associations with behavior that control for many alternative explanations. La-
tent homophily may explain associations between behavior and network at baseline or in the short
term; however, over long periods of time, the effects of homophily diminish as influence mecha-
nisms kick in. Furthermore, supplementary data on the broader social environment characteristics
may be important for understanding how the structure and characteristics of social networks affect
behavior change and for controlling for potential causes of homophily in the network.

Longitudinal data may also be analyzed using the SAOM approach, which can control for de-
mographic homophily and endogenous tie formation in the analysis. Although not every potential
latent homophily variable can be measured or envisioned, the main ones, which provide an alter-
native explanation for influence, can be. For example, among adolescents, gender may influence
both tie formation and risk behavior, and SAOM as implemented in SIENA enables the researcher
to control for homophily on gender while testing for homophily on behavior. Multilevel models
(96) can be used to incorporate multiple individual attributes and networks in analysis of network
influences on behavior change.

Diffusion studies typically consist of many time intervals over which behavior change occurs,
thus providing a longitudinal framework within which to test for network influences (84). The
added advantage of diffusion research is that it provides a rich theoretical history spanning
more than a century, which investigators can use in the specification of network effects (18, 88).
Diffusion data lend themselves to survival analysis and event history analysis as well as many
unique metrics that capture peer influences and network effects on adoption (T.W. Valente,
submitted).

Experiments also provide a way to test for network influences (11). Early network research
was characterized by experiments (3), and researchers can continue this tradition by conducting
experiments specifically with network interventions (80) or by manipulating network conditions
in online environments as others have done (5, 11). Field experiments (46, 54) have generally
documented strong network effects, and they build support for network theory.

There is clearly much work to be done to solve the influence/causality issue, which will not
be resolved with one study or one finding. The continued accumulation of evidence regarding
how networks influence, and are influenced by, behavior will enable us to articulate the context
and conditions under which these effects occur. From a policy perspective, it is important to
know how social networks influence behavior so that proper attribution can be made. Like most
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scientific endeavors, theory will help guide the way, and it is to theory we now turn to discuss the
specification of the causal mechanisms by which networks have their effects.

MECHANISMS

Out of convenience, the preceding discussion has assumed that network influence occurs when an
individual is exposed to other individuals who engage in a particular behavior and who persuade
the individual to adopt the new behavior. That exposure can result in behavior change via sev-
eral different mechanisms such as persuasion, communication of norms, modeling, information,
support, social pressure, etc.

Yet little network research has focused on or attempted to contrast different mechanisms of
how networks influence behavior. The seminal study by Burt (9) proposed that network influence
can occur via structural equivalence, that is, individuals adopt innovations when they see others
who are equivalent to them, in network terms, adopt the innovation. The mechanism of network
influence was thus conceived not as communication and the sharing of information but rather as
competition or the pressure individuals feel to conform to behavior when others in equivalent
positions do so. Yet cohesion and structural equivalence are but two of the many mechanisms by
which networks can have effects (T.W. Valente, submitted).

Network thresholds were another mechanism discovered to explain network effects (77). Net-
work thresholds are the number or proportion of people in one’s network who must adopt the
behavior before an individual is willing to do so. People with low thresholds adopt behaviors before
any or few of their peers do so. Thresholds provided the means to test the famous two-step flow
hypothesis (44), which stated that the media influenced opinion leaders who, in turn, influenced
others in their networks. The two-step flow model with thresholds specified that the media (or
other external communications such as cosmopoliteness) influenced low-threshold adopters be-
cause they did not have adopters in their network to turn to for information about the behavior
(89); these low-threshold people then persuaded others.

Other mechanisms include network-weighted exposures. For example, we might hypothesize
that opinion leaders have a greater influence on subsequent diffusion than do other people in the
community. Consequently, exposures may be weighted by the in-degree scores in the network so
that when opinion leaders adopt, they influence their peers more than when nonleaders adopt.
Attribute-weighted exposures may also be tested such that adoptions by high-SES (socioeconomic
status) network members could have greater influence than would low-SES ones.

Developing and applying theories that articulate how different influence mechanisms act under
different conditions provide a means to specify network influences without creating steep data
requirements. Intelligent application of network theory may obviate the need for massive amounts
of data or laboratory experiments. Studies comparing influence mechanisms provide a gaping
opportunity for new network research.

In addition, the advent of new communication technologies has expanded the realms in which
interpersonal influences can occur. Persuasion may result even when the persuader does not intend
to persuade. For example, people see their friends engaging in behaviors through their online
postings, which may influence a person’s behavior regardless of whether the poster intended to
do so. Social learning occurs, and there is a data trace to capture it, but the mechanism of change
is quite different than in-person purposive persuasion. Even in person, interpersonal influence
may occur through the effects that perceptions of social interactions have on people’s views of
themselves and how that may consequently affect their behavior (95).

The variety of network influence mechanisms shifts the locus of behavior change from cognitive
or individual explanations to social ones. The history of understanding behavior has evolved from
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an emphasis on biological and psychological factors that govern behavior to an emphasis on
contextual and social ones. The contrast between these two orientations, individual versus social,
is apparent in two of the most widely used stages of change models: the transtheoretical model,
which emphasizes cognition (premeditated, contemplative, preparation, action, maintenance),
and diffusion of innovations (awareness, persuasion, decision, trial, adoption), which emphasizes
sources of information and influence. The transition from cognitive factors to social ones broadens
the number of concepts and mechanisms that can be incorporated into behavior change models and
expands the sources of data used to answer these questions. Furthermore, it opens up opportunities
for theory development focused on the inclusion of multiple levels of factors that influence behavior
and the articulation of how factors on different levels influence one another (71). The best research,
of course, will combine concepts and tools from all disciplines and incorporate measures from
cellular to broad systems and policies.

INTERNET MEDIATED

Certainly one of the most exciting developments in health applications of social network analysis
is the capability to mine social media and other electronic sources of data (51). Such data address
two biting criticisms leveled at early network research: (a) that it was based on small idiosyncratic
samples of dozens of people (rural villages, schools, organizations, etc.); and (b) it was based on
either survey or observation data and therefore prone to both missing data and error. Social media
and other platforms automatically record network connections, thus providing accurate network
data, and can do so on a large scale, which makes network analysis scalable.

Several implications are inherent in the step from small-scale studies to larger mediated ones.
First, can influence occur via mediated communications to the extent that it does in face-to-face
interaction? The evidence suggests that mediated communications can influence individual be-
haviors but they do so at a rate much lower than face-to-face communications do (37). Still, people
can have hundreds, even thousands or more, of online contacts, which increases the potential for
much influence. Moreover, some forms of mediated communications may be particularly influ-
ential. For example, specialty communities that emerge in forums such as PatientsLikeMe may
be very influential because they offer a place where people can share information about extremely
important and relevant topics among members of a specific community. For example, in our recent
study (66), researchers showed that individuals’ concerns about their weight and appearance are
significantly influenced by both their online and offline social networks and that this influence
varies by body-mass index.

Second, comparing studies based on small, in-depth analyses of communities with those con-
ducted among large populations provides the opportunity to expand and deepen network theory.
Studies conducted in rural villages or schools often collect lots of rich data through survey, obser-
vation, or both. These data can be used to explore theoretically important hypotheses regarding
human behavior and health. Conversely, substantial amounts of social media data may have only
limited data on the individuals themselves. Twitter data, for example, provide extensive informa-
tion on links between Twitter users. However, data on the characteristics of the users and their
motivations for tweeting are lacking (57). Researchers are currently working to rectify the paucity
of data on individuals by developing methodologies for determining the demographics of social
media users, such as coding demographics from profile photos (57). Still, the smaller studies should
be able to provide theory that informs the larger ones.

Table 1 contrasts big data studies, which often acquire data from computer-mediated commu-
nications, with depth data, which often acquire data from surveys and/or observation. No studies,
to our knowledge, have followed through on this continuum, taking ideas developed in the lab, to
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Table 1 Contrasting big data, depth data, and simulated data

Big data Depth data Simulation

Examples Twitter, Facebook, Instagram,
recommender systems

Students in schools, organizations,
rural villages

Susceptible, exposed, infected,
recovered models

Advantages Large sample size
Results apply to many people

In-depth data on attributes and links
Easier to manage

Do not need to collect data
Can model hypothetical scenarios

Disadvantages Little attribute information
Restricted by technology

Less generalizable
Missing data

May not accurately simulate
dynamics occurring in the real
world

Example Studies Mobile network data used to
track probable disease spread
(92)

Economic and social networks of
villages created with consultation of
village elders. Qualitative data
collected on villager interactions with
Ebola victims (69)

Cases and deaths predicted from
Ebola using a network-based
simulation (74)

What did the
studies provide?

Describes population
movement that is relevant for
policies on movement
restriction

Explains why people travel often
between certain villages and why
people came in contact with one
another, providing context for policy

Provides predictions that are useful
for planning health care and
prevention services

Analytic tools R, C2+, Python R, UCINET, Pajek Matlab, Netlogo, R

How acquired Online, sensors, phones,
preexisting databases

Paper-and-pencil surveys, interview,
data collection software

User generated

small-scale studies, to large scaled-up ones, but such studies would be a promising development.
The lack of studies that cross scales suggests the need to conduct a study of network influence,
which applies the same concepts and process in silico, as computer simulation; in vitro, as labora-
tory or clinical experimentation; and in vivo, in the real world, and ideally progress from depth to
big data. We have found no studies that have explicitly compared network data gathered online
with data gathered offline, although this approach seems like a good idea.

Third, not all mediated communications are the same. Social media involves the sharing of
personal information with preselected friends, family, or colleagues. Referral systems, which rec-
ommend products to users on the basis of past product preferences and comparison to others’
preferences, are quite different and entail communications about the behaviors of others who are,
more than likely, strangers and unknown to the focal individual. Community sites gather people
with similar interests or concerns and provide forums for information, exchange, and support (33).
The influences that occur on these three, and other, types of mediated communication can be very
different. The affordances inherent in various media and platforms may have implications for dif-
ferent network influences (13). Studies are needed to compare how individuals react to and use
mediated communications that influence their health across various forms of media, acknowledg-
ing that data from many electronic sources may not be representative. These observations suggest
that policy makers need to monitor social media activity across a wide spectrum to understand
how populations and subgroups feel about public health issues.

EVALUATIONS

An emerging application of SNT/A is in the creation, design, and implementation of network
interventions to promote health (80, 87). Networks are also significant factors that affect the eval-
uation of all public health interventions in at least three ways: (a) estimating spillover or contagion
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effects, (b) understanding true prevalence, and (c) measuring moderation and mediation of pro-
gram effects. Spillover effects occur when program participants communicate their experiences to
others, either directly or indirectly influencing behavior change in comparison group populations
or among the general population (65, 67). Programs become more effective when participants
communicate with their peers and spread the word about favorable behavior changes from an
intervention. These spillover effects can be captured using SNA techniques and will thus generate
more accurate, and more positive, estimates of program effects.

Not all community members are equal from a network perspective. Figure 1 illustrates a
hypothetical situation with a network of 30 people and initial behavior prevalence of 13.3% (4 of
30) and 16.7% (5 of 30). These initial users could be central members of the network or peripheral
ones. If they are the most central nodes, as in Figure 1a, subsequent diffusion of the behavior
is likely to be quick, as everyone is connected to at least one existing user; overall these central
nodes provide an average rate of exposure to others of 34.5%. In contrast, if the initial users are
on the periphery, as in Figure 1b, then diffusion is likely to be slow if at all. These peripheral
nodes do not expose anyone else to the innovation, so there is no potential for diffusion. So instead
of two communities with equal prevalence, we have one community (Figure 1a), in which many
ties in the network are to existing users, thus providing influence or reinforcement for the new
behavior. In the other community (Figure 1b), there are few outgoing ties to users (0%) and
so no opportunity for influence or reinforcement. This phenomenon has been referred to as the
majority illusion and explains how a behavior that is uncommon may be viewed as normative
owing to social network structure (52).

Some evidence indicates that networks moderate and/or mediate intervention effects. Inter-
vention effects moderation occurs when programs are effective for some subgroups and not others.
The network threshold model is an example of effects moderation (77): One study showed that a
mass media intervention was effective for audience members with low thresholds and not those
with high ones (e.g., 89). People whose networks have contraceptive users can turn to these indi-
viduals for information and advice, whereas those in networks without contraceptive users must
turn to other sources of information and influence. Shin and others (73) showed that a physical
activity intervention reduced negative peer influences on unhealthy behaviors.

Mediation occurs when interventions are posited to change variables that, in turn, create
changes in outcomes. For example, interventions designed to change perceived norms for behavior
are effective when they change norms and these norms change behaviors (22). Many group-based
interventions are designed to create new links among participants so that they can reinforce new
healthful behaviors (28). Gesell and others (28) showed that a group-based healthy lifestyle inter-
vention was successful at creating new advice and discussion networks in a relatively short time
frame (three weeks). These network changes were also associated with changes in perceived group
cohesion. It is anticipated that this increased cohesion will result in greater behavior change. Thus,
intervention effects may be moderated and/or mediated by network properties, their level of effec-
tiveness being based on (a) network position (e.g., central versus peripheral), (b) network composi-
tion (e.g., the number or proportion of users), and/or (c) overall network structure. Consequently,
evaluation plans should incorporate network measures to validly estimate program outcomes.

ETHICS

Despite the opportunities made available by the Internet for social network research, researchers,
ethicists, and the public have raised concerns about what constitutes ethical research using the
Internet. Lewis and others (53) constructed a data set of Facebook profiles of students enrolled at a
northeastern university and made it publicly available for research. Soon after, Zimmer (97) raised
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Figure 1
A randomly generated 30-node network with 4 (13.3%) users who are the most central and the same
network with five (16.7%) users who are peripheral. Although both have similar initial prevalence, future
diffusion in panel a is likely to be much faster than in panel b. In panel a, the average exposure to the
innovation is 34.5%, whereas in panel b it is zero. This network was generated using a scale-free random
graph model based on Bollabas et al. (2001). The figures were drawn using Netdraw (6).
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privacy concerns about the anonymity of the data and the lack of informed consent obtained from
the students in the data set. Zimmer also claimed to know which university the data came from.

In a similarly publicized study, Kramer and others (48) used Facebook as a social psychology
laboratory and manipulated users’ Facebook News Feeds to induce negative or positive affect to
study the social contagion of emotions. Facebook users did not provide overt consent to participate
in the study, and many felt that their rights were violated (35). Furthermore, participants of in-
person experimental studies are often debriefed when their study participation has concluded to
reduce the likelihood that the study’s manipulations and procedures caused harm, yet no such
debriefing was performed in this study. Mood manipulations in the study by Kramer et al. (48)
may have caused harm to those people who have a mood disorder and were unaware that they had
been manipulated to feel worse (35). These studies raise concerns about the anonymity of social
media data, unintended use of social media data and platforms, standards for informed consent,
and the unintended effects of online experimental manipulations. No standardized regulations
have been developed yet for Internet research, although the Association of Internet Researchers
has published a set of guidelines for Internet research (31, 56). Furthermore, researchers have
worked to develop methodologies for data anonymization for publishing record-based data, which
may be adopted and adapted to network research (26). In addition to these sources, researchers
conducting online studies may consult publications by Innovate UK, NatCen Social Research,
the British Psychological Society, the Economic and Social Research Council (ESRC), and the
British Library to inform ethical considerations (4, 21, 75, 94).

Most social network data are not anonymous but should be confidential. Online and offline
network data collection often includes identifying alters by their true names. Furthermore, social
network surveys may contain questions about the participants’ alters, which are sensitive and
may elicit information that the alter would otherwise not allow researchers to have (47). Some
discussion has surrounded whether alters should be considered research participants and whether
informed consent should be obtained from alters (47). Social network research within public
health may result in the collection of sensitive data on alters, including medical and genetic
conditions, and if the information is compromised, these individuals may experience negative
financial, psychological, or legal effects (47).

Similar concerns arise with data accessed on social media sites (39). The function of network
analysis is to make things apparent that were not in the original presentation of the data (42).
Users of social media lose control over their information when it is presented in a new format
or analyzed in a way that information about them becomes unintentionally available (56, 97).
Furthermore, issues of anonymity are raised when researchers turn study findings and data over
to the populations involved in the study (42). Members of a network may be able to identify
themselves and others in a network diagram, even if the data are anonymized (42). Although the
study population has the right to benefit from participating in the study, turning over the results
of social network analysis may jeopardize the rights of some or all study participants, even if the
results are anonymized.

Participation in social network studies can bring about unique burdens and potential harms.
Network questionnaires may require participants to respond to numerous questions per alter
named, resulting in an increased burden on the participant (83). Furthermore, participation in
a social network study may highlight a participant’s social reality and cause stigmatization. For
example, if a participant cannot think of anyone to list as a friend on a survey, they may experience
sadness. New procedures for obtaining consent for research on social media sites may reduce
harms associated with Internet research and allow participants more control over what they share;
however, responding to researchers’ requests for information may also increase the burden on
study participants (40).
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Potential harms due to privacy loss are not always apparent to participants. Potentially iden-
tifiable network data collected from social media can compromise a person’s dignity, even if his
or her data are not used in a way that could otherwise cause harm (97). Kadushin (42) states the
participants of social network research rarely benefit from participation. The unique risks and
burdens associated with participation in social network studies may not be readily apparent to
researchers, participants, and institutional review boards. These concerns should not stop social
network research but instead provide opportunities for studies that can inform the extent of, and
conditions for, burden, as well as benefit, imposed by network research.

NEXT STEPS

Experience with public health interventions to date has made it clear to researchers that changing
the knowledge, attitudes, and practices of selected populations is possible with well-designed and
well-implemented interventions. These effects are typically modest and short-lived, commensurate
with the resources applied to the problem and with acknowledgment of the considerable barriers
blocking change. The challenges facing continued progress in improving public health are at least
threefold: (a) understanding mechanisms of change, (b) sustaining change after the resources are
withdrawn or the program ends, and (c) scaling interventions to have wider impacts. Understanding
social networks and their deployment in behavior change programs offers the promise to address
all three of these challenges.

As outlined in the first section of this article, we believe that social networks provide the means
to understand mechanisms for behavior change. Most behavior change models acknowledge that
people progress through a set of stages of change whether based on diffusion of innovations, the
transtheoretical model, or the hierarchy of effects (78). Social networks play a pivotal role in each
of the stages of change and become more important as people progress from awareness or precon-
templation to the ultimate steps in the process. People learn, contemplate, acquire information,
try, and ultimately adopt new behaviors in the context of their interpersonal relationships. The
more complex or challenging the behavior change topic, the more people rely on their social
networks at each stage of change.

Sustaining change has long been a frustration of public health interventionists (65). Quite
often once a program ends, the funding for the services and the change agent training disappear.
This lack of continuation signals to the community that the problem is no longer important,
and therefore the energy previously devoted to the problem is directed elsewhere. For example,
funding cuts to obesity-prevention programs resulted in reductions in prevention programming
due to loss of staff, infrastructure, and key partners (23). By deploying social network techniques
in the behavior change program, sustainment can be achieved with no additional cost. Because the
change program is designed and implemented by community members who remain embedded
in the community once the program is over, the change process continues and is reinforced. For
example, Kelly and others (45) identified peer opinion leaders within ethnic Roma communities
in Eastern Europe and trained them in techniques to promote behavior change. The three-month
intervention period ended with significant reductions in HIV risk behaviors, and nine months later
these changes persisted because the opinion leaders were still embedded within their communities
promoting behavior change, being a role model, and providing a constant reminder of the lessons
learned during the intervention. Behavior change maintenance has also been found in the ASSIST
trial, a school-based peer-led study to prevent tobacco use (10).

Furthermore, it is difficult for people to sustain their own personal behavior change, and many
people relapse to their original behaviors after completing a behavior change intervention (50). In
a review of theories of behavior maintenance, Kwasnicka and others (50) identified environmental
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and social influences as important theoretical themes and stated that behavioral maintenance is
influenced by the social environment and social support. A recent study by Hunter and others (38)
found that in a workplace physical activity intervention, social networks existed that influenced
behavior change and maintenance, despite networks not being included in the intervention design.
Social networks may assist or deter a person from sustaining positive health changes and should
be considered when designing interventions.

Scaling up interventions is also a challenge. Social network interventions have received criticism
for their lack of generalizability, but we would counter that this limitation is due only to a lack of
research guiding the scaling-up of social network interventions. Furthermore, how can we take an
intervention that works in one community and expand it to have regional or national reach, thus
extending the cost-effectiveness of the intervention? Our best hope to achieve this goal is through
social media and the new computational tools becoming available to social scientists (8). The Web
became a prominent locus of interaction when interactivity became incorporated into it. Research
has shown that people can be influenced by messages and postings to which they are exposed
online, and some experiments have been conducted to show that information and behaviors can
be spread online (5, 13, 14, 34). Large-scale public health online campaigns have not yet produced
favorable results, however, and at least one instance triggered a countercampaign (2). Figuring
out the right way to deploy social media in the service of public health campaigns clearly presents
a significant challenge and opportunity going forward.

Much work remains to be done to advance the science of network studies in public health. First,
experiments, both randomized and quasi-experimental, are needed to identify network influences
in ways that rule out endogeneity and other contaminating effects. Longitudinal studies that
compare different networks and different network mechanisms are needed to specify more fully
the conditions under which influence occurs and why.

None of this work can take place without funding from the National Institutes of Health and
leading foundations. The most significant scientific advances depend on funding to collect data
and develop the computational tools necessary to make the comparisons called for in this review.
New work on network interventions (46, 80) promises to address the challenges faced by public
health interventionists, advocates, and researchers.
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