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Putting the network in network interventions

Thomas W. Valente®"

The article by Chami et al. (1) in PNAS provides another
example of the potential effectiveness of using network
theory and data to implement health-promoting inter-
ventions. There are many such examples across the
health and medical literatures addressing a variety of
health behaviors. While the study by Chami et al. (1)
uses a strategy of individual change agent identifica-
tion, other strategies and tactics using network con-
cepts and data have been used (2).

Advances and progress with network interventions
have been slowed precisely due to the variety of ap-
plications and the variety of approaches. Example
applications include HIV/sexually transmitted infections;
contraceptive use; tobacco, alcohol, and other sub-
stance use; physician behaviors regarding reproductive
health; acute myocardial infarction; and kidney disease.
So, rather than advancing network intervention theory,
scientists continue to replicate approaches in new set-
tings and new applications. Consequently, we now know
that selecting influential nodes in a network results in
superior intervention effectiveness. We also know that
even slightly better nodes from a network perspective
are better than nodes chosen randomly: a finding dem-
onstrated with simulations (3) and empirical examples (4).

The many studies identified by Valente and Pum-
pang (5) over 10 y ago and the more recent review by
Flodgren et al. (6) have shown that using sociometric
network data to identify peer opinion leaders has been
a successful strategy across a wide variety of topic areas.
This later wave of two studies by Kim et al. (4) and Chami
et al. (1) has sacrificed some of the theoretical effective-
ness of choosing strategically located nodes in favor of
implementing a technique that is more feasible: recruit-
ing the friends of randomly chosen seed nodes who, on
average, will be of higher degree than the seeds. These
studies are commendable for they make more feasible
the idea of using network theory to improve public
health. As Chami et al. (1) show, recruiting the friends
of randomly selected individuals and removing them
from the network is an efficient way to fragment a net-
work, thus inhibiting disease spread.

However, | think the field needs to trend in a differ-
ent direction, namely, comparing different network

Fig. 1. Random network with leaders identified within
groups by a “+" sign; shading indicates threshold level,
with lighter shades having lower thresholds. Leaders are
more likely to be effective persuading others in their
group and more effective among those with lower
thresholds. Figure courtesy of George Vega Yon
(University of Southern California, Los Angeles, CA).

intervention approaches against one another. Dozens of
network intervention tactics and operationalizations have
been identified, yet we continue to focus on selecting
influential nodes and are focused on identifying key
influencers in networks (7). However, other tactics such as
respondent-driven sampling, network segmentation,
network outreach, and network manipulation have been
shown to be effective in some settings and some appli-
cations (2). A second much needed development is the
alignment of behavioral and epidemiological theory with
intervention choice. The theoretical mechanisms respon-
sible for generating the network and/or those generating
the behavioral distributions should be articulated, and
the appropriate network intervention should be chosen
to match them (8).

Chami et al. (1) also show that removing structurally
important nodes decreases the extent to which others
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are exposed to disease, diarrhea in this case. This is significant in
that it shows that removing key nodes from a network can disrupt
transmission by both reducing potential transmission links and re-
ducing exposures from others in the community. The finding is con-
sistent across both friendship and advice networks, and as Chami
et al. (1) note, degrading advice networks was more easily accom-
plished in the simulations than degrading friendship ones. Advice
networks are less likely to be symmetrical, are less likely to contain
transitive triplets, and are more hierarchical than friendship ones, and
so should be easier to work with in real-world settings.

Another consideration for future development is the combi-
nation of individual identification tactics with group-based ap-
proaches. Many interventions rely on the cohesion, social support,
and increased social capital created in group-based interventions to
promote behavior change. Leaders do not lead in a vacuum; rather,
the social context of their interactions with their followers is a prime
consideration to their effectiveness. So, rather than identifying
leaders independent of their own social networks, some re-
searchers recommend identifying groups first and selecting leaders
from within these groups (9). As Fig. 1 shows, selecting leaders and
incorporating information on the overall group structure of the net-
work enables leaders to know whom they are leading. Armed with
this information, they can more effectively promote healthier be-
haviors and tailor their promotion messages to their peers in
different ways.

This raises another issue worthy of theoretical development.
Often left unsaid in behavior change interventions is what to do with
these leaders once they are identified. We do not have enough
research to know the level of active versus passive persuasion
required for effective behavior change leadership. There is little to
no evidence on what level of training is necessary for identified
leaders to be effective change agents. There is undoubtedly variation
among leaders in their ability to convince their colleagues to try
new things.

We know there is variability among individuals in their re-
ceptivity to new ideas and practices. Thresholds are the number or
proportion of one’s network neighbors required for an individu-
al to adopt a new behavior (10). Low-threshold adopters are will-
ing to adopt innovations before any or most of their peers are
willing to do so, and they may be necessary to get some innova-
tions “off the ground.” A leader surrounded by high-threshold
peers is unlikely to be successful at changing their behaviors.
Leaders themselves may have high or low thresholds, and old
research has shown that leaders tend to follow the norms of the
community when deciding whether to embrace new ideas early

(11). In sum, there are many contextual, theoretical, and practical
factors that affect the ability of identified change agents to per-
suade their peers to adopt new practices (12).

Finally, although the present commentary focuses on network
interventions, researchers have noted that networks can play a
fundamental role in all stages of behavior change promotion,
including intervention, design, development, implementation, and
monitoring (13). Identifying change agents is thus but one step in a
series of actions needed to create and implement effect change
programs. Ideally, a constant and regular recording of community
networks would be conducted to optimize diffusion of multiple
innovations addressing health, economics, political involvement,
and many other social goods. In this way, some individuals would
provide leadership in domains in which they are considered expert
and other individuals would provide leadership in other areas. This
would create a constant learning community.

The rationale for the simulations reported by Chami et al. (1) is
based, in part, on the argument that collecting complete sociometric
network data is difficult and time-consuming. This argument warrants
discussion. In many settings and in many communities and popula-
tions, network data are quite easy to collect. Students in schools readily
know who their friends are and report an eagemess to indicate so in
field studies. Indeed, friendship is a concept that they are familiar with
from a young age, and it is a more sensible thing for them to report
than agreement on Likert scales and other complex measures (e.g.,
their family income). Increasingly, even in low-income settings, mobile
devices that readily store network data are being used and can be
used for ecological momentary assessment of networks (14). Addi-
tionally, several academic groups are currently busy developing
new network assessment tools for mobile devices. In sum, complete
sociometric data are becoming more readily available every day.

Chami et al. (1) provide valuable data showing that network
information can readily be incorporated into behavior change
interventions and that it works better than current approaches
relying on community members who hold prominent positions.
This commentary is designed to push us to do more than identify
leaders to act as change agents by noting the importance of
networks in all stages of program design and implementation
and noting additional contextual factors that may affect leader
effectiveness. It is clear there is much work to be done, but it
should also be clear that there is great benefit in doing so.

Acknowledgments
This study was supported by Grant RO1 CA157577 from the National
Cancer Institute.

1 Chami GF, Ahnert SE, Kabatereine NB, Tukahebwa EM (2017) Social network fragmentation and community health. Proc Natl Acad Sci USA 114:E7425-E7431.

2 Valente TW (2012) Network interventions. Science 337:49-53.

3 Valente TW, Davis RL (1999) Accelerating the diffusion of innovations using opinion leaders. Ann Am Acad Pol Soc Sci 566:55-67.

4 Kim DA, et al. (2015) Social network targeting to maximise population behaviour change: A cluster randomised controlled trial. Lancet 386:145-153.

5 Valente TW, Pumpuang P (2007) Identifying opinion leaders to promote behavior change. Health Educ Behav 34:881-896.

6 Flodgren G, et al. (2011) Local opinion leaders: Effects on professional practice and health care outcomes. Cochrane Database Syst Rev (8):CD000125.

7 Kempe D, Kleinberg J, Tardos E (2015) Maximizing the spread of influence through a social network. Theory of Computing 11:105-147.

8 Valente TW (2015) Social networks and health behavior. Health Behavior: Theory, Research & Practice, eds Rimer B, Glanz K, Vishwanath V (Wiley, New York), 6th

Ed, pp 205-222.

9 Buller DB, et al. (1999) Randomized trial testing the effect of peer education at increasing fruit and vegetable intake. J Natl Cancer Inst 91:1491-1500.
10 Valente TW (1996) Social network thresholds in the diffusion of innovations. Soc Networks 18:69-89.
11 Becker MH (1970) Sociometric location and innovativeness: Reformulation and extension of the diffusion model. Am Sociol Rev 35:267-282.
12 Valente TW (1995) Network Models of the Diffusion of Innovations (Hampton Press, Cresskill, NJ).
13 Valente TW, Palinkas LA, Czaja S, Chu KH, Brown CH (2015) Social network analysis for program implementation. PLoS One 10:e0131712.
14 Matous P, Todo Y, Ishikawa T (2014) Emergence of multiplex mobile phone communication networks across rural areas: An Ethiopian experiment. Netw Sci

2:162-188.

Valente

PNAS | September 5, 2017 | vol. 114 | no. 36 | 9501

www.manaraa.com



