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Although tremendous resources have been
used to address the obesity epidemic, most
interventions have been disappointing. Leading
scientists and the National Institutes of Health
have called for the application of system sci-
ence methods for obesity prevention and
treatment.1,2 The multiple, interdependent,
nonlinear, and often time-delayed forces that
sustain the obesity epidemic are too complex to
reverse by focusing attention on an individual’s
behavior change, without concurrently
addressing change in the larger systems
within which that individual is embedded.2---5

Social network analysis and agent-based
modeling are 2 methods used to analyze and
understand complex systems. Analysis of social
networks can uncover how relationships con-
strain or enable our health behaviors, and how
health behaviors shape which relationships we
make or break. Agent-based models are social
simulation models that can extend network
models to predict future behavior from explicitly
programmed, microlevel rules. In this article, we
discussed the application of these models to
obesity research, highlighted their utility in un-
derstanding social contagion (i.e., behavior
spread), and identified scenarios that leveraged
social contagion to accelerate behavior change.

A “network intervention” uses social net-
work data to achieve behavior change.6 In
a 2009 article, Bahr et al. used a cellular
automata model to demonstrate that anti-
obesity network interventions might require
highly complex interventions, including locat-
ing the edges of network clusters and including
“friends of friends” in the intervention.7 This
novel study was limited by a focus on a highly
regular grid lattice network that might not
correspond to real-world networks. Recently,
El-Sayed et al. used agent-based simulation
models in which artificial individuals were
nested in a preferential attachment8 social

network to examine the potential for network
interventions to reduce obesity.9 The results
suggested no added benefit on reducing pop-
ulation obesity rates using such interventions.
Shortly thereafter, de la Haye critiqued several
of the assumptions underlying the models of
El-Sayed et al. for failing to reflect robust
networks effects (e.g., obesity is not distributed
at random in real-world networks; obese in-
dividuals tend to be connected to each other
and marginalized in larger social networks).10

Those studies evaluated network interven-
tions in which an actor in the model was
“treated” (lost weight) and examined how that
influenced people in their social network to lose
weight (or not become overweight). The mech-
anisms underlying behavior spread were gen-
erally unexamined. Social norms are thought to
at least partially account for the network effects
on obesity. Leahey et al. presented the first
research to explicitly test this assumption. Their

findings suggested that social norms specific to
one’s social network (subjective norms) influ-
enced weight more than broad societal-level
social norms (injunctive norms).11 In addition to
conformity to group norms, there were other
mechanisms that that might explain the effect of
networks on behaviors associated with obesity
(e.g., physical activity), including social facilita-
tion, social learning, social comparison, social
support, coercion, or competition. There is
strong experimental, network, and theoretical
literature that has shown that social networks
(peers, family) influence physical activity in
adolescents.12---14

Multiple studies now suggest that network
interventions to increase physical activity are
warranted.7,15---22 This becomes important in
light of a recent meta-analysis that provided
strong evidence that physical activity inter-
ventions to date have had small effects
(amounting to an increase of 4 minutes of
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activity per day).23 We recently demonstrated
that children in afterschool programs adjusted
their physical activity depending on the activity
level of their friendship network.22 These
activity adjustments were 10% or greater and
greater than 6 times more likely to happen than
not, which suggested that children’s activity
levels could be improved by intervening on
their friendship network.

We used computer simulations to test the
expected outcome of implementing a network
intervention to increase children’s physical
activity by using a real-world social network
that objectively measured physical activity, and
we used agent-based modeling to test the
comparative effectiveness of 3 intervention
strategies. Accounting for network effects, we
compared 3 intervention scenarios in an after-
school setting by (1) intervening on the most
sedentary children within the network, (2)
intervening on a random selection of children
within the network, and (3) intervening on the
most central, connected, or popular children
within the network.

We chose these intervention scenarios for
the following reasons. First, they are theoreti-
cally amenable to a network intervention. The
most sedentary children were selected because
there is evidence that they can bring down the
physical activity levels22 of their immediate
circle of friends in the afterschool setting. The
most popular children were selected because
some individuals (“opinion leaders”) play an
especially important role in diffusion of disease
and other contagion processes, including
norms.24 Opinion leaders have more incoming
ties relative to others in the network; thus, they
have more social power and control over
behavior spread.25 Network interventions that
leverage opinion leaders as change agents have
been implemented in contexts as diverse as
preventing substance use,26 reducing HIV risk
behavior,27 and implementing clinical practice
guidelines,28 but these intervention have not
yet been used for obesity-related behavior.
Because of the success of this approach in other
settings (albeit in adolescents and adults), we
hypothesized that it would produce a greater
effect than intervening on children at random
or focusing efforts on those in greatest need of
intervention. Second, we also chose these 3
intervention strategies for their simplicity of
execution; program staff in an afterschool

setting might easily identify the most well-
connected and the most sedentary children
without requiring the specialized knowledge
necessary for collecting and analyzing com-
plete social networks. Comparing simulated
intervention scenarios allowed us to estimate
the effectiveness of these network interven-
tions before real-world implementation.

METHODS

The data used in this study were collected
from February to May 2010. Parents provided
written consent and children provided written
assent. Our sample consisted of 81 children,
who were a mean age of 7.96 years (SD=1.74
years); 56% were at a healthy weight, 23%
were overweight, 21% were obese, 40% were
African American, 39% were White, 19%
were Latino, and 65.4% were female. The
children lived in low socioeconomic neighbor-
hoods, and attended public schools and 1 of 2
afterschool programs.

Each afterschool program operated Monday
through Friday (3:00---6:00 PM), and allotted
time for play, homework, and snacks. One
program was based in a community center, and
the other was based in a school. Both programs
enrolled children from the school in which the
school-based program was located, as well as
children from other schools in the area. Two
waves of data, collected 6 weeks apart, were
used. This data set was described in detail
elsewhere.22

Measures

Anthropometrics. We weighed each child
while they wore light clothing without shoes,
and after voiding, to the nearest 0.1 kg on
a calibrated digital scale (model 758C; Detecto,
Webb City, MO). We used the attached stadi-
ometer to measure height (without shoes) to
the nearest 0.1 cm. Children with a body mass
index (BMI; calculated as weight in kilograms
divided by height in meters squared) 95th
percentile or greater (using the Centers for
Disease Control and Prevention calculator)29

were classified as obese.
Physical activity. We captured physical ac-

tivity levels through ActiGraphGT1M acceler-
ometers (ActiGraph LLC, Pensacola, FL). The
ActiGraph is an unobtrusive, lightweight activ-
ity monitor worn on a belt around the waist. It

captures the intensity of physical activity from
locomotion in continuous 10-second periods to
capture the short activity bursts characteristic
of children. For each wave of measurement,
children wore monitors for 5 consecutive days
from the time they entered the afterschool
program to the time they left. We used empir-
ically validated thresholds to code each child’s
time spent at sedentary, light, moderate, and
vigorous activity levels.30,31We analyzed raw
accelerometer data using a procedure analo-
gous to that used with the National Health and
Nutrition Examination Survey data.32 Details
of the physical activity measurements were
described previously.22

The total amount of time coded in sedentary
behavior or physical activity was calculated
by summing the total number of minutes each
day the monitors were worn that met the
predefined criterion count for each level of
intensity. For each level of intensity, daily
averages were calculated using data from all
days of measurement. The hours of program-
related playtime recorded in each afterschool
program were used as cutoff points to accu-
rately capture when children had free choice
over their level of activity (playtime) versus
structured sedentary periods (snack and
homework times).

Each child spent varying amounts of total
time in afterschool care, depending on family
work schedules. Accordingly, the main out-
come measure in our study was the overall
proportion of free playtime recorded inmoderate-
to-vigorous physical activity (MVPA)
as opposed to the raw number of minutes in
MVPA. Although the outcome of interest was
measured as a continuous variable, certain
limitations of the analysis procedure used to
derive initial model estimates (SIENA)33 re-
quired transformation to a categorical outcome
variable. Accordingly, we recoded the contin-
uous outcome measure into deciles of the
percentage of each child’s playtime spent in
MVPA: 0% to 9%, 10% to 19%, up to 100%.
Social network. We mapped each child’s

social network using an open-ended survey
instrument, administered through private one-
on-one interviews. We asked each student,
“Please tell me the names of the friends you
hang around with and talk to and do things
with the most here in this after-school pro-
gram.” No restrictions were placed on the
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number of friends each child could name. This
name generator was consistent with those used
in other youth social network studies and had
predictive validity for obesity-related behaviors
(diet, exercise).16 We referred to each student
who provided activity data and completed the
social network survey as the “ego,” and referred
to their named friends as “alters.” We surveyed
children at each wave of data collection to capture
each child’s most salient friendships at each
time point. The total number of friends in each
child’s network included those friends that
each ego nominated and nominations received
from others. We did not find significant differ-
ences in parameter estimates between sites22 and
concluded that the parameter estimates were
homogenous. To maximize available statistical
power, sociometric data from each afterschool
setting (n=46 and n=35, respectively) were
merged into a single network of 81 children. Ties
among children who did not attend the same
afterschool program were coded as “structural
zeros.”33 This combination of sociometric data
sets assumed that the dynamics of friend selection
and influence on activity level operated similarly
among children in each afterschool setting.

Each wave of network and physical activity
data were analyzed using the stochastic actor-
based methods in SIENA version 4.0.33 An
important assumption of actor-based modeling
is that changes observed in social ties and
behaviors over time result from the actors’
attempts to optimize their network position at
a given time point. The observed behavior and
networks collected in panel data are assumed
to be the outcomes of an underlying
continuous-time Markov process. In other
words, between each of the network and
activity states observed at each measurement
occasion, a number of incremental (unob-
served) changes occur, which give rise to the
observed states.34 The estimation algorithm
of SIENA derives the most likely series of
microchanges that occur between observed
waves of data. Model parameters represent
the various rules that govern such micro-
changes. This method is described in more
detail elsewhere.34---36 Our SIENA models were
described previously.22

Model Specifications

Agent-based modeling allowed us to
model individual agents, give them certain

characteristics, and then observe the resulting
network change and behavior change of each
individual. This allowed us to compare the
network and behavior dynamics under differ-
ent scenarios. Thus, we built an agent-based
model to simulate the behavior change (phys-
ical activity) and network change (making and
breaking of friendship ties) in 2 afterschool
programs (2 networks) using parameters from
our empirical SIENA model that were pub-
lished elsewhere.22 We used NetLogo for all
simulations37; a thorough description and
example of how to incorporate SIENA param-
eters into NetLogo code is available else-
where.38 We then examined the effects of
interventions that focused on controlling the
behavior of different groups of individuals (see
the section on “Experiments”).

Agent-based models are computer simula-
tions of synthetic agents (e.g., molecules, in-
dividuals, companies). Our models’ agents
represented individual children in the empiri-
cal study. The elements of any agent-based
model included Properties of agents, Actions,
Rules for behavior, Time, and Environment
(PARTE) specifications (R. Hammond, con-
firmed by personal communication, October
20, 2014).39 The agents in our models had the
following properties: age, gender, race, and
obesity status. The focal Action was the phys-
ical activity level. The agents followed a sto-
chastic Rule of matching the average behavior
(“average similarity” on activity level) of their
friends: whether their friends were more, less,
or at the same activity level, the agent would
increase, decrease, or maintain their activity
level. Time was specified according to the rate
function from SIENA: on average, agents made
9.3 network choices (make, keep, or break
a network tie) and 2.3 behavior choices (up,
same, or down in the MVPA decile). The
Environment was specified at 4 levels: (1) the
agents’ social network, whereby other agents
constituted the social environment of each
agent; (2) the presence or absence of a sibling
in the network; (3) attending the same school;
and (4) the boundary of the network, which
was the afterschool program.

All parameters from the empirical SIENA
model were included in the agent-based model.
The network parameters included out-degree
(number of friends named), reciprocity, transi-
tive triplets (friendship ties with an agent

who was a friend of a friend), 3 cycles, same
household, same school, same gender, same
age, and same race. We assumed that agents
made network decisions based both on
whether they shared race and other charac-
teristics and their structural positions within the
network. The behavior parameters included
linear shape (propensity for those who started
with high levels of MVPA would continue at
a high level), quadratic shape (increased prob-
ability for those with low MVPA or high MVPA
would decrease or increase activity), obesity,
age, program site, out-degree and in-degree ties
(those who named the agent), and average
similarity (compared with their average friends’
physical activity). The key behavioral parame-
ter was average similarity or the tendency to
assimilate to an alter’s behavior. The model
simulated 6 weeks of behavior change.

Model Verification

We ran the simulation 100 times and
compared the simulation results to target sta-
tistics in real-world data to validate and verify
the model. Multiple model runs were required
to rule out chance as an explanation for any
particular run’s results, because the model
was based on a stochastic process. These
target statistics included the distribution of out-
degree, number of tie changes and transitive
triplets, and the final distribution of MVPA
at the end of the model run.

We used box-and-whisker plots of the dis-
tribution to capture the median, 25th, and 75th
percentiles of the target statistics across the
model runs; whiskers represented 1.5 times the
interquartile range above and below the box. In
verified models, the observed distribution of
target statistics should fall within these box-and-
whisker plots (ideally within the boxes them-
selves). We called this model the “base-case”
scenario.

Experiments

After verifying that the model matched
observed patterns in the network and behavior,
we defined 3 experimental scenarios and ran
each simulation 100 times.
Scenario 1. We increased the MVPA of

children whose MVPA was less than 3 (below
the third decile) to 3. This increase in physical
activity was informed by our empirical data
and the constraints of an afterschool program
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structure. We selected this parameter because
the average MVPA in this real-world setting
was 3.039. We wanted to examine reasonable
behavior changes as opposed to ideal, yet
unlikely, scenarios, in which, for example, we
set children’s activity levels at extreme values,
which have not documented in this type of
afterschool setting. This parameter selection
resulted in a new average MVPA of 3.607. This
modeled a high-risk intervention, in which the
most sedentary children became more active,
but others were left unchanged.40 Such an
intervention might be implemented through
active involvement of adults with these high-risk
children. We referred to this as the “sedentary
target scenario.”
Scenario 2. MVPA of randomly selected in-

dividuals was increased by 1 decile, to make
the initial average MVPA equal to that in
scenario 1 (3.607). We kept the increase in
physical activity the same across the 3 scenar-
ios so that comparisons were fair and mean-
ingful; what changed among the scenarios was
where in the network we initiated behavior
change (among the most sedentary vs random
vs most popular children). We then quantified
the ripple effects that the initial change had
on the other children in the network. Thus, in
this scenario, a randomly chosen subset was
shifted to a higher level of physical activity.
Such an intervention could be implemented
by having adults coach randomly selected
children to become more active. We referred
to this as the “random scenario.”
Scenario 3. MVPA of 46 well-connected

children (those with the highest in-degree)
was increased by 1 decile to make the initial
average MVPA equal in all 3 scenarios. Such an
intervention could be implemented by having
children identify the most popular children,
and adults then coaching those children to
become more active. We referred to this as the
“opinion leader scenario.” Opinion leaders
might be sedentary or active.

The core ingredient of all 3 interventions
was to produce an increase in physical activity
in particular children to achieve a ripple effect
on the remainder of the network. How that
behavior change was achieved in the children
selected as “seeds” (incentivizing certain chil-
dren, having energetic adults engage or coach
particular children, offering activities favored
by certain children, encouraging certain

children, etc.) was immaterial in this computer
simulation. Here, our focus was in seeding
behavior change in different positions in the
network and quantifying the effect that had
on other children in the network.

Post Hoc Tests

In situations where data are a sample from
a larger population, the central limit theorem
states that the sample will converge to the true
population mean (or true mean difference
between populations) as the sample size in-
creases. However, in our study, there was no
limit to the number of simulations that could be
run. We compared counterfactual scenarios
based on the same real-world population.
Therefore, we did not employ formal hypoth-
esis testing; instead, we used qualitative com-
parisons between original estimates and the 3
experimental scenarios.

RESULTS

We verified that the model could capture the
essential features of the network and behavior:
out-degree and physical activity level (data
available as a supplement to the online version
of this article at http://www.ajph.org). Out-
degree of the simulated network runs matched
most of the empirical distribution (data avail-
able as a supplement to the online version of
this article at http://www.ajph.org), with the
observed distribution falling within the
whiskers of the box plot. However, the model
underestimated the number of children with
low out-degree and overestimated those with
high in-degree. Although the model did not
fully capture the degree distribution of the
empirical social network, the distribution of
physical activity at the end of the model run
was similar to the empirical distribution at the
end of the study (data available as a supple-
ment to the online version of this article at
http://www.ajph.org), with nearly all levels of
MVPAs falling within the boxes of the plots.
This gave us confidence that results for both
the network and behavior aspects of the model
were accurate representations.

The amount of scheduled playtime children
would be expected to spend in MVPA differed
with each scenario (data available as a supple-
ment to the online version of this article at
http://www.ajph.org). The average amount of

time spent in MVPA was higher in the opinion
leader scenario (mean =3.77; SD=0.16)
than that in the sedentary target scenario
(mean =3.65; SD=0.15) or that in the ran-
dom scenario (mean =3.60; SD=0.14).

Although the intervention that targeted the
opinion leaders was most effective in increasing
the average level of physical activity across
the entire network, it did not make the least
active children more active. Figures 1 through 4
show the distribution of MVPA in each inter-
vention scenario, both aggregated (Figure 1)
and broken down into discrete deciles of MVPA
for the sedentary targeted (Figure 2), random
(Figure 3), and opinion leader (Figure 4) scenar-
ios. The intervention that intentionally targeted
the most sedentary children was the most effec-
tive in increasing the physical activity levels of
these high-risk children, although it did not
increase the average level of activity across the
entire network as much as the opinion leader
intervention.

DISCUSSION

Our study was the first that we know of to
use agent-based modeling based on an empir-
ically observed network and objective mea-
sures of physical activity. Previous work
examined self-reported physical activity and
network change,15,20 but it did not examine
simulated interventions based on the results.
Work by El-Sayed et al.9 and Bahr et al.7

examined obesity interventions on stylized
networks, including a grid lattice7 and a pref-
erential attachment model.9 Although these
were useful approaches for guiding theoretical
development involving networks, they were
not grounded in observed networks. Our study
employed a real-world network and its dy-
namics to explore interventions that might
actually be planned for the field.

Simulation could identify promising strate-
gies and rule out less promising ones. Our work
demonstrated that network interventions that
leveraged friendship networks could be effec-
tive in increasing physical activity in the after-
school setting, but they might be most effective
when the objective is to shift the mean of the
whole distribution of behavior. According to
our scenarios, an intervention that leveraged
the natural influence of the most popular
children within an afterschool program should
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increase physical activity across the program.
However, the least active children might be
unaffected by such a network intervention if
they are socially marginalized.10,41 If the ob-
jective was to reach high-risk individuals, then
targeting physical inactivity might be most
appropriate.40

This was the first study to examine the role
of popular children in shaping other children’s
physical activity.17 The diffusion of innovations
model by Rogers42 provided a framework to
understand how ideas and behaviors could

spread. According to Rogers, opinion leaders
lead behavior change, but are not typically the
first to advocate or adopt new behavior, because
doing so might have social repercussions and
jeopardize their leadership position. Rather,
opinion leaders tend to monitor popular opinion
and exert their influence to move others to
change their behavior when the advantages of
the behavior change are clear or when it is clear
that social norms will be shifting.

Afterschool programs for children of work-
ing parents are an understudied yet promising

venue for physical activity interventions, be-
cause of their reach into “a captured audience”
and the potential for high dosage (5 days
a week during the school year) without the
common implementation challenges of attrition
caused by transportation, waning interest, et-
cetera. A systematic review of the effectiveness
of afterschool programs in increasing physical
activity demonstrated significant positive ef-
fects for critical obesity- and diabetes-related
behaviors and clinical outcomes (specifically,
physical activity, physical fitness, body
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FIGURE 2—Mean moderate-to-vigorous physical activity (MVPA) distribution in sedentary target scenario: February–May 2010.
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composition, and blood lipids).43 Afterschool
interventions that leverage existing network
dynamics might increase these documented
effects on health. Furthermore, agent-based
modeling could be used to evaluate network
interventions for older youths and adults
before implementation in the field.

Strengths and Limitations

Our study demonstrated 1 application of
agent-based modeling, namely, simulated net-
work interventions. Comparisons between

network interventions were not possible on
single networks, primarily because of
violations of treatment-unit independence.
Although network interventions were com-
pared across networks by Valente et al.,44

very little real-world work has been con-
ducted in this area. Our work provided
a bridge between real-world network inter-
ventions and pure simulations, such as
those by Bahr et al.7 and El-Sayed et al.,9

and addressed the critique by de la Haye
that such models might not be faithful

representations of the ways that networks
shape healthy and unhealthy behaviors.10

Our results had several limitations. First,
the SIENA model did not appear to faithfully
capture the degree distribution of the empirical
network at the end of the study period. Com-
pared with the observed data, the model
underestimated the number of children with
low out-degree and overestimated those with
high in-degree. More terms could always be
added to the model to improve fit, but the
fundamental problemmight be the architecture
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FIGURE 3—Mean moderate-to-vigorous physical activity (MVPA) distribution in random scenario: February–May 2010.
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FIGURE 4—Mean moderate-to-vigorous physical activity (MVPA) distribution in opinion leader scenario: February–May 2010.
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of SIENA itself, because of its basis on
exponential-family utility functions.45 Never-
theless, SIENA is the best tool available to
model both behavior and network change
processes. Furthermore, we excluded other
social influences (parents, built environment,
teachers, policy environment) from the model
to focus on peer influences. We hope to add
such influences in future modeling efforts.
Finally, the model faithfully captured the
final MVPA distribution of the empirical
data. Because we used simulation to test vari-
ous scenarios, we do not know the effect size
of the proposed interventions in a real-world
setting.

Conclusions

We expected an afterschool intervention
that targeted highly connected children to
increase physical activity more effectively
across program participants, compared with
an intervention that targeted sedentary or
randomly selected children. However, which
intervention to implement depends on
whether the goal is to shift the entire distri-
bution or to influence those most adversely
affected by low physical activity. Agent-based
modeling could be an important complement
to traditional project planning tools (sample
size calculations and power analyses) to help
researchers design more effective interven-
tions to increase children’s physical activity. j
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