
The Distribution of Physical Activity in an After-school
Friendship Network

WHAT’S KNOWN ON THIS SUBJECT: New, effective approaches to
obesity prevention are urgently needed. Social network
interventions warrant our attention. Social networks play
a significant role in adult and adolescent obesity. The role of
social networks in pediatric obesity has not been examined.

WHAT THIS STUDY ADDS: Afterschool friendship ties play
a critical role in setting physical activity patterns in children as
young as 5 to 12 years. Children’s activity levels can be changed
by the activity level of their social network during a 12-week
afterschool program.

abstract
OBJECTIVE: To examine whether a child’s friendship network in an
afterschool program influences his/her physical activity.

METHODS: Three waves of data were collected from school-aged
children participating in aftercare (n = 81; mean [SD] age, 7.96
[1.74] years; 40% African American, 39% white, and 19% Latino)
a name generator survey was used to map each child’s social network,
and accelerometers were used to measure physical activity. We
applied stochastic actor-based modeling for social networks and
behavior.

RESULTS: Children did not form or dissolve friendships based on phys-
ical activity levels, but existing friendships heavily influenced children’s
level of physical activity. The strongest influence on the amount of time
children spent in moderate-to-vigorous activity in the afterschool hours
was the activity level of their immediate friends. Children consistently
made adjustments to their activity levels of 10% or more to emulate the
activity levels of their peers (odds ratio [OR] = 6.89, P, .01). Age (OR =
0.92, P , .10) and obesity status (OR = 0.66, P , .10) had marginally
significant and relatively small direct effects on the activity. Gender had
no direct effect on activity.

CONCLUSIONS: These results suggest that friendship ties play a critical
role in setting physical activity patterns in children as young as 5 to 12
years. Children’s activity levels can be increased, decreased, or stabi-
lized depending on the activity level of their immediate social network
during a 12-week afterschool program. Network-based interventions
hold the potential to produce clinically significant changes to children’s
physical activity. Pediatrics 2012;129:1064–1071
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Although obesity has stabilized in some
US populations, it is still at epidemic
proportions with .23 million children
classified as overweight or obese.1,2

The cascade of adverse health effects
associated with childhood overweight
and obesity is well established and
includes type 2 diabetes, hypertension,
hyperlipidemia, abnormal glucose tol-
erance, cardiovascular disease, and
psychosocial problems such as weight
prejudice, depression, social isolation,
poor self-esteem, and poor academic
performance.3–5 Given the resistant na-
ture of obesity once established, pre-
vention efforts must start early in life.
Antiobesity interventions have generally
failed.6–8 New, effective approaches to
obesity prevention are urgently needed.

An innovative approach to public health
interventions has been proposed by
scientists studying social networks.
Social networks, the “thick webs of so-
cial relations and interactions”9 that
connect individuals to one another, exert
measurable influence on our health.10–20

Several independent research teams
have linked social networks to obesity in
adults and adolescents.12,14,20–22 In con-
trast, there are limited data on social
networks and obesity in children.

The extent to which healthy lifestyle
behaviors can be influenced by child-
ren’s social networks is unknown. If
healthy lifestyle behaviors can be fa-
cilitated through children’s social ties,
such that when one child engages in
physical activity, those children with
whom he or she is connected will be
more likely to engage in physical activity,
thenwe could develop novel intervention
strategies that leverage the social influ-
ences of social networks to make a real
impact on childhood obesity. Specifically,
to deem physical activity a candidate for
network-based intervention strategies,
we would need evidence of not just
individuals clustering (ie, choosing to
form or dissolve social ties) based on
physical activity levels, but evidence of

changes in their behaviors (ie, being
more or less active) because of in-
fluence from their social ties.

One promising model for research on
this topic is derived from studies on the
coevolution of adolescent social net-
works and the use of alcohol and to-
bacco.23–26 Through the use of newly
developed stochastic actor-based mod-
els, these studies have been able to
disentangle the complicated interplay
between friendship selection (along
lines of visible health behaviors) and
behavioral influence (due to social
ties). In this study, we extended such
actor-based models to the study of the
coevolution of friendship networks
and physical activity. Thus, the pur-
pose of this article is to test two re-
search questions:

Research Question 1: Do children
form or dissolve friendships based
on physical activity levels? (Selection
Effect)

Research Question 2: Is there child-
to-child influence on physical activ-
ity behaviors over time? (Influence
Effect)

METHODS

Study Population and Design

Public school students in 2 structured
aftercare programs were invited to
participate in a study to evaluate the
routine physical activity levels of chil-
dren in aftercare programs. Inclusion
criteria included the following: (1) child
age $5 years; (2) enrolled in school;
(3) parental permission to copy official
school records. The aftercare programs
followed similar formats, operated from
3:00 to 6:00 PM Monday through Friday,
and included time for snacks, home-
work, and play (eg, playground, gymna-
sium, art, board games). One aftercare
program was based in a school. The
other was based in a community center
and drew children from the same school

that the school-based program was
located in, and from other schools
in the same district, as well. Baseline
data were obtained from 83 children, of
whom 81 provided useable social net-
work data.* The study was approved by
the Vanderbilt University Institutional
Review Board (IRB#090986).

Data Collection

All data were collected by trained study
staff during thenormaloperatinghours
of the afterschool programs. All data
were collected at 3 points over a school
semester (February throughMay2010),
with 6 weeks separating each wave of
measurement. Themeasurementperiod
was guided by the Cochrane Review that
pediatric obesity prevention interven-
tions should be at least 12 weeks in du-
ration for behavior change to occur.27

Measures

Physical Activity

Physical activity was assessed by using
the ActiGraphGT1M accelerometer (Acti-
Graph LLC, Pensacola, FL). The ActiGraph
is a small, lightweight monitor that is
worn on a belt around the waist and
measures the intensity of physical ac-
tivity associated with locomotion. Mon-
itors were programmed to record in
continuous 10-second epochs to capture
the short, spurtlike activity character-
istic of children. Accelerometryhasbeen
used successfully in studies with chil-
dren,28–32 including Latino and African
American children,28–32 with high reli-
ability, r = 0.93.33 For each of the 3 waves
of measurement, childrenworemonitors
for 5 consecutive days from the time they
signed into the afterschool program until

*Because of the nature of the statistical methods
used in this study (stochastic actor-based
modeling) pre hoc power analysis in the
traditional sense of the term was not directly
applicable. Given 3 measurement waves of
behavioral data on 81 participants and N 3
(N 2 1) 3 3 social network data points, we were
confident at the outset of the study that sufficient
power would be achieved. See ref 26.
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they were picked up. The monitors did
not provide the wearer with any
feedback. Every child wore an accel-
erometer for aminimum of 60minutes
each day of measurement. Validated
threshold values were used to derive
time spent in sedentary, light, moder-
ate, and vigorous activity.34 The anal-
ysis of raw accelerometer data was
performed by using a procedure sim-
ilar to that used to analyze the NHANES
data.35

Social Network

To map each child’s social network, an
open-ended survey was administered
in private 1:1 interviews. Students were
asked, “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 program.” Children
were allowed to nominate as many
friends as they liked. This sociometric
question (known as a name generator)
is comparable to that used in other
youth social network studies.20 At waves
2 and 3, children were not shown the
names of friends they had previously
generated, but rather were asked to
report on their friendships entirely
anew to capture the friendships that
were most salient to children at each
time of measurement. The size of each
child’s networkwas reflected in both the
number of friend nominations made,
as well as the number of nominations
received. To maximize the statistical
power available for these analyses, so-
ciometric data from each afterschool
setting (n = 46 and n = 35 respectively)
were combined into 1 single network of
81 nodes, where ties between children
not attending the same afterschool pro-
gram were coded as structurally impos-
sible. By combining these networks for
analysis, we made the assumption that
the dynamics of friendship selection and
friendship influence on physical activity
behavior were consistent across these
2 aftercare settings, an assumption we
found reasonable.

Anthropometrics

Body weight was measured, while
wearing light clothing without shoes
after voiding, to the nearest 0.1 kg on
acalibrateddigital scale (Detecto,Webb
City, MO, model 758C). Body height
without shoes was measured to the
nearest 0.1 cm with the attached stadi-
ometer. BMI percentile was calculated
by using the Centers for Disease Control
and Prevention calculator, where chil-
dren with BMI $95th percentile were
classified as obese.36

Demographics

Parents completed a demographic sur-
vey on the child’s date of birth, gender,
race/ethnicity, and school.

Statistical Analysis

Physical Activity Data Analysis

Physical activity was obtained from
ActigraphGT1M accelerometer data col-
lected in10-secondepochs. Timespent in
physical activity intensitieswasbasedon
activity counts: thresholds,420 activity
counts for sedentary, 420 to 1679 counts
for light, 1680 to 3379 counts for mod-
erate, and .3379 counts for vigorous
intensity activity per minute.37 Time
spent in sedentary behavior or physical
activity was determined by summing
minutes in a day where the count met
the criterion for that intensity. Daily
averages for each level of intensity were
computed across all days of measure-
ment. Start and stop times for play were
recorded at each site and used as pre-
cise cutoff points. This captured the
timeframe during which the children
had control over their activity level, as
opposed to the scheduled snack and
homework times, which imposed sed-
entary behavior. Children spent varying
amounts of time in aftercare depending
on their family needs. Thus, our out-
come measure was the proportion of
play time spent in moderate-to-vigorous
physical activity (MVPA), rather than
absolute minutes in MVPA. Although our

outcome measure was continuous, the
social network analysis package that
was used (SIENA)38 requires categorical
outcome variables for the analysis of
social influence on behavior. Therefore,
for analysis, we collapsed the data into
deciles of percentage of play time spent
in MVPA: 0% to 9%, 10% to 19%, 20% to
29%, etc, to 100%.

Social Network Data Analysis

Longitudinal analysis of physical activity
andsocialnetworkdatawereperformed
by means of stochastic actor-based
modeling as implemented in SIENA†
version 4.0.38 Actor-based modeling
assumes that changes observed over
time in social ties and individual behav-
iors are the result of actors’decisions to
optimize their position in the network at
a given point in time. Observed social
networks and behavior, such as can be
collected in panel data, are assumed
to be outcomes of an underlying
continuous-time Markov process. That
is to say, between each of the successive
observed states of network and behav-
ior captured in panel data, a number of
smaller changes occur that are un-
observed.39 The estimation algorithm of
SIENA works to arrive at the series of
microchanges between observed waves
of data that are most likely to have oc-
curred when actors change their social
ties or behavior. The rules governing
such microchanges take the form of
model parameters. Complete descrip-
tions of this method are given by Snijd-
ers, Steglich, and colleagues.39–41

Thisapproachaffordsmajoradvantages
over those based in classic regression
analysis. The first of these is that sto-
chastic actor-based methods allow
researchers to directly model the com-
plex dependencies between actors (ie,
individuals) in a network. As such, this
approach allows for the simultaneous
examination of network structural

†SIENA is an acronym that stands for Simulation
Investigation for Empirical Network Analysis.
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properties resulting from endogenous
network effects such as transitive clo-
sure (the tendency fora friend of a friend
to become a friend), dyadic effects
(shared characteristics among mem-
bers of a dyad), and exogenous effects
(such as actor attributes).40 Inclusion of
such network structural properties in
the modeling of socially mediated phe-
nomena represents a notable advance-
ment in methodological rigor in that
such structural properties (ie, statistical
nonindependence between cases), when
neglected, have been shown to lead to
biased results.40,41 Of particular interest
in this study is the ability of stochastic
actor-based modeling procedures to
disentangle the twin forces of selection
and influence. Selection refers to factors
observed in our data that may influ-
ence a child’s friendship decision-making;
these factors include structural proper-
ties such as those just named, but also
may include actor attributes such as
physical activity level, obesity status,
gender, age similarity, etc. For each of
these factors, the selection portion of
our model will report on the likelihood
of forming a tie with another child based
on their particular attributes. Influence
refers to factors observed in our data
that may affect a child’s behavior, in this
case, physical activity level. In this study,
we are primarily interested in under-
standing the effect of activity levels of
friends upon the activity level of an in-
dividual child, but other direct effects on
activity level are also includedas controls.
Changes in the activity level of a child’s
social network that precede changes to
a child’s activity level are the primary
source of variability upon which this
portion of the model is based. We de-
scribe our modeling in further detail in
the Supplemental Information.

RESULTS

Sample Demographics

The sample (n = 81) was 40% African
American, 39% white; 19% Latino; 65.4%

female; 56% healthy weight, 23% over-
weight, 21% obese; and averaged 7.96
years of age (SD = 1.74).

Changes in Physical Activity

Table 1 describes changes in children’s
activity levels. The number of children
who increased and decreased their
physical activity was roughly equivalent;
slightly more students maintained their
activity levels. Table 2 reports the per-
centage of play time spent in MVPA.

Changes in Social Network Ties

Table 3 conveys changes in friendship
status for all dyads. Children both
formed and dissolved friendships. As is
often observed in recently formed so-
cial networks, the amount of change
over the first measurement period was
greater than that of the subsequent
period. This was reflected in the lower
Jaccard coefficient (a measure of simi-
larity in networks across time) for the
first measurement period. Both periods
satisfied the recommended guideline of
Jaccard coefficient.0.30.39 The overall
network average degree (number of
friendship ties) trended upward over
the 3 waves of measurement, further
illustrating that these friendship net-
works were evolving over the course of
the study. On average, children nomi-
nated 3.7 (SD = 2.6) friends at wave 1,
5.25 (SD = 3.1) friends at wave 2, and
6.32 (SD = 3.5) friends at wave 3. Control
variables are summarized in Table 4.

Results of SIENA Modeling

Results from the SIENA analysis are
given in Table 5 and the Supplemental
Information.

Selection Effect

The selection portion of the full model
yielded large and highly significant
parameters for rate of change in the
friendship network, with changes in the
first period (9.80, P, .01) greater than
changes in the second period (4.95,

P , .01). The outdegree parameter
(odds ratio [OR] = 0.17, P , .01) in-
dicated the general tendency away from
having very large numbers of friendship
ties in the network, which is a finding
common to the vast majority of studies
of this nature. The reciprocity parameter
(OR= 1.99, P, .01) indicated the general
tendency to reciprocate an incoming
friendship tie. The transitive triplets
term (OR = 1.32, P, .01), together with
the term for 3 cycles (OR = 0.83, P, .01),
indicated the general tendency for a
friend of a friend to become a friend.
Controls for similar age (OR5 2.40, P,
.01), attending the same school (OR 5
1.78, P , .01), being the same gender

TABLE 1 Changes in Physical Activity by
Period

Up Down Same Missing

From t1 to t2 26 19 29 7
From t2 to t3 16 34 17 14

TABLE 2 Mean Percentage of Play Time
Spent in Moderate and/or
Vigorous Activity by Wave

t1 t2 t3

Mean, % 30.35 31.12 29.40
SD 15.62 15.59 18.94

TABLE 3 Changes in Friendships for Each
Dyad by Period

Tie Change Jaccard
Coefficient

0→ 0 0→ 1 1→ 0 1→ 1

From t1 to t2 5927 253 128 172 0.311
From t2 to t3 5874 181 95 330 0.545

Jaccard Coefficient, measure of similarity in networks
across time.

TABLE 4 Actor Attributes Used as Control
Variables

Mean/Proportion SD

Female, % 65.40 —

Age 7.96 1.74
Weight category
Normal or Overweight 79.00 —

Obese 21.00 —

Dyads same race, % 34.30 —

Dyads same school, % 28.50 —

Dyads same household, % 0.08 —
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(OR5 1.56, P, .01), and racial identifi-
cation (OR 5 1.28, P , .01), each in-
creased the odds of forming a friendship
tie. Obesity status was not related to
friendship formation.

Research Question 1: The test of the
hypothesized selection effect yielded
nonsignificant activity level, alter, ego,
and similarity terms. Thus, we found no
support for thenotionthatchildrenmake

or break friendship ties based on phys-
ical activity. Across all levels of physical
activity, we found consistent patterns
in the propensity to make and re-
ceive friendship tieswithotherchildren.

TABLE 5 Parameter Estimates (PE) and SEs for the Basic and the Full Model

Basic Model Full Model

PE (SE) OR (95% CI) PE (SE) OR (95% CI)

Selection: predicting the presence of ties
Rate of change t1 to t2 7.76**(0.55) —a 9.80**(0.82) —a

Rate of change t2 to t3 4.54**(0.37) —a 4.95**(0.40) —a

Structural effects
Outdegree 21.17**(0.09) 0.31 (0.26–0.37) 21.77** (0.09) 0.17 (0.14–0.20)
Reciprocity 1.00**(0.09) 2.72 (2.28–3.24) 0.69** (0.10) 1.99 (1.18–3.38)
Transitive triplets 0.28** (0.03) 1.32 (1.25–1.39)
3-cycles 20.18** (0.04) 0.83 (0.74–0.95)

Dyadic effects
Same race 0.25**(0.07) 1.28 (1.03–1.59)
Same household 0.02 (0.25) 1.02 (0.59–1.74)
Attend same school 0.58**(0.10) 1.78 (1.29–2.46)

Attribute effects
Gender
Alter 20.05 (0.11) 0.95 (0.79–1.14)
Ego 20.01 (0.09) 0.99 (0.81–1.22)
Similarity 0.44** (0.09) 1.56 (1.27–1.92)

Age
Alter 0.02 (0.02) 1.02 (0.96–1.09)
Ego 0.02 (0.03) 1.02 (0.98–1.07)
Similarity 0.88**(0.19) 2.40 (1.18–4.91)

Obesity
Alter 20.00∼ (0.12) 1.00 (0.70–1.42)
Ego 0.02 (0.12) 1.02 (0.67–1.57)
Similarity 0.01 (0.12) 1.01 (0.76–1.36)

Activity level
Alter 20.03 (0.04) 0.97 (0.90–1.05) 0.04 (0.05) 1.05 (0.96–1.13)
Ego 20.06 (0.04) 0.94 (0.87–1.02) 0.05 (0.04) 1.05 (0.95–1.16)
Similarity 1.82**(0.80) 6.17 (1.29–29.61) 0.02 (0.93) 1.02 (0.15–7.03)

Influence: predicting trends in behavior
Rate of change t1 to t2 3.89**(0.21) —a 3.94**(0.87) —a

Rate of change t2 to t3 11.63+(6.34) —a 16.45 (34.32) —a

Linear shape 0.17 (0.20) 1.19 (0.80–1.75) 0.16 (0.19) —a

Quadratic shape 0.00b (0.03) 1.00 (0.94–1.06) 20.01 (0.04) —a

Activity level
Indegree 20.04 (0.03) 0.96 (0.91–1.02) 20.03 (0.05) 0.97 (0.87–1.08)
Outdegree 0.02 (0.04) 1.02 (0.94–1.10) 0.01 (0.04) 1.01 (0.94–1.09)
Average similarity 15.47**(3.74) . 3.43E+03c 17.37**(4.88) . 2.47E+03c

Attribute effects on behavior
Gender (female) 20.10 (0.14) 0.91 (0.69–1.19)
Age 20.07+ (0.04) 0.92 (0.85–1.01)
Obesity 20.41+ (0.22) 0.66 (0.43–1.01)
Program site 0.07 (0.33) 1.07 (0.56–2.06)

Two models, a basic and a full model, are presented, as is best practice in reporting SIENA results. The basic model included essential network selection and influence effects. The full model
combined the effects from the basic model with all relevant control variables. Model parameters are described in 2 sections: selection effects (parameters that describe dynamics within the
children’s social network) and influence effects (parameters that relate to changes in activity behaviors). Parameter estimates divided by standard errors give t values for each effect. t values of at
least 1.65 correspond to P# .10 (+), t values of at least 1.96 correspond toP#.05 (*), and t values of at least 2.58 correspond toP#.01 (**). CI, confidence interval; Outdegree, the tendency for actors
to form ties within the network; Reciprocity, the tendency to reciprocate a received friendship tie; Transitive triplets, the tendency for a friend of a friend to become a friend; 3-cycles, a variant of
transitive triplets; Ego, a given variable’s effect on the propensity to initiate friendship ties; Alter, a given variable’s effect on the propensity to receive friendship ties; Similarity, the propensity for
individuals with similar covariate values to form ties; Activity level indegree, the effect of receiving friendship nominations based on level of activity; Activity level outdegree, the effect of initiating
friendship ties on physical activity; Activity level average similarity, the tendency for a child to adjust their activity level to be more similar on average to the levels of their immediate friends.
a Rate and shape parameters do not have an odds interpretation.
b Coefficients that round to values ,0.01.
c Due to space limitations only the lower bound for the 95% CI is given. See text for interpretation of this parameter.
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Additionally, there was no significant
tendency for children of similar initial
activity levels to choose each other as
friends.

Influence Effect

The influence portion of the full model
confirmed the rates of changes in ac-
tivity for the first period (3.94, P, .01)
but not the second period (16.45, P =
.63), indicating that individual children
significantly changed their activity lev-
els over the first study period. The linear
and quadratic shape terms remained
nonsignificant, confirming that there
was no upward or downward trend in
activity level at the group level.

Research Question 2: The test of the
hypothesized influence effect yielded
nonsignificant terms for both activity
level (indegree and activity level) out-
degree terms. This indicated that activity
levelwasnotaffectedbyachild’snumber
of outgoing or incoming friendships.
However, the activity level-average sim-
ilarity term in the full model retained its
sign, magnitude, and statistical signifi-
cance (b = 17.37, P , .01), indicating
that children were very likely to adjust
their activity level to become more
similar to the levels of their immediate
group of friends. To illustrate the mag-
nitude of this finding, consider a child
with a MVPA level in the 20% decile
category, whose friends all have an
MVPA level in the 30% category. The av-
erage similarity term here expresses
the log odds of making a maximally
large adjustment in activity level (across
the full range of the variable); our ex-
ample supposes a 1 category change, or
one-ninth of the maximum adjustment.
The odds of making a 1 category in-
crease in activity level (versus making
no change) would thus be exp(17.37/9),
or OR = 6.89 (P, .01). Although controls
for the direct effect of age (OR = 0.92,
P, .10) and obesity (OR = 0.66, P, .10)
on activity were marginally statistically
significant, they were relatively small in

comparison with the effect of the activ-
ity level of a child’s immediate friends.
Neither gender nor program site had
a direct effect on activity.

DISCUSSION

Main Findings

Children did not form or dissolve
friendships based on physical activity
levels, but existing friendships had tre-
mendous influence on children’s routine
activity level after school: school-aged
children assimilated to the activity
level of their closest friends over the
relatively brief period of 12 weeks.

Children did not select friends based on
activity level. Active children did not
have more (or fewer) friends than
nonactive children, nor were theymore
(or less) likely to be chosen as friends.
Friendships were more likely to be
based on homophily in age, school,
gender, and race. We did not find that
children preferred children with simi-
lar weight status as friends, although
other studies have.14,20,22 A recent study
suggests that adolescents were more
likely to befriend peers who shared
similar attitudes about physical activity
than peers with similar activity levels.42

The activity level of a child’s immediate
circle of friends (typically 4–6 children)
had a strong effect on the amount of
time children spent in MVPA after
school. Given the opportunity to either
change activity level to match that of
their friends, or keep activity level con-
stant, children were .6 times more
likely to adjust their activity level. Chil-
dren became either more active or
more sedentary as they emulated the
behaviors of those in their immediate
network. Another study using stochas-
tic actor-based modeling has recently
found that adolescents emulate the
physical activity behaviors of their
friends.42 Our finding suggests that
children’s social networks may be as
powerful as those of adolescents.

Implications

The finding that children exert consid-
erable influence on other children’s
activity levels should be considered
when structuring afterschool programs
with the intent of increasing physical
activity. An intervention that embeds
inactive children with active peers may
improve activity levels across the entire
social network. Such a strategy could
start with a group of very active children
and implement a “rolling enrollment” of
inactive children into the group. It would
be critical that these inactive children
form friendships with the active chil-
dren for them to become more active
themselves. Once the inactive children
assimilate to their active friends, more
inactive children would be brought into
the group, while maintaining a favorable
(albeit as of yet undefined) ratio of
active to inactive children, and inten-
tionally preventing the undesirable ef-
fect of active children adjusting their
activity levels down to those of their
sedentary peers.16

Limitations

Our study had several strengths and
some limitations that have to be con-
sidered when interpreting the results.

Accelerometry as a Measure of
Physical Activity

Strengths of the study include the useof
an objective measure of physical ac-
tivity. Accelerometers are considered
the gold standard for measuring ac-
tivity under free-living conditions,43 but
they do not adequately measure body
movements of upper and lower ex-
tremities. To the best of our knowledge,
this is the first study to analyze lon-
gitudinal social network data and ac-
tivity measured by accelerometry,
rather than by using self-reports, pa-
rental self-reports, or children’s per-
ceptions of the activity behaviors of
friends, all of which are markedly less
reliable.
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Sample Size and Composition

Sample size was sufficient for de-
termining the effects described above.
A potential limitation stems from the
fact that the data were drawn from 2
different afterschool environments, but
our model controlled for the possible
effect of program site on activity level
and found no significant differences be-
tween thesegroups. Attemptsweremade
to model these independently and com-
pare differences, although this led to
difficulties with model convergence. Ad-
ditional work in this area would benefit
from the selection of larger sample sizes
and/or the collection of additional waves
of panel data to tease apart social net-
work effects versus shared environ-
ment effects. Afterschool networks
may differ from other childhood
friendship networks. We found that
afterschool networks have a notably
lower tendency toward reciprocity
(OR = 1.99, P , .01) in comparison
with most childhood friendship net-
works reported in the social network

literature (OR = 7.423,25,26). Despite
this structural difference between
afterschool networks and other child-
hood friendship networks, we found
significant effects that are of real world
importance, because many afterschool
programs are trying to increase physi-
cal activity to meet state-level guide-
lines.44,45

Control variables

Oneof the strengths of this study is the
inclusion of rigorous network, dyadic,
and individual control variables in the
modeling to rule out alternative ex-
planations of our findings. The anal-
ysis controlled for the most important
individual attributes associated with
child physical activity (gender, age,
and obesity) as well as program site,
but cannot rule out the effects of
other individual attributes, such as
physical activity preferences, inten-
tion to be active, self-efficacy, pa-
rental overweight status, or healthy
diet.46,47

CONCLUSIONS

This article showed that (1) friendship
ties may play a critical role in setting
physical activity patterns in children as
young as 5 to 12 years and (2) a child’s
physical activity level can be increased,
decreased, or stabilized depending on
the activity level of his/her immediate
social network during a 12-week after-
school program. These findingswarrant
the development of novel interventions
that leverage the social influences of
children’s friendship networks to in-
crease and maintain physical activity at
a young age. Social network interven-
tions after school hours hold the poten-
tial to produce clinically significant
changes to children’s physical activity.
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