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Abstract
Community-based obesity prevention efforts are dependent 
on the strength and function of collaborative networks across 
multiple community members and organizations. There is 
little empirical work on understanding how community net-
work structure influences obesity prevention capacity. We 
describe network structures within 19 local government 
communities prior to a large-scale community-based obesity 
prevention intervention, Healthy Together Victoria, Australia 
(2012–2015). Participants were from a large, multi-site, 
cluster randomized trial (cRCT) of a whole-of-systems chronic 
disease prevention initiative. Community leaders from 12 
intervention and seven comparison (non-intervention) regions 
identified and described their professional networks in relation 
to dietary, physical activity, and weight status among young 
children (<5 years of age). Social network measures of density, 
modularity, clustering, and centrality were calculated for each 
community. Comparison of means and tests of association were 
conducted for each network relationship. One-hundred and 
seven respondents (78 intervention; 29 comparison) reported 
on 996 professional network relationships (respondent average 
per region: 10 intervention; 8 comparison). Networks were typ-
ically sparse and highly modular. Networks were heterogeneous 
in size and relationship composition. Frequency of interaction, 
close and influential relationships were inversely associated 
with network density. At baseline in this cRCT there were no 
significant differences between community network structures 
of key actors with influence over environments affecting chil-
dren’s diet and physical activity. Tracking heterogeneity in both 
networks and measured outcomes over time may help explain 
the interaction between professional networks and intervention 
effectiveness of community-based obesity prevention.
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INTRODUCTION
Childhood obesity continues to be a major public 
health burden, associated with multiple co-morbidi-
ties in childhood [1] and in later life [2]. Despite some 
evidence of a recent plateau in obesity prevalence 
among some groups of children [3–5], rates remain 
at unacceptably high levels [6] and are predicted to 
increase [7]. Clearly, effective, population-level pre-
vention is urgently required.

At a population level, community approaches to 
obesity prevention show promise in reducing excess 

weight gain in children [8]. Reviews of current 
efforts recognize the importance of taking a whole-
of-systems approach to prevention, taking into con-
sideration the complexity of factors contributing to 
obesity and the multiple strategies needed to achieve 
change and longer-term results [9, 10]. This includes 
having contextual understanding of the sociocul-
tural environment in which working relationships for 
engaging communities are formed and developed 
[11], and harnessing capacity for intervention imple-
mentation and sustainability [8, 12]. It is vital that 
the beginnings of these working relationships are ini-
tiated prior to the intervention period and are nur-
tured and strengthened throughout and beyond for 
successful program adoption, implementation, and 
sustainability [13]. To ensure that the relationships 
are working effectively, it is imperative that they are 
regularly evaluated over time.

Social network analysis (SNA) provides an empir-
ical method for describing the existence, complexity, 
and evolution of social relationships [14], which is 
critical for understanding the social context for pro-
gram implementation. Within public health there 
has been some recent work exploring social networks 
associated with a range of health conditions and 

Implications
Practice: Given the complexity of obesity, iden-
tifying capacity for community prevention efforts 
is critical.

Policy: Effective policy for increasing community 
obesity prevention capacity needs to consider the 
utilization of social network analysis methods to 
help identify existing capacity and inform poten-
tial intervention efforts.

Research: Future network research is needed to 
measure changes in network characteristics with 
intervention outcomes and process indicators to 
inform and adapt efforts for achieving program 
goals.
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behaviors including: smoking [15]; substance use 
[16]; mental health, HIV practices, family planning, 
dieting, exercise [17]; obesity among adults [18, 19] 
and children [20–23]. Much of the existing obesity 
literature utilized social network approaches to ex-
plore the role of social influence on behavior change 
at an individual level [18–23]. Through the identifi-
cation of patterns of behavior or social similarities 
and influence, SNA methods describe how obesity 
or related behaviors can spread through networks 
[18–23]; for example, the influence of peers in child-
hood and adolescence for engaging in obesity pro-
moting or preventive behavior [21–23]. Although 
used to successfully explain behavior change at an 
individual level, the use of SNA can be extended.

SNA has further potential application as a 
planning, diagnostic, and evaluation tool in com-
munity-based public health interventions, provid-
ing insight into how relationships impact, or are 
impacted by, an intervention [13], and to monitor 
and inform progress towards intervention goals 
[24–26]. Valente et al. [13] suggest various network 
measures to identify and describe each stage of an 
intervention through an analysis of the formation, 
existence, and development of network structures 
over time. For example, an obesity prevention inter-
vention for pre-school children designed to expand 
parental social networks was able to measure inter-
vention success through increased network density 
and individual connectedness [27]. Network dens-
ity is a measure of group cohesion, implying a high 
degree of connectedness facilitates information or 
behavior flow within a network [14]. Highly cohe-
sive networks are, therefore, desirable in the early 
stages of an intervention, to support information 
flow while community capacity is being scoped and 
developed [25].

In addition to understanding the dynamics of net-
work formation in new projects, SNA has the poten-
tial to support identification of potential network 
leaders for intervention implementation [28], and/
or harnessing existing network capacity for informa-
tion/policy/change diffusion [29, 30]. Schoen et al. 
[31] used measures of network density, centralization, 
and average degree (the average number of connec-
tions to/from an individual) to analyze partnership 
and collaboration development among different 
community networks implementing a range of obe-
sity prevention and/or tobacco reduction programs. 
An increase in partnership development was demon-
strated by higher network density and less network 
centralization across multiple communities [31].

The application of SNA techniques to understand 
and enhance public health intervention is very 
much an emerging field, and as such, many oppor-
tunities remain to be explored [13, 32–34]. Despite 
the increasing awareness that network connections 
of community leaders have a significant role to play 
in public health [32, 33, 35], there is little empir-
ical work on understanding community leadership 

network structures that are explicitly hypothesized 
to be integral to obesity prevention success [36, 37]. 
This field is in its infancy, with further evidence 
within different settings and contexts needed for 
understanding the role of community-based net-
works in program development and implementa-
tion. The aim of this study was to use SNA methods 
to describe existing community-based obesity pre-
vention network structures as a measure of poten-
tial capacity for childhood obesity prevention efforts 
across multiple communities in the Australian state 
of Victoria. In this paper, we aim to address the fol-
lowing research question:

What is the structure of community networks oriented 
towards prevention of childhood obesity?

Given that childhood obesity is a major public 
health concern, we expect to see some evidence of 
an existing infrastructure oriented towards preven-
tion prior to intervention. Based on evidence from 
similar work [31], this would be apparent in existing 
levels of network density among professional health 
networks.

METHODS

Study design
This study was designed to characterize social net-
works at baseline within intervention and comparison 
communities (Healthy Together Communities) of the 
obesity prevention element of a government initiative 
called Healthy Together Victoria. Each community 
represents a local government area (LGA), one of 79 
geographical and local government administrative 
divisions within the state of Victoria. Beginning in 
2012, the Healthy Together Communities program, 
with a strong policy and leadership focus, delivered 
multiple strategies for creating system-wide health 
promoting environments within schools, workplaces, 
and early childhood services in 12 prevention areas 
across the state of Victoria, Australia [38]. Twelve 
randomized comparison LGAs were also identified, 
matched on socio-demographic indices (i.e., disad-
vantage, education, occupation, and resources) [39] 
and adult overweight/obesity prevalence [40], factors 
that may influence approaches to childhood obesity 
prevention. The present study collected social net-
work data pertaining to the initiation of the trial in 
2012 from key stakeholders retrospectively (during 
2015) to ascertain existing network structures prior 
to intervention. Ethics clearance was received from 
the Deakin University Human Ethics Committee 
(HEAG-H 194_2014).

Sample
All intervention coordinators engaged within 
Healthy Together intervention communities were 
asked to identify personnel who were involved at 
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the commencement of the program in relation to 
supporting healthy environments and behaviors 
for children under 5 years of age within their com-
munity. All identified relevant personnel were 
then contacted by email and invited into the study 
through the completion of an online social net-
work survey. Within comparison communities, 
local government family and child services and 
maternal and child health services (who provide 
universal well-child health services from birth to 
age 5) were contacted by phone and asked to iden-
tify and provide a list of community leaders who 
play a role in decisions around diet and physical 
activity for children aged under 5  years within 
their community. Invitations to complete an online 
survey were sent by email where contact details 
were available. Where possible, email follow-up of 
non-responders were made over a 3-month period. 
Respondents comprised 116 of 191 individuals 
(61% RR) from 12 intervention communities, and 
29 of 449 (6% RR) individuals from seven com-
parison communities.

Network survey
An online social network survey using the Qualtrics 
web-based platform (Qualtrics, Provo, UT) was 
developed to identify and examine key characteris-
tics of professional networks prior to the commence-
ment of the intervention. The survey comprised 
general demographic questions, for example, the 
participant’s main organization affiliation prior to 
intervention. Space was provided to list up to 20 
names of people with whom they “discussed impor-
tant matters (in particular the issue of diet, physical 
activity and weight gain in children) about [your 
community].” Respondents were asked to list names 
for those specifically with a role or influence on set-
tings where children spend their time. Following the 
completion of relational questions on the first set of 
names, the online survey format allowed responses 
for up to a further 20 names and relational questions 
to be completed if required. Participants indicated 
completion of the online survey upon entering con-
firmation of their request to submit.

Relational and attribute questions were asked 
for each name listed: (i) main community affili-
ation (selected from list, e.g., local government); 
(ii) nature of network relationship (selected from 
list, e.g., co-worker); (iii) whether they discussed (a) 
health and well-being (yes/no), and/or (b) “obesity, 
unhealthy weight gain, diet and/or physical activity 
among children” issues (yes/no); (iv) frequency of 
interaction (from 1: daily, to 5: yearly); (v) closeness 
of relationship (from 1: not close, to 5: very close); 
and (vi) influence of information or advice about 
“obesity, unhealthy weight gain, diet and/or physi-
cal activity among children” issues (from 1: not at all, 
to 5: quite a lot).

Analysis
Thirty-eight incomplete surveys were removed, 
resulting in 107 available for analysis. “Completed” 
surveys for 18 of these participants (10 intervention; 
8 comparison) contained no network data and it 
was inferred that these participants did not have 
networks with whom they discussed weight-related 
issues of children within their community. These 
data were retained for analysis.

Participant network and community characteris-
tics are summarized at the intervention/comparison 
group level. Community demographics included 
population density, the proportion of the popu-
lation under 5  years of age, and socioeconomic 
ranking. Affiliation response options “maternal and 
child health,” “long day care,” and “kindergarten” 
were grouped for reporting as “Early childhood ser-
vice.” Descriptive analyses of professional network 
relationships and network metrics were reported 
by community network size (largest to smallest), 
determined by the number of participants (egos). 
Frequent interaction (“daily” + “weekly”), close rela-
tionships (“close” + “very close”), and influential (“a 
fair bit” + “quite a lot”) relationship variables were 
derived from respective response options.

Network metrics of degree, density, modular-
ity, number of connected components, cluster-
ing, and centrality [14] were calculated for each 
community. Out-degree (the number of outward 
“ties” or “alters”) refers to the average number of 
people identified within a participant’s network; 
for example, the average number of contacts that 
leadership participants identify whom they dis-
cuss healthy weight status with. “Average degree” 
is the average number of both in-degree (nom-
inations received by an individual) and out-de-
gree ties. Density is a measure of the proportion 
of ties out of all possible ties within a network; 
for example, if all nodes (participants) were con-
nected to one another, density would be 100%. 
Within this analysis, density is used to measure 
the extent that individuals identify one another 
within their network. Modularity is a measure 
of the degree of strength that a network can be 
divided into groups/modules. A  highly modular 
network has dense connections within groups of 
individuals, and sparse connections to other mod-
ules/groups. This could give an indication of the 
level of independent subgroups within leadership 
networks. Connected components refer to the 
number of pairs/groups that are connected to one 
another within a network. A  network with one 
connected component indicates all individuals are 
connected by paths directly or indirectly between 
one another with no isolated nodes or groups. 
Networks with multiple connected components, 
particularly those with low density, indicate gaps 
within networks; for example, communication not 
bridging one group to another within a leadership 
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network. The clustering coefficient is a measure of 
average clustering within a network, i.e., the ten-
dency for individuals to form in groups of three 
(triangle structures). Centrality is a measure of 
important, or well-connected, individuals within 
a network, who may be identified as key leaders 
within an obesity prevention intervention. Visual 
depictions of selected community networks are 
also presented for explanatory purposes.

Comparisons of means between intervention and 
comparison groups were conducted using t-tests. 
Tests for correlation between relationship varia-
bles, network metrics, and community demograph-
ics were conducted for each community network. 
Due to the number of networks with very few par-
ticipants, analyses were repeated after excluding 
networks with less than five egos, to test whether 
network size differentiated results. Statistical signif-
icance was set at p < .05.

Descriptive analyses were performed using Stata 
14.0 software (StataCorp LP, College Station, US). 
Network analysis and visualization were conducted 
using Gephi software, version 0.9.1.

RESULTS

Demographics
Completed surveys were received from 78 partici-
pants from 12 intervention (I) communities (I.1–
I.12), and 29 participants from seven comparison 
(C) communities (C.1–C.7) (Table 1). The propor-
tion of the population under 5 years of age (p = .85), 
population density (p  =  .75), and socioeconomic 
ranking (p  =  .65) were similar between interven-
tion and comparison communities. Non-respondent 
comparison communities (data not shown) on aver-
age were ranked higher on the socioeconomic scale 
(decile 7, range 4–9) and had greater population 
density (mean 1,099 persons/km2). On average, the 
number of nominated contacts (out-degree) of pro-
fessional networks identified by community leaders 
were similar (p =  .11) within intervention (10) and 
comparison (8) communities. Participants were pre-
dominately female, and affiliated with state/local 
government or early childhood services. The nature 
of network relationships was similar between groups 
(predominately professional contacts or co-worker).

Table 1 | Community, participant, and network characteristics by intervention and comparison group at baseline

Intervention Comparison Difference

n = 12 n = 7 p

Proportion of population <5 years of age LGA mean % (range) 7 (6–9) 7 (6–9) .849
Population density (persons/km2) LGA mean 326 373 .749
Employed in education/healthcarea LGA mean % 18.8 19.7 .617
Index of advantage and disadvantageb LGA mean ranking (range) 6 (2–9) 5 (3–8) .645
Participants Total (mean per LGA) 78 (7) 29 (4) .262
Participant (ego) networks (out-degree) Total (mean per ego) 762 (10) 234 (8) .110
Participant age, years Mean (SD) 41 (5) 47 (8) .089
Participant sex Female (%) 76 (97) 29 (100) .279
Participant community affiliation
  State/local government N (%) 29 (37) 10 (34) .188
  Early childhood servicec N (%) 25 (32) 16 (55) .017
  Other health/education N (%) 17 (22) 2 (7) .053
  Other N (%) 7 (9) 1 (3) .998
Network community affiliations
  State/local government N (%) 246 (32) 80 (35) .066
  Early childhood servicec N (%) 167 (22) 42 (19) .108
  Other health/education N (%) 208 (27) 57 (25) .726
  Other N (%) 139 (18) 48 (21) .641
Nature of network relationships
  Professional contact N (%) 359 (47) 104 (44) .412
  Colleague/co-worker N (%) 228 (30) 94 (40) .466
  Manager/employee N (%) 108 (14) 25 (11) .670
  Friend N (%) 25 (3) 4 (2) .200
  Other N (%) 40 (5) 7 (3) .943
Bold-face value denotes statistical significance at the p < .05 level.

LGA: Local government area; SD: standard deviation;
a% of employed population in Education & training, Health care & social assistance.
bSocio-Economic Index for Areas (SEIFA) decile ranking, low (1) to high (10).
cMaternal & Child Health, Long Day Care, Kindergarten.
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Professional network relationships
Nine (7 intervention; 2 comparison) networks com-
prised a minimum of five egos, 10 networks (5 interven-
tion; 5 comparison) had less than five egos (Table 2). 
Five comparison communities did not participate. On 
average, the proportion of networks for each profes-
sional relationship was higher within the larger net-
works. For example, 51% of connections in networks 
with ≥5 egos and 42% of connections in networks with 
<5 egos were described as influential relationships. 
Although participants were asked to nominate “peo-
ple in [their] network with whom [they] discussed … 
diet, physical activity and weight gain in children …”, 
the proportion of network ties that discussed weight 
related issues (77%) was less on average than the pro-
portion discussing general health issues (91%; p < .01).

Large variations in the size of networks were found 
between communities in the following relationships: 
Discuss health (51–100%); Discuss weight (0–100%); 
Frequent interaction (6–100%); Close relationships 
(6–100%); Influential relationships (0–100%). These 
were not patterned according to network size.

Network metrics
Overall, baseline community networks were sparse 
(low density), weakly connected, with negligible clus-
tering and centrality (Table 2). As network size (i.e., 
number of egos per network) increased, we observed 
slightly more connections per individual participant 
(higher average degree), lower network density, and 
increasing modularity. For example, C.1 had one of 
the highest number of respondents, yet has a very 
low density (2%) due to having more unrealized, yet 
potential network connections. With a greater num-
ber of unconnected people within the network, C.1 
(modularity 83%) has the potential to be divided 
into subgroups/modules. Only one community 
(Intervention community I.6) had all members of the 
network reachable (1 connected component).

Low density and lack of connectedness can be 
represented visually in network diagrams. Some evi-
dence of clustering and centrality was observed in 
larger networks among intervention communities 
only. For example, Fig.  1 depicts two community 
networks (I:3; C:1) representing LGAs with similar 
area-level characteristics. Both networks were of 
equal size (12 egos), weakly connected and sparse 
(2% density; 3–4 isolates). Intervention community 
I.3 has some clustering (3%) and centrality (1%) visu-
alized by connections between some egos, compared 
with comparison community C.1 with no clustering 
or centrality; that is, in contrast to I.3, C.1 has only 
one connection between participants, or have any 
alters in common within their broader network.

Significance test between groups
Comparisons of means t-test results revealed no sta-
tistically significant differences between interven-
tion and comparison groups for each relationship 

and social network metric. This was also true when 
excluding smaller networks from the analysis.

Correlations
Correlation coefficients between relational variables 
and network metrics are given in Table 3. Frequent 
interaction, close, and influential relationships were 
each negatively associated with density, and pos-
itively associated with modularity, the number of 
connected components, and centrality within com-
munity networks. For example, density (Frequent 
interaction: r =  -.66, p < .01; Closeness: r =  -.67; p 
< .01; Influence: r =  -.61, p < .05). Average degree 
was positively associated with close (r  =  .49, p < 
.05) and influential (r =  .54, p < .05) relationships. 
These metrics give an indication of small cohesive 
subgroups within leadership networks. After adjust-
ing to exclude smaller networks, density continued 
to be negatively associated, and centrality positively 
associated, with interaction frequency and closeness 
of relationships. Frequency of interaction continued 
to be positively associated with modularity within 
the “larger communities,” that is, Close groups 
that frequently interacted were sparsely connected 
within their “larger” leadership network. No LGA 
demographic was significantly correlated with net-
work metrics.

DISCUSSION
This was among the first study to describe a large 
sample of professional childhood obesity prevention 
networks. In a comparison study between multi-
ple intervention and comparison communities, we 
described professional community network struc-
tures prior to a state-wide community-based child-
hood obesity prevention intervention. Our results, 
that baseline community leadership networks in 
relation to addressing obesity were very sparse, 
weakly connected, and similar across communities, 
suggest there was not a well-organized infrastructure 
tasked with, or thinking about, responding to child-
hood obesity. This is concerning, given the contin-
uing childhood obesity public health crisis that 
remains a challenge to address [41].

We observed similarities of low degree, low 
density, and weak connections throughout the net-
works. Some individuals appeared to be well con-
nected (8–10 out-degree), despite being within very 
disconnected networks. Only one community net-
work had everyone connected to at least one other 
person within their community, and more than half 
of the networks included isolates (individuals with 
no connections). Such sparse structures have lim-
ited pathways for communication and information 
flow [34]. Evidence from effective community coali-
tion networks suggest increasing density would be 
a worthy initial goal to establish connections and 
cohesive community leadership, promote commu-
nication and shared goals necessary for design and 
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dissemination of community intervention [25, 42]. 
Various network measures have been proposed for 
monitoring the effectiveness of interventions that 
improve network connectedness and diffuse be-
havior change [24]. To this end, it is suggested that 
network density should be at least 15%, and all indi-
viduals connected to at least one other person (no 
isolates) within a network. Applying these metrics, 
our baseline results, with an average density of the 
relatively larger networks (≥5 egos) of 2–3%, show 
that these communities would require the creation 
of further connections among community leaders to 
strengthen existing networks and build capacity for 
intervention implementation.

As stakeholders, mediators, and drivers, people 
are at the center of a system [43]. Centralization 
scores within the current study were negligible, 
meaning the leadership networks did not particularly 
focus on key individuals. Decentralized structures 
appear to be beneficial within preventive networks 
at early stages of implementation for the promotion 
of cohesive efforts between multiple players [25, 42, 
44], as input from multiple parties is essential when 
system-wide impact is required. However, more cen-
tralized structures in later stages are suited towards 
efficient program coordination [25, 44] as there 
needs to be more directive leadership in the imple-
mentation stage. Several authors suggest that, once 

Fig 1 | Sample of one Intervention (I) and one Comparison (C) professional early childhood obesity community network at baseline. Lighter 
colored nodes (circles) represent community respondents, while darker colored nodes represent alters—the people nominated by respond-
ents as those with whom they discuss weight related issues for children within their community. Node size is proportional to out-degree.

Table 3 | Network relationship and metric correlations for all communities and repeated for larger communities only

Average 
degree Density Modularity

Connected 
components Clustering Centrality

Network relationship r p r p r p r p r p r p

All communities
Daily/weekly Interaction .41 .08 −.66 .00 .85 .00 .73 .00 .06 .81 .75 .00
Close relationships .49 .04 −.67 .00 .82 .00 .73 .00 .17 .48 .71 .00
Influential relationships .54 .02 −.61 .01 .74 .00 .64 .00 .27 .26 .65 .00
Larger communities onlya

Daily/weekly Interaction −.29 .45 −.88 .00 .69 .04 .58 .10 −.51 .16 .79 .01
Close relationships −.10 .80 −.84 .00 .53 .15 .58 .10 −.29 .44 .68 .05
Influential relationships .11 .78 −.66 .05 .30 .43 .42 .26 −.09 .82 .56 .12
r, correlation coefficient; bold-face values denote statistical significance at the p < .05 level.
aExcluding communities with <5 participants.
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established, intervention diffusion requires identify-
ing and engaging with people who can effectively 
drive system change [28, 36]. Without the initial 
identification of central figures, other network char-
acteristics may help identify appropriate individuals 
or groups with whom to engage. For example, Kim 
et al. [45] throughout their randomized trial found 
friendship networks just as influential for delivering 
public health interventions compared with highly 
connected individuals (highest network degree). At 
baseline, within the current study, almost half of all 
individuals within networks interacted frequently, 
were close, and were influential in relation to infor-
mation or advice around childhood obesity issues 
within the community. That low density was highly 
correlated with these variables indicates some lead-
ership network capacity exists within modular struc-
tures of individuals and their immediate cohorts. 
The challenge would be to harness existing capacity 
of these modular units to work in partnership within 
the broader community network.

While there were similarities between community 
leadership networks, heterogeneity was also evident. 
Firstly, leadership networks within five comparison 
communities were not able to be identified due to 
non-response. Identifying the existence and struc-
ture of networks is important to determine whether 
networks first need to be formed or strengthened 
prior to program implementation [13]. Further, 
some indication of clustering and centrality was evi-
dent within intervention community networks only. 
Within the current study, it may be that networks 
in intervention communities were in early stages of 
responding to the prevention program, relative to 
comparison sites that were static. Follow-up work 
examining changes in these networks post imple-
mentation will identify whether differences between 
groups became more pronounced. For example, 
given what we know about the impact of interven-
tions on network formation [27] and building com-
munity capacity [31], it will be important to identify 
whether intervention effects within multiple leader-
ship networks improved connectivity through cre-
ation of new networks.

Study strengths and limitations
This study is among the first to quantify leader-
ship networks aimed toward obesity prevention. 
Limitations include the potential for recall bias due 
to the retrospective nature of the study, which may 
have had a differential effect between intervention 
and comparison communities. This potential bias 
may be reflected in results from some interven-
tion sites that indicated an emergence of develop-
ing networks, supporting evidence that obesity 
prevention interventions can create connections 
over time [27]. Identifying appropriate study par-
ticipants within comparison communities was chal-
lenging. Low responses within some communities 

may have resulted in the inadvertent omission of 
key respondents and important elements of leader-
ship networks in the community. Network metrics 
within these communities do not elucidate mean-
ingful information, for example, centralization with 
only two network members. This lack of data would 
not allow a complete study of a full bounded net-
work for analysis to be performed. Response rates 
within comparison communities were a result of 
sampling methods, whereby invitations were sent 
to individuals from unvetted, sometimes very long, 
lists provided by community contacts. These lists 
predominately included names of workers in early 
childhood services, rather than leaders necessarily. 
A  sensitivity analysis removing these smaller, low 
response rate networks did not, however, have a 
significant impact on the overall findings. It is dif-
ficult to ascertain whether heterogeneity of network 
size and composition are a function of sampling 
issues, or a true reflection of the state of readiness 
for addressing childhood obesity within these com-
munities. This potential limitation was partly over-
come with the strength of the clustered randomized 
controlled study design and recruitment of commu-
nity leaders. Intervention and comparison network 
members were similar in demographic characteris-
tics, a reflection of the Australian health [46] and 
education [47] workforce, implying the appropriate 
individuals were recruited into the study. Further, 
results from this study are context specific, and may 
not be generalizable outside of the health promotion 
workforce structure identified within these commu-
nities at the given time.

Implications for policy and practice
Studies of community-based obesity preventions 
have observed anecdotally the importance of strong 
partnerships and collaboration between commu-
nity members, generally without quantification [36, 
37, 48]. This study used network analysis to quan-
tify, describe, and compare community leadership 
networks in communities at a time when they were 
commencing participation in a large-scale multi-site 
intervention. Given the complexity of the problem 
of obesity [49], capacity among community leader-
ship is critical for implementing interventions that 
involve community engagement and working in 
partnerships for broad reach within a community 
[12, 50].

Findings from the current study suggest that there 
may be limited existing community networks with 
orientation towards childhood obesity prevention. 
This points to a critical task and potential policy tar-
get in the development and establishment of inter-
ventions that actively build community capacity and 
activate, enhance, or reorient existing networks to 
respond to childhood obesity. It is clear that obe-
sity prevention program planning in communities 
cannot assume the pre-existence of strong networks 
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through which the intervention may diffuse to the 
broader community.

The preliminary evidence from this study, show-
ing relatively weak and sparse networks, also sup-
ports a case for collection and analysis of SNA data 
among the nascent community leadership group, 
before the commencement of an intervention, to 
identify the structure of existing networks and the 
strengths and weaknesses of those networks for sup-
porting the intervention. Leadership networks with 
properties such as low density and disconnected 
components require an increase in connections in 
order to improve information flow and group cohe-
sion. Communities with these network structures 
may benefit from deliberate fostering of increased 
connections through facilitated group building 
or co-participation in structured planning activi-
ties with a focus on childhood obesity prevention. 
Potential strategies may include the establishment 
of a community steering committee or action coali-
tion to support the intervention, bringing together 
leaders who may not currently connect in relation 
to obesity prevention. Baseline network data such as 
that demonstrated in this study may assist in iden-
tifying key actors who will enhance the connection 
of the intervention with strategic community groups 
and other potential leaders. Given the importance 
of partnerships and collaboration for implementa-
tion capacity, strategies for the identification, devel-
opment, activation, and alignment of prevention 
networks will be a critical first step in making any 
intervention successful [12, 13].

Future research
Further understanding is needed on the role of 
social networks for informing future public health 
intervention and implementing change. The delib-
erate study and building of networks is an important 
element that needs to be included in any communi-
ty-based intervention. Used as a diagnostic tool over 
the course of an intervention, social network data 
can play a critical role in the evaluation and align-
ment of program outcomes [24].

In individual communities, SNA data collected 
before intervention commencement could in the 
future be used to identify key people to champion 
policy change at a community, state, or federal level; 
people with the influence, contacts, and knowledge 
to advocate for change. Further, SNA data collected 
at regular intervals throughout an intervention 
can provide insights into how networks develop in 
response to the intervention, the manner in which 
the intervention is diffusing through the community, 
and help to identify groups and parts of the system 
that have not been reached.

Success of Healthy Together Victoria will be 
assessed in terms of reduced childhood obesity prev-
alence and changes in community systems of influ-
ence to address the problem [40]. Future research 

is required to understand how the characteristics of 
leadership networks relate to these intervention out-
comes. This may be achieved through tracking of 
heterogeneous network structures and characteris-
tics alongside measured intervention outcomes over 
time.

CONCLUSION
SNA provides an alternate means to understand the 
ways in which key actors and relationships are struc-
tured and change over the period of an intervention. 
This has implications for intervention planning, 
evaluation, and real-time adjustment. Our findings 
that baseline community leadership obesity preven-
tion networks were sparse and disconnected, stresses 
that efforts are needed to strengthen connections for 
intervention effectiveness. The potential to optimize 
effectiveness and understand and corral human 
resource is of particular importance to underserved 
populations and others where mobilizing resources 
for population prevention is challenging.
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