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Abstract: Community coalitions can address local issues with deep, historic, and contextual under-
standing that enables customized implementation of evidence-based strategies. The individuals
within the coalition, their partnerships, and the social context is likely an important component of
unraveling the challenges of implementation so interventions reach people in need. We focus on the
relevance of baseline coalition-committee network (CCN), the networks of purposely formed subcom-
mittees within community coalitions, structure as one of the moderating, theoretical links between
community coalition social networks and intervention success. We explore the baseline composition
and characteristics of five CCNs at the beginning of childhood obesity prevention interventions.
Using a combination of social network, multidimensional scaling, and correspondence analyses, we
examine the structure and heterogeneity of five CCNs, each consisting of a core group of stakeholders
in the coalition and sometimes the broader community itself. Cross-sectional analyses are used to
examine the composition of coalition-committees related to network density, centralization, hierarchy,
and coalition demographics and characteristics. Results indicate that CCNs are patterned in their
structure and characteristics, and we discuss whether adjustments to childhood obesity prevention
interventions according to baseline structure and characteristics could be advantageous for inter-
vention implementation. Together, these findings can inform future longitudinal investigations into
CCN network structure.

Keywords: coalitions; network intervention; social network analysis; obesity prevention;
community development

1. Introduction

Community coalitions are a common strategy for addressing entrenched social and
health issues at a local level [1,2]. These multi-sector collaborations are often embedded
in complex systems of intervention, defined as a collection of locally tailored, structured
programs or practices implemented by an array of stakeholders, that shape the way these
systems form, develop, and function [3]. In turn, they have the potential to influence the tra-
jectories of those systems. Community Coalition Action Theory (CCAT) suggests that one
important way coalitions influence system-level change is building coalition membership
for greater capacity to effect community-level change [4]. In particular, community coali-
tions create a context for organizations to develop networks that go beyond the scope and
time frame of coalition activity, potentially creating enduring effects on both the capacity
of individual organizations and the system as a whole [5,6].
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Childhood obesity, defined by a population-specific body mass index percentile of 95%
or greater, impacts almost 20% of the U.S. population, with 13.4% prevalence among 2- to
5-year-olds and 20.3% prevalence among 6- to 11-year-olds [7]. Worldwide, the prevalence
of overweight and obesity among children and adolescents ages 5–19 is over 20% [8]. Com-
munity coalitions that focus on preventing childhood obesity intervene in the upstream
(e.g., choosing evidence-based strategies) and midstream (e.g., implementing policy and
practice strategies) to impact downstream or proximal health outcomes [9]. Such coalitions
have seen varying degrees of success in implementing substantive and sustainable policy,
practice, and environmental (PPE) strategies for community-wide systems change [10–13].
Coalitions focused on childhood health promotion have effectively shifted informal poli-
cies within organizations (e.g., hospitals and schools) and formal policies via local and
state legislation, which includes generating support in the government and private sector
for sustainable health systems change [14–17]. They have also affected environmental
changes in local neighborhoods by, for example, supporting the creation, rehabilitation,
and maintenance of parks, playgrounds, and recreation facilities in underserved residential
areas [14,16,18–20]. Even coalitions that have not successfully created positive changes in
PPEs [21–23] have, via community organizing, improved upstream health determinants
by supporting infrastructures of social services, capacity building, sense of community,
and synergistic efforts to increase the flow of information, expertise, and resources [24].
Such systemic changes have reinforcing effects in shifting broad behavioral norms through
social diffusion across populations [25,26]. Such community-wide changes can be observed
years after implementation of coalition PPE-change strategies, and are thus key compo-
nents of reducing chronic disease morbidity and mortality and increasing the quality of
life [14,18,27–29].

While the benefits of community coalitions are becoming clearer [30], a dearth of
research around coalition-committee networks (CCN) that are embedded within coalitions
remains. In our research, CCNs are small groups of multi-sector stakeholders who were
either drawn from a single coalition, multiple coalitions, or a coalition and additional
invited community members. Similar to community coalitions, more research is needed on
CCNs to: (1) determine the optimal structure of CCNs that are tailored to local contexts (e.g.,
collaborative history, culture, demographics); and (2) understand the optimal collaborative
behavior of CCNs that drive diffusion and implementation of evidence-based interventions
for childhood obesity prevention. One issue contributing to this gap in research is the
use of in-depth case studies. Some researchers use case studies of one, though sometimes
multiple, community coalitions within a single community to uncover the nuances of
specific coalition action and broader intervention system impact [31–33]. These case studies,
however, generally do not focus on smaller sub-groups of multi-sector stakeholders. While
in-depth case studies that provide insight into the composition of specific community
coalitions exist [34], little research has been conducted on understanding the structure
of smaller working groups of multi-sector stakeholders that are drawn from community
coalitions across multiple geographies. Focusing on a single community coalition limits
the ability to generalize childhood obesity prevention strategies to other communities.
The structure of social networks (e.g., size, density, interconnectedness among members)
is hypothesized to shape health behavior and attitudes [35]. Thus, more research that is
grounded in CCAT and that describes the composition of CCNs across communities is
needed [4].

In this article, we examined CCN composition because studies suggest that multi-
sector partnerships may impact implementation of childhood obesity prevention interven-
tions [36,37]. This is especially true when the intervention is geared to infuse evidence-
based programs into practice [37]. As Valente and colleagues [37] describe, there are three
social processes that are relevant and necessary in getting programs adopted, implemented,
and sustained. First, Valente describes that partnerships are theorized to be vital to the
successful adoption, implementation, and sustainability of interventions [38]. Second, for
those who deliver the intervention, research has shown that interventions implemented
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by community-identified leaders are often more effective than those by non-leaders [39].
That is, interventions delivered by people from the community of the beneficiaries of the
intervention will be more effective that those delivered by outside agencies that are less
connected to intervention recipients. Third and finally, studies have shown that inter-
vention effects may vary as a function of the recipients’ social networks. For example,
Shin and colleagues [40] demonstrated that children with friends who were physically
inactive gained more from an obesity prevention intervention than those with physically
active friends.

In order to examine composition, we conceptualize CCNs as networks that act to
intervene in childhood health policies, practices, and environments and who are embed-
ded either within larger coalitions or larger networks of individuals working to address
drivers and consequences of childhood obesity in their communities [41]. These CCNs are
generally embedded within community coalitions. Though there is expansive variation in
the nature and function of coalitions, coalition networks [42] in public health [26,43–46]
are known to be an intentional, structural, collective strategy that can (1) increase the
flow of information across organizations [47–50]; (2) increase policy diffusion into prac-
tice [51]; (3) translate research evidence into action [52]; (4) create sustainable changes in
health outcomes [21,53,54]; (5) make new partnerships and increase access to financial
resources [55–57]; and (6) increase relationship strength and capacity [58,59]. Viewing
coalition-committees as networks of individuals or organizations may aid in the study of
the structure and dynamics that give rise to optimal coalition-committee formations, which
may in turn lead to better implementation of chronic disease prevention PPE strategies.
For example, using network metrics (of, e.g., network density [60], centralization [61], and
clustering [62]) that describe the composition of coalition-committees as a function of a
coalition’s diverse set of organizations and organizational connections provides informa-
tion on (1) the composition of coalition-committees that promotes or hinders formation and
growth; (2) the collaboration types and partnership dynamics that exist among and within
organizations in CCNs [63,64]; and (3) the structural patterns across coalition-committees.

The coalition-committees we partnered with in this article participated in the
Stakeholder-driven Community Diffusion (SDCD) theory-informed childhood obesity
prevention intervention [9,34]. The SDCD theory describes hypothesized causal mecha-
nisms by a group of convened stakeholders can influence important child health goals in
their community, such as promoting healthy weights among children and reduce health
disparities [9]. The theory-informed intervention encompasses a four-part process hy-
pothesized to result in the diffusion of knowledge, engagement, and research evidence
use around child health through social network connections, into the organizations of the
stakeholders who participate in the intervention and into the individuals and organizations
who interact with intervention participants. The resulting diffusion is hypothesized to in-
crease the prioritization of child health initiatives among community decision-makers and
organizations. This increase is believed to catalyze and reinforce important policy, practice,
and environmental improvements at the community level, with the goal of improving child
health outcomes at the individual level.

In the five CCNs included in this study, we explore network structural features in
association with key CCN (e.g., issue focus) and community (e.g., gender, age, education
level) characteristics. The aim of this article is to compare the structure and characteris-
tics of CCNs participating in a childhood obesity prevention intervention to (1) point to
specific differences in coalition-committees and communities in which they are imbedded
and (2) to underline the characteristics within coalition-committees and their broader
system that may shape the implementation of childhood health interventions. We find
that CCNs participating in our intervention have variation in their network structure and
coalition characteristics that may differentially inform future childhood obesity preven-
tion interventions.
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2. Research Questions and Hypotheses

This research conceptualizes coalition-committees as active intervention networks
that diffuse evidence-based PPE strategies into the larger coalition and community systems
in which they are imbedded. It explores the structure and composition of these networks in
the context of a childhood obesity prevention intervention. Using social network analysis,
multidimensional scaling analysis, and multiple correspondence analysis, it investigates
the structure and composition of CNNs, comparing within and across communities to
assess patterns that may affect intervention implementation. The study examines cross-
sectional structure in each CCN of the following network properties: network density
(the portion of potential connections in a network that are actual connections), degree
centralization (or the overall cohesion of the network), and degree and sector assortativity,
or the preference for individuals to connect with other individuals who are similar to them
by demographics or sector. For these network properties, differences between the CCNs
(coalition-committee plus first-degree alters; Network A), formed coalition-committees only
(Network B), and coalition-committee first-degree alters only (Network C), are explored.
We focus on three aspects of CNNs: coalition-committees, multi-sector representation, and
demographic heterogeneity.

2.1. Coalition-Committees

Community coalitions frequently form coalition-committees of key decision mak-
ers, health champions, local health leaders, and, often, community members [30]. These
coalition-committees, also known as teams, taskforces, working groups, and subcommit-
tees, tend to be microcosms of the larger coalition, joined together by a common interest
or cause, providing infrastructure that can be used to delegate responsibilities as well
as coordinating service delivery [65,66]. Coalition-committees that focus on childhood
obesity prevention or, more broadly, childhood health promotion, tend to meet to discuss
strategic planning and make decisions that then diffuse to the broader coalition, ideally
catalyzing organized, collective action to improve childhood health outcomes [30,67].
Coalition-committees also often form around specific projects or actions and may dissolve
once those are completed. In our intervention [9], we assemble coalition-committees that
are viewed as an intentional cluster of decision-makers, professionals, and community
members (Network B) nested within the broader CCN (Network A), usually selected based
on existing social networks of individuals working to promote childhood health within a
coalition, their role within an organization whose activities are related to childhood obesity,
direct or indirect lived experience with the factors influencing childhood obesity in their
community, and based on capacity (e.g., time, funding) to participate. While committee
function is frequently described in research literature, little is known about the structure
of CCNs in context of a childhood obesity prevention intervention. However, based on
our previous research [9,34,68,69], we know that density and degree centralization start
relatively high in both coalition-committees and their respective coalitions. Thus, we
extend that research to include (a) five additional CCNs and (b) degree assortativity to test
the following hypotheses:

Hypothesis 1 (H1). CCNs that were drawn from existing coalitions will demonstrate higher levels
of density, degree centralization, and degree assortativity than the CCNs that were not drawn from
existing coalitions.

2.2. Sectors

Multi-sector collaborations bring historically siloed sectors together to build capacity
and solve complex systems issues. In childhood obesity prevention, the early childhood
and healthcare sectors generally make up most of the sector representation in community
coalitions working to improve child health outcomes. Research has shown that diversifying
sector representation in community coalitions is crucial for generating unique perspec-
tives on complex issues as well as increasing the capacity of the coalition to mobilize
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whole-of-community interventions [34]. However, little research exists on the status of
sector representation in CCNs, particularly among members who are the most connected
(i.e., have the highest number of relationships with other coalition members). Thus, this
study examines sector heterogeneity across each CCN as well as among highly connected
individuals within the CCN. The following hypotheses are tested:

Hypothesis 2 (H2). CCNs will display sector heterogeneity and nominal (sector) assortativity.

2.3. Community-Coalition Networks and Community Characteristics

A review of the literature indicates that childhood obesity prevention coalitions com-
mittees boast substantial diversity in their structure, behavior, size, sector representation,
and level of community involvement [30,70]. One would expect similar diversity in CCNs,
though evidence to support that is lacking. More research is needed comparing community
coalitions and CCNs, aiming to identify common patterns across discrete groups and
contexts. Thus, this study (1) compares CCNs to one another based on coalition-committee
size, coalition-committee membership (i.e., director, programmatic, or a combination of the
two), whether the coalition-committee was generated from an existing coalition or newly
formed, meeting frequency, and focus (e.g., health equity and/or WIC); and (2) compares
CCNs to one another based on their dissimilarity to their respective geographic community.
The following hypotheses are tested:

Hypothesis 3 (H3). Obesity prevention coalition-committees across participating communities
will be similar based on a set of CCN characteristics including coalition-committee size, frequency
in meeting, and focus.

Hypothesis 4A (H4A). Based on our and others’ previous research [2,3,71], CCNs will be dispro-
portionately female, white, and hold a bachelor’s degree or higher when compared to the community
they serve.

Hypothesis 4B (H4B). CCNs will cluster based on their coalition-community dissimilarity.

3. Methods

This research is part of an ongoing initiative called Catalyzing Communities funded
by the JPB Foundation to support the research and development of the SDCD theory, to
study the way communities across the country work together to reverse the trends that
drive childhood health disparities.

3.1. Sample

As seen in Table 1, the project currently works within five communities which we
refer to as communities 1 through 5 to maintain anonymity. In each of the communities, we
worked closely with two changemakers who were identified through existing partnerships
and who helped identify the individuals who should be in each coalition-committee. The
changemakers identified approximately 15 stakeholders to engage in the SDCD-informed
intervention process (see [9] for a description of the intervention). These stakeholders
formed the coalition-committees that participated in the intervention. The number of
stakeholders in each coalition-committee differs based on the initial conversations with
changemakers concerning who should be involved in strategic planning; and the capacity of
coalition-committee members to participate in the intervention. A main consideration was
inviting coalition-committee members who represented multiple sectors in the community.
Coalition-committees focused on children, with some focusing on all children 0–18 years
old and others focusing on early childhood. While each coalition-committee focused on
childhood health, their specific focus area varied, including childhood obesity prevention,
health equity, healthcare access, and food insecurity. The community in which each
coalition is imbedded tended to vary widely in population size, land area, race/ethnicity,
education, and gender (Table 1).
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Table 1. Summary of community and coalition-committee characteristics [72].

Community 1 2 3 4 5

Community characteristics
(2019)

Population estimate 514,213 46,655 385,282 541,482 594,548
Land area (mi 2) 785.0 4.8 82.5 226.7 96.8

Median household income
(USD) $53,739 $48,704 $20,407 $24,102 $25,266

Foreign born (%) 7.9 50.4 5.9 15.3 5.0

Race and ethnicity (%)

Hispanic or Latino (all races) 8.8 57.4 11.9 33.6 19.2
NH White 69.0 32.6 40.0 62.1 44.8

NH Black or African American 18.0 2.6 48.8 5.2 38.4
NH American Indian and

Alaska Native 0.2 0.0 0.5 3.7 0.8

NH Asian 2.2 3.8 2.6 3.2 4.3
NH Native Hawaiian and Other

Pacific Islander 0.1 0.1 0.1 0.2 0.0

NH some other race 0.1 0.2 0.1 0.1 0.2
NH two or more races 1.7 3.4 1.8 1.6 2.4

Coalition-Committee
characteristics

Coalition-committee size (n) 18 15 12 11 13
Bachelor’s degree and above

(%) 50.0 50.0 18.0 27.0 11.0

Female (%) 84.0 78.0 96.0 88.0 89.0
Target age 0–18 y 0–18 y 0–8 y 0–18 y 0–5 y

Coalition Focus Area(s) 1

Policy, practice,
and environmental

change; Health
equity; WIC 2

participation;
human-centered

messaging

Increase utilization
of community

resources among
underserved
populations;

increasing youth
physical activity;

mental health

Advocacy,
communications,

evaluation of early
care programs

Improve school
programs to

increase access to
healthy foods and
physical activity

opportunities;
mental health

Improve health
status of children
0–5 by increasing

resource
coordination across

the community

1 Focus areas were determined through group model building activities. The focus areas were used in multiple correspondence analysis as
part of coalition-committee dissimilarity measures. 2 Special Supplemental Nutrition Program for Women, Infants, and Children.

3.2. Procedures

Each coalition-committee was administered the Stakeholder-driven Community Diffu-
sion Survey to measure changes in knowledge of and engagement with obesity prevention.
This survey has demonstrated reliability [73]. We focused on the social networks and indi-
vidual sector affiliation of each coalition-committee member identified at baseline as well
as the broader intervention system. The surveys asked coalition-committee members to list
up to 20 people they discussed childhood obesity prevention with in the last three months
constituting their social networks [68,73]; they were also asked to identify their sector
affiliation. Individuals who were nominated via the survey were referred to as “first-degree
alters” in accordance with social network theory [74]. These nominated individuals also
became survey respondents in typical snowball or chain sampling fashion. Sampling con-
cluded after second-degree alters were identified. To facilitate first-degree alter recruitment,
the survey asked respondents to provide information about alters’ setting/sector, organiza-
tion, and title. Sector categories were generated through thematic analysis of open-ended
sector affiliation questions. This information was used by the research team to acquire
alters’ email addresses from publicly available sources such as organization websites and
in some cases confirmed with existing contact information of community partners. The
American Community Survey was used to generate descriptive statistics of community
characteristics used in the multidimensional analysis. Coalition-committee size, issue focus,
and meeting frequency was gathered from meeting notes with each coalition-committee.
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Tufts University Institutional Review Board reviewed and approved this study (ethical
approval codes for each community: 1833041, 19707023, 1908010, 00000844, 000001041).

3.3. Analytical Methods

Cross-sectional, undirected, social network analyses related to patterns of density, cen-
tralization, and homophily (i.e., degree and nominal assortativity) were conducted using
iGraph in R across 5 communities in the US. Each CCN was converted from a directed net-
work to an undirected network by using the “as.undirected” function in iGraph to collapse
mutual pairs and combine edge attributes. Network characteristics were compared within
and between communities: (1) Demographic (e.g., race/ethnicity, education attainment,
and gender) differences between coalition-committee plus first degree alters (gathered
from responses to the survey) and their communities (within system) were compiled across
each of the 5 communities to generate a plot using multidimensional scaling analysis to see
which coalitions cluster based on how similar or dissimilar they are to their community;
(2) Coalition-committee characteristics (e.g., size, issue focus, meeting frequency) were
compiled for each coalition-committee and compared across communities using multiple
correspondence analysis to determine how similar or dissimilar each coalition-committee is
to their community. Both the multidimensional analysis and the multiple correspondence
analysis were conducted using R. Multiple correspondence analysis requires packages
FactoMineR and Factoextra.

3.3.1. Network Measures

Network density, degree centralization, and assortativtity were calculated for each
CCN. Network density is calculated by taking the total number of ties present in the
network and dividing this number the number of possible ties. This yields a value between
0 and 1, with values closer to one indicating a more tightly knit network. Analyses of
within group densities were conducted to investigate whether there were discernible
differences in patterns of density of Network A (coalition-committee plus first-degree
alter ties), B (coalition-committee ties only), and C (first-degree alter ties only). Density is
dependent on network size, and as a result larger networks typically have lower levels of
density than smaller networks. Thus, the relative patterns of density are compared across
coalition-committees rather than within coalition-committees.

Degree centralization assigns a score based on the number of links held by each node.
It is calculated by taking the sum of the difference between the maximum centrality score
observed in a network and all other observed centrality values and then dividing this sum
by the maximum centrality value possible for all networks. Scores yielded are between
0 and 1, with scores closer to 1 indicating greater degree centralization. A network with
high degree centralization means that some individuals have many connections to other
individuals and those other individuals have relatively few connections. Degree centrality
is visualized in Figure 1, where each node size is scaled based on its degree centrality score.
For example, as seen in community 1’s CCN (panel (a), nodes are larger, more prominent
when compared to other CCNs due to the network’s higher degree centralization).

Assortativity, or the bias in favor of connections between network nodes with sim-
ilar characteristics, was calculated for network degree and sector heterogeneity. Degree
assortativity is the Pearson correlation coefficient of degree between pairs of linked nodes.
Positive values of r indicate a correlation between nodes of similar degree, while negative
values indicate relationships between nodes of different degree. In general, r lies between
−1 and 1, where r = 1 is perfect assortative mixing patterns, and r = −1 is a network that
is completely disassortative. Nominal assortativity is similar but was used to calculate
assortativity based on individual sector affiliation. Nominal assortativity of r = 1 is perfect
association between individuals of similar sector, and r = −1 is perfect disassortativity
between individuals based on their sector affiliation. Finally, a K-core analysis was run on
Network A of each CCN at baseline. In this study, a K-core analyses reveals the cluster
of the most connected individuals, with each cluster or core revealing individuals who
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are more highly connected than the previous core. This analysis aided in assessing which
sectors were represented among the most highly connected individuals in each CCN.
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overall coalition network (Network A) for each community included in the study. Nodes are sized by their level of degree
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side, colored to indicate sector (see panel (a) legend for sector color). Finally, thicker ties indicate connections between
coalition-committee members only (Network B).
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3.3.2. Multidimensional Scaling Analysis

Multidimensional scaling analysis (MSA) is a data analysis process that groups data
into data dimensions and measurements. Dimensions are categories used to classify data
such as geography and time. In this case, the dimensions are the percent difference between
the following CCN and community characteristics: race/ethnicity, education level, and
gender. These characteristics were used to see which CCNs cluster based on how similar
or dissimilar they are to their respective community. This clustering tells us whether
there are similarities across coalitions that should be considered when designing coalition
interventions. Reviewing clusters may help determine why two coalitions that have similar
outcomes cluster together based on their community attribute distribution. The clustering
may inform interventions that are underway, altering them to cluster among different
individuals to achieve diffusion in a specific direction.

3.3.3. Multiple Correspondence Analysis

Multiple correspondence analysis (MCA) was used to compare each CCN, to explore
whether there were any similarities across each Network A based on coalition-committee
characteristics. MCA uses nominal categorical data to detect underlying structures in
a data set by representing the data in a low-dimensional space. In this correspondence
analysis, the algorithm uses a CCN by variables matrix, where rows are the CCNs and
columns are the categories of the variables. Associations between variables are uncovered
by calculating the chi-square distance between different categorical variables and the CCNs.
Associations and hierarchies between individuals (in this case CCNs) are uncovered by
extending the multiple correspondence analysis to include hierarchical clustering outputs
and again calculating the chi-square distance between different CCNs. Coalition-committee
characteristics (e.g., CCN size, issue focus, and meeting frequency, each gathered from
meeting notes) were compiled for each coalition-committee and compared across CCNs
using MCA to determine how each CCN is similar or dissimilar. The following were the
included coalition-committee characteristics: coalition-committee size (below 15 or 15 and
above, to half the coalition-committees based on size); coalition-committee members’ role
within their organization (director, programmatic, or a mix); meeting frequency (monthly,
biweekly, or weekly); and, finally, various coalition focus areas such as health equity,
cross-sector collaboration, community mobilization, and food security.

4. Analysis and Results

Survey recruitment ranged from 195 (community 5) to 405 (community 4). Table 2
reports the results of each network measure. Figure 1 visualizes each network based on
these measures.

4.1. Social Network Analysis
4.1.1. Density

Comparing across CCNs, overall network density (Network A) is similar for com-
munities A, C, and E (0.012) with communities B and D being roughly half the others’
density (0.006). Comparing Network A to Network B, Network B is denser (commu-
nities B, C, and E). Network C is consistently less dense compared to Network B and
A; baseline connections between first-degree alters alone are less frequent than baseline
connections between coalition-committee members (Network B) or baseline connections
between coalition-committee members and first-degree alters (Network A). Comparing
within each coalition, Network B is denser than either Network A or C.



Systems 2021, 9, 66 11 of 20

Table 2. Summary of baseline network results.

Network
Measure

Community 1
(n = 343) 1

Community 2
(n = 236)

Community 3
(n = 311)

Community 4
(n = 405)

Community 5
(n = 195)

Network A:
Coalition-

committee + first
degree alters

Density 0.012 0.006 0.006 0.012 0.012
Degree

Centralization 0.081 0.083 0.007 0.055 0.096

Degree
Assortativity −0.37 −0.51 −0.40 −0.41 −0.52

Nominal (Sector)
Assortativity 0.16 −0.05 −0.15 0.28 −0.12

Network B:
Coalition-
committee

only

Density 0.088 0.024 0.077 0.054 0.013
Degree

Centralization 0.301 0.123 0.141 0.145 0.071

Degree
Assortativity −0.23 −0.67 −0.04 −0.50 −0.09

Nominal (Sector)
Assortativity −0.10 −0.28 −0.02 −0.06 −1

Network C: First
degree alters only

Density 0.004 0.005 0.020 0.005 0.007
Degree

Centralization 0.062 0.118 0.027 0.046 0.097

Degree
Assortativity −0.49 −0.51 −0.46 −0.54 −0.60

Nominal (Sector)
Assortativity −0.02 −0.19 −0.10 −0.12 −0.10

1 n is the total unique vertices in each overall network (coalition-committee + first degree alters) at baseline.

4.1.2. Degree Centralization

Comparing across CCNs, community 3 has a lower degree centralization for Network
A. For Network B, community 1 has approximately three times greater degree centraliza-
tion than other coalition-committees. Conversely, community 5 has approximately three
times fewer degree centralization than three other coalition-committees. For Network C,
community 2’s first-degree alters had fewer connections than other coalition-committees
while community 5 has greater connections among their first-degree alters only. Comparing
within CCNs, the general trend is higher degree centralization for the committee-only
network (Network B) and lower degree centralization for first-degree alters (Network C).
One exception is in community 5’s CCN which has greater degree centralization among its
first-degree alters as well as the overall CCN (Network A); coalition-committee members
tend to have more connections to their first-degree alters than to other coalition-committee
members at the beginning of the SDCD informed intervention; and first-degree alters tend
to have more connections to other named first-degree alters.

4.1.3. Homophily

Comparing across CCNs on degree assortativity, the general trend for each network
is negative, meaning individuals are generally connected to others of different degree
(i.e., others who are connected to a different number of individuals). This trend is less
so for communities 3 and 5’s coalition-committee-only network (Network B), where we
see lower degree assortativity when compared to other CCNs. When comparing within
CCNs, the same trend appears; the CCN for communities 3 and 5 are comparatively more
disassortative. Comparing across CCNs on nominal (sector) assortativity (visualized in
Figure 1 as node flag colors), communities 1 and 3 CCNs (Network A) show a correlation
between nodes of different sector affiliation. This trend does not hold true for Networks B
and C.

4.1.4. K-Core

Community 4 had five cores; communities 1, 2, and 3 had four cores; and community
5 had three. For community 1’s highest core, the early childhood and education sector
was represented the most (30.7%) and the community-based organization sector and
the academic sector were both represented the second most (23%). For community 2’s
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highest core, healthcare was a majority of sector representation (50%) and community-based
organizations came in as the second most prevalent sector (33%). For community 3’s highest
core, the early education and academic sectors made up a majority of sector representation
(each 27%). Community 4’s highest core showed that academic partners made up most of
the sector representation (48%) with healthcare making up 23%. Finally, community 5’s
highest core was 50% academic partner sector and 25% community-based organization.

4.2. Multidimensional Scaling Analysis

The MSA (illustrated in Figure 2) revealed one plausible cluster between communities
3, 4, and 5. That is, this cluster contains CCNs that are similar in their coalition-committee
and community race/ethnicity, education level, and gender differences. The other two
coalitions do not cluster with one another; based on the included CCN and community
characteristics, they do not have comparable dissimilarities.

Systems 2021, 9, x FOR PEER REVIEW 12 of 20 
 

 

disassortative. Comparing across CCNs on nominal (sector) assortativity (visualized in 
Figure 1 as node flag colors), communities 1 and 3 CCNs (Network A) show a correlation 
between nodes of different sector affiliation. This trend does not hold true for Networks 
B and C. 

4.1.4. K-Core 
Community 4 had five cores; communities 1, 2, and 3 had four cores; and community 

5 had three. For community 1’s highest core, the early childhood and education sector was 
represented the most (30.7%) and the community-based organization sector and the aca-
demic sector were both represented the second most (23%). For community 2’s highest 
core, healthcare was a majority of sector representation (50%) and community-based or-
ganizations came in as the second most prevalent sector (33%). For community 3’s highest 
core, the early education and academic sectors made up a majority of sector representation 
(each 27%). Community 4’s highest core showed that academic partners made up most of 
the sector representation (48%) with healthcare making up 23%. Finally, community 5’s 
highest core was 50% academic partner sector and 25% community-based organization. 

4.2. Multidimensional Scaling Analysis 
The MSA (illustrated in Figure 2) revealed one plausible cluster between communi-

ties 3, 4, and 5. That is, this cluster contains CCNs that are similar in their coalition-com-
mittee and community race/ethnicity, education level, and gender differences. The other 
two coalitions do not cluster with one another; based on the included CCN and commu-
nity characteristics, they do not have comparable dissimilarities. 

 
Figure 2. Multidimensional Scaling Analysis of Cross-Community Coalition Network Dissimilarity. Clusters represent 
Euclidean distances between CCNs that have similar dissimilarities. 

4.3. Multiple Correspondence Analysis 
Based on the multiple correspondence analysis scree plot of explained variance, 65% 

variance is explained by the first two dimensions, the first dimension being the most im-
portant, explaining the most variance, and the second dimension being the second most 
important, accounting for the second most variance. As seen in Table 3, the biplot of CCNs 
and representative categorical variables indicates clustering for communities 4 and 5 

Community 1, 
Cluster 2

Community 2, 
Cluster 3

Community 3, 
Cluster 1

Community 4, 
Cluster 1

Community 5, 
Cluster 1

-0.3

-0.2

-0.1

0

0.1

0.2

0.3

-0.5 -0.4 -0.3 -0.2 -0.1 0 0.1 0.2 0.3 0.4 0.5

C
O

O
RD

IN
A

TE
 2

COORDINATE 1

Figure 2. Multidimensional Scaling Analysis of Cross-Community Coalition Network Dissimilarity. Clusters represent
Euclidean distances between CCNs that have similar dissimilarities.

4.3. Multiple Correspondence Analysis

Based on the multiple correspondence analysis scree plot of explained variance, 65%
variance is explained by the first two dimensions, the first dimension being the most
important, explaining the most variance, and the second dimension being the second most
important, accounting for the second most variance. As seen in Table 3, the biplot of CCNs
and representative categorical variables indicates clustering for communities 4 and 5 CCNs
based on meeting frequency (i.e., biweekly), whether their coalition-committee was newly
formed (i.e., both are newly formed), and the level of coalition-committee membership (i.e.,
programmatic and director). It also indicates clustering for communities 2 and 3 based
on meeting frequency and a focus on health equity and cross-sector collaboration. The
hierarchical clustering map indicates a similar trend, where there are three optimal coalition-
committee clusters: (1) communities 4 and 5; (2) communities 2 and 3; and (3) community 1.
Community 1’s CCN does not cluster with another CCN based on their areas of focus
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as well as their coalition-committee size (above 15) and coalition-committee membership
(director level). These results indicate that there are similarities across coalition-committees
and their networks. These similarities may need to be taken in account when analyzing
coalition-committee network changes over time behavior [37]. Explaining variations in
coalition-committee characteristics over time may help explain variation in intervention
effects on individual and group behavior.

Table 3. Summary of multiple correspondence analysis cluster results.

Community Cluster Variables Informing Each Cluster

Community 1 Cluster 1 Coalition-committee focus on WIC (Special Supplemental
Nutrition Program for Women, Infants, and Children)

Community 2
Cluster 2

Meeting frequency; coalition-committee focus
(cross-sector collaboration)Community 3

Community 4
Cluster 3

Meeting frequency; newly formed coalition-committee; level of
coalition-committee membershipCommunity 5

5. Discussion

Using social network analysis, multidimensional scaling analysis, and multiple corre-
spondence analysis in this study begins to demonstrate that baseline CCN structure and
characteristics can differ. Further research examining the implications of these differences
on coalition-committee function and interventions involving coalitions is warranted. The
findings in this study illustrate that coalition-committee members and their first-degree
alters, which includes members of larger coalition in four out of five communities, have
substantial heterogeneity and have underlying or “hidden” features ([75]; Table 4). The
baseline structure and characteristics of CCNs was hypothesized to vary based on their
composition, and when compared to other CCNs in our sample working in childhood
obesity prevention, in several ways.

First, it was expected that CCNs that were drawn from existing coalitions would
demonstrate higher baseline levels of density, degree centralization, and degree assorta-
tivity (H1). Second, sector affiliation was expected to be heterogeneous across coalition-
committees and their first degree alters (H2). Third, coalition-committees were hypothe-
sized to cluster with each other based on a) their within-coalition-committee characteristics
and b) their coalition-committee-community dissimilarity (H3 and H4, respectively). Over-
all, these hypotheses were supported.

Building on these findings, the remainder of the discussion (1) explores the meaning
of baseline CCN structure when conceptualizing coalition-committees as network interven-
tions in the context of their broader coalitions and communities; (2) explores the utility of
these analyses and results for informing both network interventions and the feasibility of
PPE strategy implementation; (3) examines the utility of these analyses for use in iterative
coalition-committee feedback and development.
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Table 4. Summary of outcomes by hypothesis.

Hypothesis Test and Measures Outcome Potential Network
Intervention [76]

H1: CCNs within each of the
five communities will

demonstrate similar levels of
density, degree centralization,

and degree assortativity.

Social network analysis:
density, degree centralization,

degree assortativity.

This hypothesis was
supported. CCN density,

degree centralization, and
degree assortativity were

similar across communities.
However, these network
measures varied when

compared within each CCN
(Network B to Network C).

Segmentation *, or an approach
that identifies groups of

people that can be recruited to
change network properties,

can be used to bolster existing
density levels, or expand

density levels to other groups.

H2: Coalition-committees will
display sector heterogeneity

and nominal (sector)
assortativity.

Social network analysis and
K-core analysis.

This hypothesis was partially
supported. Network A across

CCNs displayed sector
heterogeneity. Two CCNs had
early education and schools

and healthcare sector majority,
three did not. The academic

and community-based
organization sectors both had

notable representation.

Depending on the level of
sector heterogeneity, Induction,
or interventions that facilitate
peer-to-peer interaction, can

be used to introduce and
connect individuals from

different sectors.

H3: Obesity prevention
coalition-committees across
participating communities

will be similar based on a set
of CCN characteristics

including coalition-committee
size, frequency in meeting,

and focus.

Multidimensional scaling
analysis.

This hypothesis was not
supported. CCNs tended to

cluster with other CCNs
based on these characteristics,
but in no particular pattern.

Depending on the goal of the
intervention,

coalition-committee size,
meeting frequency, and focus
can be shaped or altered using
baseline network data in what

is known as Individuals
network intervention.

H4A: When compared to the
communities in which they

are embedded,
coalition-committees will

cluster based on their
coalition-committee-

community dissimilarity,
which includes variables on
race/ethnicity, educational

level, and gender.

Multidimensional scaling
analysis.

This hypothesis was
supported. Three CCNs

clustered on their coalition-
committee-community
dissimilarity based on

race/ethnicity, education
level, and gender.

Alteration, or deliberately
altering the network to

improve desired network
composition, may be used
here to decrease coalition-

committee-community
dissimilarity.

H4B: CCNs will cluster based
on their

within-coalition-committee
similarity.

Multiple correspondence
analysis

This hypothesis was
supported. Three clusters

emerged: (1) communities 4
and 5; (2) communities 2 and

3; (3) and community 1.

Alteration, or deliberately
altering the network to

improve desired network
composition, may be used

here to shift
coalition-committee similarity.

* Note. More information on network intervention typology referred to in this table can be found in Valente and colleagues’ paper on
network interventions [77].

While conceptualizing community coalitions as an intervention that is theorized
to have cascading effects on the broader intervention system has been previously ex-
plored [41,78], examining baseline structure across several CCNs more closely to bolster
that conceptualization has not. Indeed, an emerging consensus of community coalition
structure and mobilization explores coalitions as intentional, bounded networks within
complex intervention systems. Research in this form generally explores coalitions as
inter-organizational networks [77,79]; individuals embedded in a broader system of or-
ganizations to intervene on a targeted issue [4]; as well as more structured, goal-directed
networks. Conceptually, this paper combines aspects of each approach to community coali-
tion structure and mobilization and adds cross-sectional dimension by exploring baseline
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CCN characteristics, especially within a centralized core or a coalition-committee within the
coalition. For example, our K-core analysis (H2) indicates that the most connected individ-
uals display greater sector heterogeneity, providing increased cross-sector collaboration. In
another example, individuals in communities 1 and 3 CCNs’ are relating to others outside
of their respective sector. Baseline CCN characteristics play a role in this conceptualization
as well. From our multidimensional scaling and multiple correspondence analyses, CCNs
are diverse but patterned. Conceptualizing coalition-committees as network interventions
for childhood obesity prevention should account for both differences between coalition-
committee and community demographics as well as similarities in coalition-committee
characteristics (e.g., size, focus) across discrete geographies.

Network interventions have received increased attention in the last decade [75,80,81].
For example, Valente and colleagues [76] describes four intervention types where network
data is used to identify individuals to act as champions (individual); direct the intervention
toward specific groups of people (segmentation); create intentional and novel peer interac-
tions (induction); and alter the network in some way (alteration). As applied in Table 4,
baseline CCN structure and characteristics reported here would theoretically, directly influ-
ence the design of network interventions of any of these types in several ways. First, initial
assessments of CCNs may change the type of network intervention amenable for a specific
context and among a specific coalition population. For example, our results indicate that
baseline levels of density are higher within coalition-committees rather than across the CCN
itself; network interventions focused on creating peer interactions, or segmentation, would
need to select specific peers outside of the coalition-committee for coalition-committee
members to interact with to increase density. In another example, our results indicate
that coalition-committee members may differ from the broader community in which their
coalitions are embedded in terms of demographic characteristics such as race/ethnicity,
education level, and gender. These differences can hinder implementation of interventions,
particularly health equity-oriented interventions where the populations that experience
health disparities (often Black, Indigenous, and People of Color and low income) differ
from those typically in community coalitions (often white and college educated).

Our analyses indicate that more research is needed to understand how baseline CCN
structure and characteristics influence the feasibility of PPE strategy implementation. In a
review by Korn and colleagues [30], researchers found that childhood obesity prevention
interventions that involved coalitions tended to engage community members in a greater
number of research phases and perceived coalition pacts included community capacity
building and intervention sustainability. Given the increase in childhood obesity preven-
tion interventions engaging community coalitions in problem identification, design and
planning, implementation, evaluation, dissemination, and sustainability, baseline coalition-
coalition-committee structure and characteristics need to be considered to provide initial
estimates of intervention feasibility at each phase. Though the interventions included
in the review are not network interventions, network composition and characteristics
may have influenced the results reported in each study. For example, one study, Romp
and Chomp [82], created a capacity building and environmental change intervention to
promote healthy eating and active play in early education and care settings backed by a
multi-sector management coalition-committee representing academia, healthcare, local
government, early education, recreation, local health departments, and oral health. A
decrease in BMI z-scores among 3–4-year-old children was seen, but how community coali-
tion structure and characteristics may have influenced that decrease is unknown. Results
from our study on sector heterogeneity suggests that researchers need to test whether
implementation of PPE change interventions should consider the baseline nature of CCNs,
to account for confounding or moderating effects on the achievement of positive childhood
health outcomes.

Finally, results from this study may have important implications for providing itera-
tive feedback to community partners during childhood obesity prevention interventions.
Researchers engage coalitions and/or committees in community-based childhood obesity
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prevention interventions in many aspects of the research process. During this engagement,
community-based researchers often provide iterative feedback to community partners in
the form of preliminary research findings or other informal reports [4]. Our results indi-
cate that the assessment of baseline CCN structure and characteristics may be important
information for community partners, and researchers, to use in (a) curtailing or expanding
coalition activities or PPE strategies; and/or (b) rethinking their approach to cross-sector
collaboration. While knowing whether a coalition has a sparse network (or low density)
may not help stakeholders with targeting their PPE strategies, being able to identify pockets
of greater density in the coalition than others in a sparse network may guide stakeholders
on whom to engage more intentionally. In a similar manner, information on baseline
sector representation (H2) may help community partners make decisions on which sector
needs to be represented in a strategic meeting. Future research in this area should examine
how the use of baseline CCN structure and characteristics can be used to bolster coalition
PPE efforts. In addition, because purposeful network alterations can be resource intense,
future research should focus on developing tools for rapid baseline analysis and result
dissemination to community partners.

Study Limitations

First, the findings in this study may not be generalizable beyond coalition-committees
and coalitions similar to those who participated. Our use of data from five communi-
ties is however a strength compared to a single case study. Findings can inform theory
related to community coalitions’ contributions to intervention systems and research on
community coalitions as networks. Second, given the nature of complex systems, there
are surely other structures and characteristics important to the examination of baseline
CCN composition that we did not include in this study. Third, the number of recruited
participants was smaller than the intended baseline sample. Thus, Network A, which
consists of coalition-committee members and their first-degree alters, is not representative
of the entire coalitions or professional network working on childhood obesity prevention
in a community. Finally, the coalition-committees convened for our intervention may not
represent coalition-committees that are formed under different circumstances.

6. Conclusions

The examination of baseline CCNs is an important step in determine the potential
role network structure plays in childhood obesity prevention interventions. Our results
indicate that implementation may need to consider the heterogeneity of CCN structure
and characteristics. This may be especially true when designing and implementing a
network intervention that aims to influence CCN structure and characteristics. Though
there were similarities across included CCNs in this study, investigators could use baseline
CCN structure and characteristics as data to tailor their interventions to local contexts.
For example, leaders and other highly influential individuals identified at baseline could
be subsequently and purposefully introduced to the network to create more meaningful
changes to network hierarchy. These changes may help community coalitions address local
issues by leveraging the social context to enhance existing and form new partnerships.
Future work in this area should consider CCN structure and characteristics longitudinally.
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