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As a public health problem, childhood obesity operates at multiple levels, ranging from individual health behaviors to school and
community characteristics to public policies. Examining obesity, particularly childhood obesity, from any single perspective is
likely to fail, and systems science methods offer a possible solution. We systematically reviewed studies that examined the causes
and/or consequences of obesity from a systems science perspective.The 21 included studies addressed four general areas of systems
science in obesity: (1) translating interventions to a large scale, (2) the effect of obesity on other health or economic outcomes, (3)
the effect of geography on obesity, and (4) the effect of social networks on obesity. In general, little research addresses obesity from
a true, integrated systems science perspective, and the available research infrequently focuses on children. This shortcoming limits
the ability of that research to inform public policy. However, we believe that the largely incremental approaches used in current
systems science lay a foundation for future work and present a model demonstrating the system of childhood obesity. Systems
science perspective and related methods are particularly promising in understanding the link between childhood obesity and adult
outcomes. Systems models emphasize the evolution of agents and their interactions; such evolution is particularly salient in the
context of a developing child.

1. Introduction

Childhood obesity is widely considered a critical public
health issue, but efforts to address it have yielded few clear-cut
answers either for clinical care or public health. Reductions in
childhood obesity have been attempted through a variety of
means, ranging from clinical interventions to public policies.
These failures to some degree reflect a misunderstanding of
the nature of obesity itself but also more deeply how the
multilevel nature of the phenomenon influences the way
research must approach the problem.

As a public health problem, obesity operates at multiple
levels, ranging from individual health (and other) behaviors
to parent-child interactions to community and school char-
acteristics to local, state, and federal public policies. These
different levels influence each other inways that are direct and
intended as well as through subtle, unanticipated effects that

appear over time. Take, for example, efforts to improve access
to play spaces to reduce childhood obesity. Building a public
park may offer individuals living within walking distance an
opportunity to walk even more as well as play structures for
children. Disruptions in traffic patterns, however, may make
it more difficult for those living somewhat further away to
walk at all. Matters may becomemore complicated if the park
stimulates the development of relevant amenities (such as
bars and ice cream parlors). Over time, housing prices in the
area of the park may improve, changing the socioeconomic
and racial composition of the neighborhood. Understanding
the effects of the park requires considering both timing and
the effect for whom. Even those originally benefiting from the
park eventually may drive to the park (increasing traffic) and
walk some, but less than they had walked otherwise. And of
course, the park has a range of other effects that policymakers
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and society value other than obesity, such as the time families
spend together. Clearly, assessing whether individuals who
live near the park exercise in the park a year after it is built is
a very limited—indeed even misleading—perspective on its
impact and merits.

Systems science offers a means of identifying and under-
standing the complex relationships involved in public health
policies. It recognizes that policies are based on complex,
interdependent, and evolving relationships and include het-
erogeneous agents (e.g., individuals, companies, or civic asso-
ciations) acting in their own perceived self-interests. Time
matters, as relationships among the agents have a history and,
as a result, can develop stability or even inertia. In a complex
system, intervention in one aspect will have unanticipated
effects, often delayed and nonlinear. Such effects are not
exceptions but the norm [1]. Feedbacks play a major role in
the systems perspective, and theymay be positive or negative.
Negative effects often act to restore the system to its prior
state and thus thwart any effort to change part of the system.
Systems scientists call this tendency “policy resistance” [1, 2].
As with our public park, communities have a life of their own,
reflecting and shaping the behavior of individuals within
them.

Many of these notions are particularly salient for the study
of obesity, especially obesity among children, which com-
bines the complex nature of obesity with the developmental
aspects of childhood. Obesity prevention and treatment
among children has a long history of disappointing results,
and such failures come as no surprise to systems scientists.
Much of the research addressing childhood obesity—and
thus the dissemination of this work to the practitioners who
most need it—is conducted and grounded intellectually in
traditional clinical and public health environments.

This paper describes the past use of systems thinking
and models in health and obesity research and lays out an
approach for future research, grounded in a systems model
resting on nine properties characterizing obesity among
children. We first review those properties and systematically
review the use of systems tools in obesity research. We then
present a systems model of childhood obesity.

2. Systems Science Methodologies

Systems science represents a comprehensive perspective
for understanding broad social and health problems. One
key tool is simulation modeling, grouped into three broad
conceptual paradigms: system dynamics modeling (SDM),
agent-based modeling (ABM), and discrete event simulation
(DES) [3]. Many problems can be framed so that any of
the three methods could be used, but the methods have
distinguishing features that lend themselves to certain types
of problems.

SDM is the oldest and arguably most common of these
three methods [4]. Models in SDM emphasize causal feed-
back loops and unintended consequences. SDM acknowl-
edges the exchange of resources among agents to produce
both desirable and undesirable outcomes. This method is
distinguished by an emphasis on stocks and flows. Stocks

represent accumulations and characterize a system at a point
in time; they provide systems with inertia and memory [2].

DES also describes complex systems over time and the
conversion of inputs into outputs. DES revolves around
“events” [5] that involve entities (e.g., individuals, firms)mov-
ing between different states (e.g., health, production). Key
features are that different stages or different entities involve
shared resources and the importance of timing. Entitiesmove
along different stages in the process in sequence, exiting one
stage and moving to the next when space is available.

Agent-based modeling focuses on the broadly charac-
terized pattern of interactions among individuals [6]. These
models emphasize the “influence” individuals exert on each
other, whether communication of diseases or interest in pur-
chasing certain goods. These models can illuminate patterns
of aggregate behavior that emerge from simple models of
individual behavior; some of the former may be relatively
robust to alternative models of the latter. This approach
is dynamic: individuals or a population may accumulate
experience that shapes further choices and development.

The three broad paradigmshavemany common elements,
such as understanding unanticipated consequences of choices
or aggregate patterns of behavior that were not explicable
when judged from the ground up (at the level of the indi-
vidual agent or entity). All have advantages over alternative
approaches, such as Markov models one finds in economic
evaluation of health policies [7]. The three paradigms have
remained somewhat distinct partly for conceptual reasons,
but these differences are smaller than in the underlying
programming approaches. Current programming allows the
various types of systems science to be combined, creating
even more powerful ways of examining policies.

3. Systems Science in Health

Systems science methodologies are increasingly used in
health services and public health research. This growth has
been stimulated by a recent joint report from the Institute
of Medicine and the National Academy of Engineering,
“Building a Better Delivery System” [8]. Health care and
public health have increasingly been recognized as complex
systems, where addressing problems requires considering the
entire system.

Some studies have demonstrated the utility of systems sci-
ence models in a variety of health and health care situations.
These include influence of individuals’ interactions on risky
drinking behavior [9], interventions to reduce childhood
caries [10], and how altering personnel affects emergency
department throughput [11]. The breadth of potential use
for systems science models in health care demonstrates how
they may become a critical tool in the development of health
policy, including childhood obesity policy [12].

3.1. Nine Properties on Which to Build a Systems Model
of Obesity. Obesity in general and childhood obesity in
particular raise important issues of interest to system science
[13–15]. Conventional obesity research suffers from many of
the limitations that affect any effort to understand systems
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without a system perspective. At its essence, obesity raises
key systems questions for several reasons. A report from the
Institute of Medicine, “Bridging the Evidence Gap in Obesity
Prevention”, discusses the systems science perspective and
the needs in obesity research [16]. Although not directly
drawn from “Bridging the Evidence Gap”, we identify and
propose the following nine properties as critical to obesity.
Importantly, the effect of obesity-related public health poli-
cies requires considering all of the properties.

(1) Obesity prevention and treatment is a common
resource allocation problem, and a full understanding
of the entire system is required to make appropriate
allocations.

(2) Obesity both shapes and reflects a range of other
issues. That is, it is both an outcome of certain
conditions and a cause of others.

(3) Both obesity and its consequences are evolving devel-
opmental processes, which offer multiple points for
interventions.

(4) Obesity is determined in a social process that involves
families and peers.

(5) Obesity occurs in an environment that moderates the
influence of processes operating at other levels.

(6) Many interventions can be assessed only over time
and have unanticipated effects.

(7) People are highly heterogeneous in their biological
systems and predispositions toward obesity.

(8) Individuals all have a defined “space” within the
system, both among other individuals and geograph-
ically, and that place influences obesity.

(9) Individuals have imperfect knowledge about obesity.

The properties were not identified because of their link
to systems science, but rather because they are fundamental
aspects of obesity. In their discussion of systems science
in public health, Luke and Stamatakis [17] present some
key features of systems science models. These items are
listed in Table 1 and mapped to the above obesity properties.
Foremost, obesity reflects a nexus of forces that all act to
have individuals consume more energy than they expend.
These forces include individual, family, and community.That
obesity reflects a multilevel process is well established. What
is lacking is an analytical method for understanding this
process. Systems science is a natural fit for obesity research.

3.2. Past Use of Systems Tools in Obesity Research. Levy and
colleagues [18] recently reviewed simulation models in obe-
sity research, demonstrating a wide variety of model types
used to address obesity. Our goal is to build upon this
knowledge to provide a systematic examination of how
systems science methods have been used to examine obesity
from a clinical and public health perspective.

Table 1: Systems science properties and nine properties of obesity.

Systems science properties Obesity properties

Breadth

Obesity prevention and
treatment should be
considered a common
resource allocation problem

Feedback Loops Obesity shapes and reflects a
range of other issues

Dynamic systems in real
time

Obesity and its consequences
are developmental processes

Interactions of individuals
actors

Obesity is a social process
involving families, peers, and
other individuals

Interactions between
multiple levels

Obesity operates within a
community environment that
moderates family and
individual levels

Complex relational
structures

Interventions can only be
assessed over time and can
have unanticipated results

Heterogeneous actors

People are heterogeneous in
their biological and behavioral
predispositions towards
obesity

Spatial Individuals all have a space
within the system

Bounded rationality Individuals have imperfect
knowledge about obesity

4. Methods

We performed a systematic literature review of studies that
used systems science methodologies to study obesity in the
context of public health. Although few studies use a full
systems science perspective, we attempted to identify studies
that are developing the pieces of useful models.

4.1. Search Strategy. We chose to focus on the types of
models used in systems science as the basis for our search
strategy. We searched PubMed and Web of Science (ISI)
through March 2012 using “obesity” AND the following key
words and phrases: (“simulation model”), (“agent-based”),
(“discrete event”), (“system dynamics” OR “systems dynam-
ics”), (“network analysis”), (“Markov simulation”), (“dynamic
microsimulation”), and (“systems science”). For our purposes
here, we chose not to search other databases in fields such
as economics. Although these areas may include additional
studies presenting relevant models, we hope to capture
findings that aremost consistently accessed by the audience of
public health and clinical scientists seeking to understand—
and intervene in—obesity.

Although network analysis and Markov simulation are
not, themselves, systems science methods, we have included
them in the keywords because studies using these methods
may approach obesity from one of the nine properties
listed in Table 1. Network analysis, in particular, provides
critical information about the relationships among agents in
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the system. We also recognize that this strategy may not rep-
resent comprehensive coverage of all obesity-related “systems
science” studies. However, we believe it provides a reasonable
representation of systems science as currently used in public
health obesity research.

4.2. Inclusion and ExclusionCriteria. Inclusion of articles was
based on the use of techniques that addressed any of the
properties of systems science listed in Table 1. Our goal is
to identify research that approaches obesity from a systems
perspective, even incrementally. In order to be included in
our review, studies had to meet all of the following criteria:

(1) must examine obesity in the framework of systems
science or using one or more of the properties of
systems science as described in Table 1,

(2) include original analyses, rather than discussing only
how systems science could be used, and

(3) must include obesity in the model, as a predictor
and/or outcome. Although obesity-related behaviors
can be (and often are) modeled without obesity
included, our intention is to see and determine how
models have used obesity specifically.

We excluded studies that examined only the biolog-
ical system of the individual. Although systems science
approaches can be and have been used to understand the
physiological mechanisms of obesity, we are primarily inter-
ested here in a discussion of clinical and public health, and of
understanding themacrolevel use of systems science.We also
excluded studies not published in English.

4.3. ReviewProcess. One author (ACS) reviewed the abstracts
of all articles that were retrieved from the search results to
determine if they met inclusion criteria. We then obtained
the complete article and applied the exclusion criteria to
create the final list of included articles. We then reviewed
the references of our included studies to identify additional
articles of interest.

5. Results

We identified 112 articles using the search criteria described
above (Figure 1). We excluded 64 after abstract review: the
most common reasons for exclusion were that the article
addressed physiology and did not address obesity or were
commentaries about systems science models. Of the 48
remaining articles, we excluded an additional 31 articles, pri-
marily because they did not include obesity in their analyses,
leaving 17 articles included in our review. We reviewed the
references in the 17 articles to identify any potential articles
that may have been missed using our other search methods,
resulting in four additional articles included in our review.

The 21 included studies addressed four general areas of
systems science in obesity: (1) translating interventions to
a large scale, (2) the effect of obesity on other health or
economic outcomes, (3) effect of geography on obesity,
and (4) the effect of social networks on obesity. Table 2

Pubmed
79

Abstracts
reviewed

112

Excluded
64

Articles
reviewed

48

Excluded
31

Included
17

Final inclusion
21

Snowball 
additions

4

ISI
33 nonduplicates

Figure 1: Schematic of search process.

demonstrates the properties of systems science that each
article addressed.

5.1. Translating Obesity Interventions to a Large Scale. The
most common systems science studies examine how inter-
ventions could change obesity or obesity-related outcomes
on a large scale. Overall, efforts to use true systems science
approaches have been most common in this area. These
studies fall into two general categories: (a) those examining
the effect of a hypothetical intervention or change and (b)
those aggregating results of previously studied interventions
to a large scale.

5.1.1. Hypothetical Interventions. Goldman and colleagues
used a dynamic microsimulationmodel to examine the effect
of risk factor prevention in Americans aged 51 and older [19].
Themodel defined an individual’s probability of transitioning
from one state (e.g., health) to another (e.g., cardiovascular
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Table 2: Properties of systems science addressed in the included studies.

Breadth Loops Dynamic
systems

Interaction
of agents

Multiple
levels

Complex
structures

Heterogeneous
actors Spatial Bounded

rationality
Interventions

Goldman et al. X
Goris et al. X
Veerman et al. X
Jones et al. X X X X
Bemelmans et al. X X X
Hoerger et al. X X X X
Hoerger et al. X X X X
Hall et al. X

Comorbidities/Costs
Fesinmeyer et al. X
Kong et al. X
Losina et al. X
Neovius et al. X
Van Baal et al. X
Wang et al. X
Bibbins-Domingo et al. X
Lakdawalla et al. X
Thompson et al. X

Geography
Edwards and Clarke X
MacDonald et al. X

Networks
Christakis and Fowler X X
Valente et al. X X

disease) and demonstrated reductions in disease burden and
costs from hypothetical treatment scenarios.

Goris and colleagues focused on the interaction of mul-
tiple levels in their examination of the effect of television
food advertising on obesity in children in six countries [20].
By using estimated obesity prevalence and differences in
advertising, theymodeled the proportion of obesity related to
advertising, demonstrating significant reductions with the
hypothetical elimination of television food advertising. Veer-
man and colleagues use a similar framework to examine the
effects of reducing television food advertising on obesity in
US children. [21] They find that reducing television advertis-
ing to zero would result in a reduction of the prevalence of
obesity in children by 2.5 to 6.5 percentage points.

Jones and colleagues describe the development of dy-
namic simulation model of population-level diabetes devel-
opment and control [22]. This well-defined model estimates
future increases in diabetes prevalence and diabetes compli-
cations. Additionally, the model is used to test the effect of
several hypothetical scenarios of improvements in diagnosis,
management, and reductions in obesity, all of which reduce
the prevalence of diabetes and/or diabetes complications.

5.1.2. Previously Studied Interventions. Bemelmans and col-
leagues developed a dynamic simulation model to exam-
ine the effects and cost-effectiveness of applying previously
developed intervention on a national level for obesity in
The Netherlands [23]. Using states based on age, weight,
and physical activity, they simulated how population-level
interventions would affect the transition between states and
the resulting effects on health outcomes and costs.

Hoerger and colleagues developed a Markov simulation
model to examine the progression of diabetes and the effect
of diabetes screening in theUS population [24].This dynamic
model used several “modules”—screening, prediabetes, and
diagnosed diabetes—and different, previously studied inter-
ventions for each state. They were able to demonstrate
the cost-effectiveness of screening and a prevention-focused
lifestyle intervention.

Using a similar model to the one described above, Ho-
erger and colleagues incorporated bariatric surgery in order
to examine the effect of this intervention in individuals with
newly diagnosed or established diabetes [25]. They find that
bariatric surgery appears to be relatively cost-effective for
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severely obese patients with diabetes although improvements
in diabetes decline over time.

Hall and colleagues used a dynamic simulation model
to examine a variety of weight-related outcomes and other
factors. Specific to public health, they demonstrate that
their dynamic simulation (as opposed to linear estimation)
shows that a tax on sugar-sweetened beverages would have a
much smaller effect on population-level weight than previous
reports [26].

5.2. Effect of Obesity on Comorbidities/Other Outcomes. Stud-
ies to examine the effects of obesity on other outcomes,
including comorbidities, have primarily used dynamic simu-
lationmodels. However, these have not included the feedback
loops or complex structures that have been used in studies
that aimed to predict the effects of interventions. Rather, they
have focused on the probability of changing states (e.g., no
disease to disease) and the results on prevalence of conditions
or costs.

Fesinmeyer and colleagues used amicrosimulationmodel
to examine the contribution of obesity to prostate cancer
mortality [27]. Their model is based on previous work
showing the relationship between prostate cancer and obesity.
They were able to estimate how obesity increases the risk
of prostate cancer and that despite the overall decreases in
prostate cancer mortality, the declines were limited by the
increase in obesity.

Kong and colleagues developed a disease simulation
model of the how obesity affect esophageal cancer [28].
Using previously-studied relationships between obesity and
esophageal cancer, they compared the expected trend given
constant obesity since 1970 and the observed trend with the
increase in obesity. The results showed that about 7% of the
cancer cases were attributable to obesity.

Losina and colleagues used a policymodel to examine the
relationship between knee osteoarthritis, obesity, and mor-
bidity [29].Themodel is based on transitions between health
states based on the combinations of obesity and arthritis.
They showed that both of these conditions, and the combi-
nation of the two, had a significant impact on morbidity.

Neovius and colleagues developed a Markov simulation
model to examine prematuremortality attributable to obesity
and smoking in Swedish men [30]. This simulation of cohort
over 40 years demonstrated that a reduction in obesity would
yield a reduction in premature deaths, but the reduction was
small compared to that of eliminating smoking.

van Baal and colleagues used a chronic disease model
to examine the effect of obesity on total lifetime health care
costs [31]. Their model allowed comparison of lifetime costs
under different scenarios of changes in incidence, health care
costs, and relative risks. Although a substantial portion of
health care costs can be attributed to obesity, the increased
life expectancy with obesity reduction yielded no reduction
in lifetime health care costs.

Wang and colleagues used a simulation model based on
expected obesity trends in the US and the UK in order to
examine the effect of obesity on health and costs [32]. They

demonstrate that obesity makes significant contributions to
morbidity, mortality, and costs.

Similarly, Lakdawalla and colleagues used a simulation
model to examine life expectancy, disability, and costs asso-
ciated with obesity at age 70, based on transitions among
various disease states [33]. Not surprisingly, the results
demonstrate increased costs and fewer disability-free years
among obese individuals.

Bibbins-Domingo and colleagues use the CoronaryHeart
Disease Policy Model to examine how current adolescent
obesity will affect future CHD prevalence [34]. They demon-
strate varying increases in the prevalence of CHD in adult-
hood based on different assumptions about obesity change.
They also show decreases in CHD prevalence based on
successful treatment of hypertension and dyslipidemia.

Thompson and colleagues developed a dynamic model to
examine the effect of age and obesity on the risk of developing
several obesity-related diseases and the subsequent costs [35].
Their results demonstrated a combined effect of age and
obesity on disease risk and projected costs.

5.3. Effect of Geography on Obesity. Two studies examined
the influence of spatial position on obesity. Edwards and
colleagues developed a spatial microsimulation model called
SimObesity to examine small-area influences on obesogenic
behaviors in the United Kingdom [36]. Their results demon-
strate clear differences in how low social capital, obesogenic
behaviors, poverty, and deprivation and safety affect obesity
in different small areas.

MacDonald and colleagues used network analysis to
examine the effect of distance to food outlets on BMI in an
urban area of the United Kingdom [37]. They demonstrated
very few relationships between distance to a food outlet and
BMI.

5.4. Effect of Networks on Obesity. Two studies examined
the interactions between agents (individuals) in the devel-
opment of obesity. Christakis and colleagues developed a
social network analysis to examine the spread of obesity
among individuals in the Framingham Heart Study [38].
They demonstrated clear ties in the development of obesity
among individuals with social relationships, particularly for
same-sex friends, spouses, and siblings.Theirmodel included
geographic distance, which indicates that the immediate
environment was less important than the social environment.

Valente and colleagues extended these findings to exam-
ine obesity among adolescents and their friends [39].
Although they did not have the benefit of longitudinal data,
they were able to demonstrate significant clustering, with
adolescents who have friends who are overweight more likely
to be overweight themselves.

6. Discussion

A limited amount of research addresses obesity from a sys-
tems science perspective. Conspicuously few studies examine
childhood obesity from a systems perspective, with only
two focusing on children—one examining a hypothetical
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Figure 2: Systems model of childhood obesity.

intervention regarding food advertising and the other show-
ing network clustering of obesity in adolescents. System
dynamics modeling is the most common, consistent with
its longer history of use in research. However, the largely
incremental approaches used in current systems science lay
a foundation for future work, and an examination of the
shortcomings of current research provides critical insight
into how such approaches can be used in ways that yield
maximum benefit.

A myopic, ground-level view of obesity leads to interven-
tions likely to fail; worse still, that same perspective infuses
research, making it difficult for researchers to develop a
system-level perspective. A program seems to fail; yet that
intervention may very well have been necessary but not
sufficient to change the behaviors that influence energy intake
and obesity as a result.

What does a system-level perspective reveal about obe-
sity? Obesity in an individual does not occur in isolation.
That individual acts within a particular genetic, social, and
environmental milieu. Although understanding isolated fac-
tors is useful, how we improve obesity from a public health
perspective requires a much deeper examination of how all
these factors interact.

One of our inclusion criteria—that obesity be either an
outcome or a predictor—reveals a critical failure in our
current understanding of the obesity epidemic. The world
for which obesity interventions are designed focuses heavily
on obesity as an outcome. However, in the real world—the
system in which people live—obesity is both a predictor

and an outcome. It is this feedback loop that is critical to
understanding how to address obesity.

Another critical failure in understanding how to address
the childhood obesity epidemic is the lack of long-term stud-
ies that demonstrate the effect of interventions in childhood
on adult obesity and disease. This is, of course, due to the
difficulty in developing long-term studies, and exploring the
effect of the entire menu of childhood interventions on adult
health is likely an impossible task.

6.1. A Model of Childhood Obesity for Systems Science. Over-
all, systems science is developing a clear foundation for
application in obesity. Using systems sciencemethods is most
critical in childhood obesity, where the effects of behaviors
or interventions on long-term outcomes cannot be fully
tested using standard research methods. the development
of effective interventions requires an understanding of the
physical and social environments, the role of the medical
system, the progression of disease, and the effect of this
system in childhood on future adult outcomes. In order to
guide future systems science approaches, we have developed
a model that includes the overall system in which childhood
obesity develops and perpetuates (Figure 2).

Figure 2 describes the conceptual model on which sys-
tems science models of childhood obesity can build. It is built
upon the nine properties of obesity research discussed earlier,
as well as the limitations identified in the literature review.
The model as a whole (1) considers the effect of allocating
resources to different areas for prevention and treatment, (2)
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demonstrates that obesity is both a cause and an outcome,
and (3) that obesity is a dynamic, developmental process; the
(4) relationships among individuals and (5) their interactions
with the environment can affect the components other than
behavior and obesity itself. By combining multiple submod-
els, it (6) emphasizes the complex relational structures and
(7) the heterogeneity of the individual in their risk for obesity
and for related diseases. Finally, (8) each individual has a
“space”—both geographically and among others, and (9) the
knowledge available to the individual can influence all other
aspects of the system.

6.2. A Vision for Future Research. Limitations of current
research are the basis for development of our vision of future
research,which is reflected in ourmodel of childhood obesity.
Specifically, current studies, for themost part, do not combine
the effects of interventions with the resulting outcomes.
Systems science methodologies can bring to public health
and obesity the ability tomodel how a particular intervention
might affect a larger population—including interaction with
other interventions, implementation, how individuals inter-
act with others, and what health improvements and cost dif-
ferences would be attributable to that intervention. A second
limitation with the current approaches is that there is little
consistency in the outcomes predicted in terms of time, such
as health expenditures. These models yield vastly different
interpretations, from obesity being a significant contributor
to health care costs to no differences in lifetime expenditures.
A third limitation is that current studies examining what
influences behaviors have typically not extended the results to
the effect on obesity. Although such studies [40–46] provide
important foundations to understanding how environments
and networks affect behaviors, using these results in public
health requires additional understanding of how changes
in behaviors result in obesity changes. The limitations of
the current research should only be construed in terms of
their limitations toward a broad understanding of childhood
obesity. Understanding of systems requires research on the
individual components aswell as the broader picture. Current
research is not inherently limited—it simply has not been
used to its maximum potential. Systems science is one way to
expand current knowledge inways highly applicable to policy
development.

Our description of a hypothetical park hardly strains the
imagination of anyone who has been to a park. Indeed, our
suspicion (and hope) is that the reader thought of examples
of places s/he had been as s/he read that paragraph. As noted,
however, a single study or line of research generally does not
capture the complexity implied by our example. To do so
requires a new vision for obesity research thatwe outline here.

First and foremost, no single study can provide the data
needed to understand these processes. It has become clear
that in many areas, research has to be combined in an
overarching vision. A single study has to offer a partial view
for a range of reasons (including but not limited to research
budgets). In terms of childhood obesity, which results from
actions at multiple levels, appropriately combining multiple
studies is the only way to fully understand the problem.
Related to this, a vision that combinesmultiple studies offers a

means to prioritize research.When one tries to complete such
a model, it is often quite clear that a duplicative multitude of
studies are available for one part of a model with little, if any,
research on another part.

Second, no single field can provide the theoretical
insights, methods, and guidance required for this vision
of research. Studies outside of the “obesity literature” have
an important role to play in the model. In the case of
our park, it seems clear that expertise in a range of top-
ics is needed–exercise physiologists, nutritionists, recreation
scientists, transportation researchers, real estate experts, to
name just a few.

Third, research in this area needs a broader understand-
ing and greater emphasis on time. Research at a microlevel
points the way in that regard. A key issue with weight loss is
not losing weight but maintaining the loss. A dynamic model
(biological and behavioral) highlights the role of feedback to
understand how and why individuals tend to regain weight
lost [47]. Research that begins with the presumption that
”all else is held constant” is doomed to fail. Systems are
continuously changing. Obesity well illustrates how quickly
population health can change. For example, the percentage
of children who are obese in the United States increased
by nearly one-third between 1999-2000 and 2007-2008. In
the last two years, however, rates have actually declined
[48]. Obesity itself is an ever-moving, dynamic target which
means that research based on ceteris paribus will never reach
maximum impact—and obesity is but a single summary of a
large, complex system.

This work also rests on a broader understanding of
the development of research as well. A model like we are
describing here would not be developed, used to answer a
specific question or test a single hypothesis, and then put
aside. Rather it would continue to grow as new studies shed
(better) light on key aspects of it. Indeed new agents or
participants would enter the model over time. Currently, we
often think of the research process as a series of studies, rather
than one study that both continues perpetually (not unlike
a longitudinal cohort study) and changes constantly (very
much unlike most longitudinal studies). Pushing forward
such as innovative and forward-thinking researchwill require
understanding of the nature of systems science by the overall
research community.

One might argue that the vision of research here is
too ambitious—that it involves the determinants and conse-
quences of obesity for everyone at different time points in the
lives of individuals and communities. However, this vision is
exactly what we want public health policy makers to do—
to make decisions that improve the public health now and
in the future. There are many examples where a failure to
embrace such a vision leaves key questions unanswered. For
example, translational research involves developing clinical
interventions and implementing them in public health sys-
tems. Often such efforts to make this transition fail and we
know relatively little about how tomake successful transitions
from bench to bedside (type 1) and bedside to curbside (type
2). With a systems model and the understanding it provides,
these failures, if not prevented, then could inform the systems
model and improve the chances of future transitions.
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7. Conclusion

What does a system-level perspective reveal about childhood
obesity? Obesity in an individual does not occur in isola-
tion. That individual acts within a particular genetic, social,
and environmental milieu. Although understanding isolated
factors is useful, how we improve obesity from a public
health perspective requires a much deeper examination of
how all these factors interact. Systems science methods have
been used to help understand the complex physiology of
obesity within an individual [49, 50]. Ideally, we would
eventually combine these as additional levels to the overall
“obesity system.” However, to do so will require significant
interdisciplinary teamwork, including basic scientists, clini-
cal scientists, public health researchers, and researchers with
systems science knowledge and the skills to apply it to many
different levels, and only then will we improve our ability to
undertake such examinations, from a truly dynamic, system
perspective.
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