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A systems approach to obesity

Bruce Y. Lee, Sarah M. Bartsch, Yeeli Mui, Leila A. Haidari, Marie L. Spiker, and Joel Gittelsohn

Obesity has become a truly global epidemic, affecting all age groups, all popula-
tions, and countries of all income levels. To date, existing policies and interventions
have not reversed these trends, suggesting that innovative approaches are needed
to transform obesity prevention and control. There are a number of indications
that the obesity epidemic is a systems problem, as opposed to a simple problem
with a linear cause-and-effect relationship. What may be needed to successfully ad-
dress obesity is an approach that considers the entire system when making any im-
portant decision, observation, or change. A systems approach to obesity prevention
and control has many benefits, including the potential to further understand
indirect effects or to test policies virtually before implementing them in the real
world. Discussed here are 5 key efforts to implement a systems approach for obes-
ity prevention: 1) utilize more global approaches; 2) bring new experts from discip-
lines that do not traditionally work with obesity to share experiences and ideas
with obesity experts; 3) utilize systems methods, such as systems mapping and
modeling; 4) modify and combine traditional approaches to achieve a stronger sys-
tems orientation; and 5) bridge existing gaps between research, education, policy,
and action. This article also provides an example of how a systems approach has
been used to convene a multidisciplinary team and conduct systems mapping and
modeling as part of an obesity prevention program in Baltimore, Maryland.

INTRODUCTION

Obesity has become a truly global epidemic, affecting

all age groups, all populations, and countries of all in-

come levels.1,2 Worldwide, over 1.9 billion people are

obese,3 with approximately 10% of children aged 5 to

17 years overweight in 20044 and 40 million preschool

children overweight in 2008.5 Many countries in

nearly all continents have either high or rising obesity

rates,2,3 and 65% of the world’s population lives in a

country where overweight or obesity causes more mor-

tality than underweight.3 In the United States, ap-

proximately 70% of adults and 32% of children are

overweight or obese, with a continuing rising trend.6,7

To date, existing policies and interventions have not
reversed these trends, suggesting that new innovative

approaches are needed to transform obesity preven-
tion and control.8 As a 2013 Institute of Medicine re-

port suggested, what may be needed is a systems
approach to addressing obesity.9 In this paper, we

introduce the concept of a system and posit that obes-
ity is a systems problem. We then describe what is

meant by a systems approach, detail the benefits of
such an approach, discuss 5 key efforts that comprise a

systems approach to obesity, and offer an example of a
systems approach to obesity prevention in Baltimore.

Affiliation: B.Y. Lee, S.M. Bartsch, L.A. Haidari, Y. Mui, M.L. Spiker, and J. Gittelsohn are with the Global Obesity Prevention Center (GOPC),
Johns Hopkins University, Baltimore, Maryland, USA. L.A. Haidari and Y. Mui are with the Pittsburgh Supercomputing Center (PSC),
Carnegie Mellon University, Pittsburgh, Pennsylvania, USA.

Correspondence: B.Y. Lee, MD MBA, Global Obesity Prevention Center (GOPC), Department of International Health, Johns Hopkins
Bloomberg School of Public Health, 615 North Wolfe Street, Room W3501, Baltimore, MD 21205, USA. E-mail: brucelee@jhu.edu. Phone:
þ1-410-502-6079.

Key words: global health, modeling, obesity, systems science.

VC The Author(s) 2016. Published by Oxford University Press on behalf of the International Life Sciences Institute.
All rights reserved. For Permissions, please e-mail: journals.permissions@oup.com.

doi: 10.1093/nutrit/nuw049
94 Nutrition ReviewsVR Vol. 75(S1):94–106



WHAT IS A SYSTEM?

A system is composed of a group of different compo-

nents that are interconnected; these components inter-

act with and affect one another. Examples of natural

and human-made systems include meteorological, bio-

logical, transportation, manufacturing, financial, health

care, and food systems. In a food system, for example,

the type of food available in a neighborhood depends

on what is sold by retailers such as grocery and corner

stores. The offerings of grocery and corner stores de-

pend on the offerings of their wholesale suppliers,

which may change according to the demand for differ-

ent types of food. The demand for different types of

food is affected, in turn, by the relative prices of foods,

advertising, and social connections, which are affected,

in turn, by food producers and processors, which are af-

fected, in turn, by economic conditions. These compo-

nents and the relationships between them interact in

many complex ways that go beyond single cause-and-

effect relationships.

The hallmark of a system is that none of its parts is

completely independent. Instead, properties of a system

are interconnected, influencing one another in a variety

of manners, both obvious and subtle. As such, before a

larger system can be fully explained, each of its compo-

nent parts and their interactions must be understood.10

Significant perturbation of one part tends to have rever-

berations throughout other parts of the system.

Therefore, unless the system is well understood, it can

be challenging to identify the root cause of an observed

phenomenon or to predict the effects of an interven-

tion. An example of a problem for which it is difficult

to identify the root cause is the lack of nutritious food

options in low-income urban areas.11,12 A shortage of

apples on a farm, for instance, may decrease the apple

supply and increase the cost for storeowners to stock

apples. As a result, perhaps only larger supermarkets

can afford the added cost of stocking the apples, as

opposed to smaller grocers in marginalized commun-

ities. Should a small grocer find the means to stock

apples, the increased cost would likely be passed on to

the customer. If the apples do not sell because of their

high price, this could result in wasted food and discour-

age the storeowner from stocking apples in the future.

Unless one knows how this particular food system

works, finding the root cause of an observed phenom-

enon can be difficult. In this example, is the lack of

apples the result of stores changing their business prac-

tices, or the result of the wholesalers or food producers

changing theirs? Properly diagnosing and addressing

such a problem requires an understanding of the com-

ponents of the food system and the connections be-

tween these components.

Despite the interconnectedness of the components

of a system, a systems approach requires that the re-

searcher set boundaries on the system. The boundaries
of a system distinguish it from other systems by defin-

ing which components are included and which are

excluded. The boundaries of a system may refer to

geography, concepts, or processes. Since many systems
are highly interconnected with each other, boundaries

may not always be clearly defined. Decisions about sys-

tem boundaries should be driven by the research ques-

tion or problem being considered. Following the
Principle of Parsimony, one would draw boundaries in

a way that accounts for the vast majority (>80%) of the

components and relationships that are relevant to the

research question or problem, with some components
inevitably excluded. For example, when considering a

change in school vending machines, one might draw

boundaries around not just the school but also the sur-

rounding neighborhood because children may seek

food from nearby sources; the boundary might exclude
food stores in a different city if the children are unlikely

to seek food from far away.

WHY OBESITY IS A SYSTEMS PROBLEM

There are a number of indications that the obesity epi-

demic is a systems problem, as opposed to a simple

problem with linear cause-and-effect relationships, and

that it, therefore, requires a systems approach.13,14

Described here are several indications that obesity is a

systems problem: global scope, heterogeneous patterns,

wide-ranging impacts, lack of a single cause, and the

failure of single solutions.

Global scope

Obesity has become a global epidemic, spreading to a

great diversity of countries and populations.1 Even

many low-income countries that have continued to
struggle with undernutrition are now facing obesity.1,15

The diverse characteristics of the wide range of coun-

tries affected by obesity suggests that a simple individual

factor, such as excess food, is insufficient to explain the

epidemic and a more holistic approach is needed to
understand the system underlying this issue.

Heterogeneous patterns

Within countries affected by the epidemic, obesity dis-

plays heterogeneous patterns that are not easily explain-
able.1,2 Obesity prevalence began rising much more

precipitously in the 1980s than in previous decades,

with the prevalence more than doubling since 1980.2,3

But the rate of this rise was not equal among different
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countries or even among countries in relatively close

proximity. In fact, within a given country, obesity
trends often vary substantially among different subpo-

pulations. In the United States, for example, greater in-

creases have occurred in certain inner-city locations
and among certain socioeconomic groups.7 These com-

plex patterns are not consistent with a simple cause-

and-effect relationship.

Wide-ranging impacts

Obesity also has wide-ranging and complex conse-

quences. One aspect of obesity that creates complexity

is the time lag. Changes in weight may develop over a
long period of time16; additionally, there may be a lag

between a change in weight and the manifestation of

outcomes.17 These outcomes go beyond direct effects
such as hypertension, atherosclerosis, type 2 diabetes,

and cancer and include bullying, depression, and low

self-esteem.18–20 In other words, the impacts of obesity

are wide ranging and include biological, psychological,
and social effects that influence aspects of life such as

physical health, sleep patterns, productivity, social inter-

actions, and feelings of self worth. This multitude of
complex consequences results in considerable disease

and cost burden to individuals, society, and third-party

payers.21

Complex causes

In addition to complex consequences, obesity displays

complex causes. Research efforts have failed to identify a
single cause of the obesity epidemic.22 In fact, evidence

suggests that multiple factors acting at different scales

may be contributing. Figure 1 shows different scales rele-

vant to obesity, including genetics, biology, individual
behaviors, social network dynamics, the environment,

and larger societal forces. The biological scale includes

physiologic processes such as leptin sensitivity and indi-
vidual metabolism. Individual behaviors include dietary

and physical activity choices, while social networks dy-

namics include connections to family and friends, which
may also influence individual behaviors. The environ-

mental scale includes food availability, green spaces for

physical activity, and neighborhood safety. Larger soci-
etal forces include economics, policy, education, health

awareness, and culture. Each of these scales has different

factors either directly or indirectly associated with obes-
ity. For example, food marketing practices and reduc-

tions in physical activity are 2 “forces” frequently cited as

reasons for the increase in obesity.22 However, both of
these forces incorporate factors from different scales.

Marketing influences the built environment by deter-

mining product placement and the availability of certain

foods. Features of the built environment such as the loca-

tion of parks and recreation centers affect the propensity

of individuals to engage in physical activity. Both mar-

keting and the built environment are driven by societal

forces such as economics. Marketing messages can be

mediated by social dynamics, influencing their effect on

dietary or physical activity habits. Marketing messages

can also differ in their impact according to an individ-

ual’s psychological factors, such as their beliefs and

biases. Individual biology and genetics mediate the trans-

lation of energy intake and expenditure to changes in

body mass index.23 Moreover, a person’s environment

influences his or her genetic expression during develop-

ment (i.e., epigenetics).22

These are just some of the multiscale factors that

may be involved; others continue to emerge, such as

medication use.24 Of course, some of these may be me-

diators and not necessarily originating causes, but how

all of these factors fit together in a system remains to be

elucidated. While extensive knowledge exists regarding

some of the microprocesses within a given scale, a sci-

entific framework that integrates these pieces of know-

ledge in a useful way is lacking. For example, there is

in-depth knowledge of specific epigenetic and psycho-

logical phenomena and information on how policies

and environments are linked to behaviors and health

outcomes, but without bringing these data together, it is

difficult to understand the inconsistencies observed in

Individual
behavior

Group/social
dynamics

Physical (built)
environment

Physiology

Societal
forces

Genetics

Figure 1 Illustration of how multiple factors acting across a
range of scales can contribute to obesity.
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parts of the system. This may result in important causes,

mediators, and other dynamics in the system being

missed.

It should be noted that the relationship between

any 2 factors is not always straightforward. For ex-

ample, in 2 recent reviews, Salvy et al. examined peer

influences on diet25 and physical activity26 behaviors of

children and adolescents. The physical activity–focused

review suggests that peers can both increase physical ac-

tivity (through motivation and the rewarding value and

normative nature of physical activity) and decrease

physical activity (through ostracism, peer victimization,

or isolation).26 The dietary behavior–focused review

concluded that the presence of peers can both increase

the energy intake of adolescents (through social facilita-

tion and emulation of others’ behavior) and decrease

energy intake (through the promotion of healthy eating

norms among friends).25

An existing framework to describe the complex

causes of obesity is the 6 Cs conceptual model. Building

on Bronfenbrenner’s ecological model of human devel-

opment,27 Harrison et al.28 reviewed the literature and

developed the 6 Cs conceptual model of childhood

obesity to summarize the factors with the greatest im-

portance for the developing child. The 6 “Cs” included

in the model are cell (genetic predispositions and other

biological factors), child (characteristics of the child),

clan (family characteristics), community (peers, schools,

and other institutional factors specific to an early ado-

lescent’s social world outside of the home), country

(state and national policies, programs, and priorities),

and culture (norms, myths, and biases that guide behav-

ior). None of these 6 Cs is solely responsible for obesity,

and the 6 Cs all interact with each other in complex

ways.

No single solution

A final indication that obesity is a systems problem is

that solutions addressing a single cause have not been

successful. Despite the emergence of many different

diets, exercise programs, and procedures targeting a

single cause, obesity rates have continued to rise world-

wide.3 Meanwhile, multilevel, multicomponent inter-

ventions have tended to be more successful.29–32 For

example, multicomponent interventions that included

culturally targeted and tailored components (e.g., health

education, diet, physical activity, reduced screen time,

behavioral skills, and motivation groups) have shown a

greater impact on health behaviors associated with

obesity in minority youth than the individual compo-

nents in isolation.31

Benefits of a systems approach for policy and
interventions

A systems approach takes the entire system into consid-

eration when making any important decision, observa-

tion, or change. Fields such as air traffic control,

transportation, manufacturing, and finance have used

different methods to better understand and represent

systems before making decisions.33,34 This section de-

scribes the benefits of using a systems approach for pol-

icy and interventions. As shown in Figure 2, a systems

approach can facilitate the identification of true solu-

tions, assess the long-term sustainability of solutions,

understand indirect effects and unintended conse-

quences, inform the prioritization of data collection,

and test interventions virtually before implementing

them in the real world.
When problems arise, a systems approach can fa-

cilitate the search for solutions that address the root

Figure 2 Benefits of a systems approach for policy and interventions.
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cause, rather than “band-aids.” When a decision maker

does not know the root cause or even the wide-ranging
ramifications of a problem, the chosen tactic may not

completely solve the problem. Such a tactic may cover
up the problem without providing a real solution.

Additionally, “band-aid solutions” may offer solutions
that work only for some people, such as those that can
most readily change their behavior. Thus, a risk is that

these types of solutions may only exacerbate health dis-
parities. For example, simply encouraging people to eat

healthier foods may work for some people if they have
access to healthy foods and have the time and resources

to purchase and prepare these foods. However, many
people may not have access to healthy foods.35 The

stores around them may not stock enough fruits and
vegetables. Other daily stresses may not afford them

enough time to shop and cook. Even if they live close to
stores that sell healthy food, they may not have enough

funds to purchase healthier options. Therefore, educa-
tional campaigns may help, but they do not fundamen-

tally improve the food environment. Another example
is removing soda machines from schools, which may

decrease soda purchases inside the school but could
simply shift soda purchasing to locations outside the

school.36

A systems approach allows a decision maker to as-

sess the long-term sustainability of a solution. When the
underlying cause of a problem is not addressed, a “solu-

tion” may work temporarily but lose effectiveness as
time and current circumstances pass. For example, pro-

viding temporary incentives for stores to stock healthier
food options may change the stores’ stocking patterns

for a period of time. However, if stores lack the infra-
structure (such as adequate refrigeration for perishable

produce) and consumer demand to maintain such
inventories, they may soon opt to stock foods that can

be stored for longer periods of time and have greater
demand from patrons, such as energy-dense snack

foods.
Indirect effects and unintended consequences can

be identified through a systems approach. A decision

maker may underestimate a problem, not realizing its
full impact over time. For instance, decision makers

may not realize the full impact of a poor food environ-
ment because the change in overweight and obesity

prevalence may occur gradually over time, and revers-
ing such trends may take considerable time and effort.

Not realizing the full impact of a change can also skew a
person’s choices among alternatives; in other words, he

or she may not fairly compare the potential impact of
each choice. When a person does not know the full im-

pact of different choices, even well-meaning efforts can
lead to unintended consequences. For example, increas-

ing requirements for store owners to stock healthy

foods without ensuring they can maintain or increase

their profits may motivate them to relocate, further
reducing food options and worsening the food

environment.
A systems approach can inform the prioritization

of data collection in order to avoid collecting superflu-
ous or even misleading information. Collecting data re-

quires time, effort, and resources, necessitating difficult
choices about what data to collect; collecting all data on

a system is prohibitively expensive and unfeasible.
Furthermore, biases may influence decision makers to

prioritize certain economic or political factors over

others. Modeling in a multidisciplinary team can reduce
the effects of individual biases and make decisions

and outcomes more explicit and transparent.
Understanding the system can thereby help guide and

prioritize data collection. For example, evaluating all of
the ongoing dietary and physical activity behaviors in a

location may be prohibitively expensive. With con-
strained resources, what are the highest-impact data

that should be collected? What information would best
help decision-making and lead to meaningful change?

What data would give the most accurate picture of the
system as opposed to only 1 part of the system?

Lastly, a systems approach allows a decision maker
to virtually test an intervention before implementing it

in the real world, which requires time, effort, and re-

sources. When the system is not well understood, de-
signing and refining effective interventions may take

longer. The intervention designer may have to rely on
trial and error to learn how to tailor the intervention

appropriately, and initial attempts may yield surprising
results. For instance, while some obesity prevention

interventions entail removing soda vending machines
from schools, Taber et al.36 found that students in

schools without vending machines were actually more
likely to consume additional servings of soda per week

and to consume fast food more frequently. This associ-

ation was limited to areas where soda and restaurant
foods were not taxed, and this heterogeneity of results

suggests that vending machines are just one of many
interacting components within a complex system. In

the case of school vending machines, systems modeling
may have allowed researchers to identify unintended

consequences and to tailor the intervention accordingly
prior to implementation.

A SYSTEMS APPROACH TO OBESITY

While many industries have long used systems
approaches, adoption of systems approaches in the field

of obesity prevention and control has lagged by com-
parison. A similar lag can be seen in other areas of

health and public health, but systems approaches have
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made some inroads in infectious disease prevention and

control, helping decision makers understand the spread
of infectious diseases in a given location, the conse-

quences of infectious disease, and the potential impact
of various control measures.37–44

What are the reasons for the lag in systems
approaches to obesity? One reason may be that obesity,

until recently, has been viewed as more of an individual

patient problem rather than a broader public health
problem. The recognition that obesity is now a global

epidemic may be changing that viewpoint. Emerging
evidence supports the importance of other factors be-

yond the individual.45,46 Another reason may be a lack
of familiarity with systems methods, which in part

stems from education and training. Although basic

mathematical modeling is a required course for many
business and engineering education programs, training

in systems approaches has not traditionally been a part
of education in nutrition, medicine, public health, and

health policy. While each field has its nuances, prob-

lems in nutrition, medicine, and public health may be
very amenable to systems approaches as long as the

approaches and methods are modified accordingly.
Many of the same general challenges exist across differ-

ent fields, such as uncertainty, data gaps, multiple stake-
holders, and resource constraints. What is different

across fields is the nature and the degree of these chal-

lenges. In many ways, the very high stakes (e.g., cost,
morbidity, and mortality) and the complexity of the

issues with the obesity epidemic make a systems ap-
proach all the more important. There may also be a per-

ception that systems methods would somehow replace
decision makers or more traditional methods; for ex-

ample, would decisions be made by computers or by

those without the requisite knowledge and experience?
As illustrated later, systems methods can facilitate cur-

rent methods of decision-making rather than displace
them.

Given that the field of obesity prevention and con-
trol lags in its utilization of a systems approach, the fol-

lowing 5 efforts would facilitate the adoption of such an
approach:

Effort 1: utilizing more global approaches

One part of the systems approach is understanding that

obesity has become a global problem. Countries
throughout the world are becoming increasingly inter-

linked through travel, communications, manufacturing
practices, food systems, and the spread of different soci-

obehavioral norms. This interconnectivity means that
changes in 1 country may percolate throughout other

countries and may be mediated differently by the con-

text of each country. Therefore, approaches to the

obesity epidemic may need to increasingly consider

these global systems of interconnectivity and involve
cooperation among stakeholders from different coun-

tries. To date, compared to other global health initia-

tives such as smallpox eradication or pandemic
influenza preparedness and response,47–53 there has

been relatively less international coordination. The

amount of funding and the number of initiatives that

have crossed country borders have been limited. Many
of the formal obesity prevention and control initiatives

have been at a more local scale. The sugar-sweetened

beverage tax in Mexico is a notable exception in the
amount of international attention that it has received.

Effort 2: cultivating expertise from multiple disciplines

The great systems challenges of our history have
required multidisciplinary teams. For instance, in the

Space Shuttle program in the United States, experts in

aerospace engineering worked alongside nutrition

experts who helped understand food and beverage re-
quirements for astronauts, psychologists who eluci-

dated the stresses that astronauts may face, and experts

from many other disciplines to ensure that the astro-
nauts’ environments could facilitate their perform-

ance.54 Neglecting to include any of these experts

could have led to an oversight that would have in-
hibited the mission’s success. Similarly, to address

obesity, many disciplines that have not traditionally

dealt with obesity, such as engineering and computer
science, can bring important new perspectives and

methodological approaches. However, they will need

guidance from experts with deep knowledge in the
fields most traditionally relevant to obesity – nutrition,

epidemiology, and psychology – because many of the

associated issues are much more complicated than they
initially appear.

Effort 3: utilizing systems methods

Two key tools for understanding a system are systems

mapping and systems modeling. In this section these
methods are described, examples of their applications

are provided, and new directions in this area of research

are discussed. A critical first step of a systems approach
is to delineate an overall picture of the entire system.

Systems mapping shows how different parts of a system

fit together and interact. To begin, a consensus on the
boundaries and components of a system must be

reached. This may entail collecting stakeholders to-

gether in a group mapping exercise to offer suggestions
and then discuss which components should be included

and excluded. Identifying the components of a system,

in itself, can be enlightening. At first glance, people may
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not realize that certain people, groups, organizations, or

other factors play a role in the system. After the compo-
nents are identified, the team determines how these

components may be interrelated. For example, what ef-
fect does a single school have on a larger food system?

A school can provide food through meal programs, ad-
vocate for stores around its neighborhood to sell par-
ticular types of food, and teach children to adjust their

food-purchasing behaviors. A team can use different
platforms to visualize these components and relation-

ships, such as drawing influence, network, or causal
loop diagrams on a poster, a whiteboard, or a computer

screen. A number of software packages are available to
help with such diagrams (e.g., STELLA, Vensim, and

Powersim).
It can be particularly helpful to convene multidis-

ciplinary groups to inform the systems mapping process
because 1 person or discipline may not have the expert-

ise necessary to understand all parts of the system. For
example, when mapping a food system, an urban plan-

ner can describe how the location of different food
sources such as grocery stores could affect access. An

economist can quantify the relationship between pric-
ing and demand for different food items. An operations

researcher can outline the food supply chain and links
between the manufacturers, suppliers, and retailers. An

agricultural specialist can shed light on the determin-
ants of crop size. A sociologist can elucidate how differ-

ent social influences such as peers may change
purchasing behavior, which in turn, would affect what

the food retailers stock. Nutrition experts can identify
how the consumption of certain foods may affect the

population’s health.
A second methodology is systems modeling, in

which computer programs based on mathematical
equations are used to represent the components, rela-

tionships, and processes in a system. Systems mapping,
as described above, frequently precedes the modeling

process. Informed by the research question of interest,
modelers can define the system and set its boundaries.
Additionally, modelers can determine inputs to popu-

late the model by drawing from available data, existing
literature, established theories, and input from field ex-

perts. While systems models are, by definition, simpli-
fied representations of reality, an important aspect of

developing a systems model is to add to the validation
of the model at each step. Model development and val-

idation occur in a stepwise, iterative manner. At each
stage of development, showing the model to key stake-

holders can improve the model’s face validity (i.e., do
the stakeholders agree that the model represents what it

is supposed to represent?). Running the model and
comparing the results to real-world findings and similar

studies can improve the model’s criterion validity

(i.e., do the data show that the model is consistent with

real-world findings?). Validated models can then essen-
tially serve as “virtual laboratories” to examine how a

system operates and test the effects of different changes
within the system. An example of computational mod-

eling is air traffic control systems. Air traffic control
systems combine information from different sources
(such as data on the weather, the environment, runway

capacity, and plane location) with information on how
these factors work together (such as data-driven know-

ledge of how weather patterns impact flight times and
routes). A computational simulation model is then used

to represent all the components and processes of the
system in order to help users view the system as a whole

and make appropriate decisions. Even though it may
not function perfectly – for example, travelers may still

experience delays – modern air travel would not be pos-
sible without air traffic control systems. These computa-

tional systems allow us to coordinate daily operations,
diagnose vulnerabilities in the system, and anticipate

the impact of new technologies or changing circum-
stances (e.g., delays due to mechanical issues or weather

events).
Although there have been some initial applications,

the use of systems methods to address food, nutrition,
and obesity issues is still relatively nascent. Some inves-

tigators have used modeling approaches to evaluate spe-
cific parts of relevant systems to generate theoretical

insights. A specific method that has been used is social
network analysis, which characterizes how people are

connected with each other and examines how these
connections can influence diet, physical activity, and

obesity. Social network analysis uses nodes to represent
people, groups, or organizations; lines drawn between

the nodes (otherwise known as edges or ties) represent
social connections. This serves not only to visually dem-

onstrate how people are connected, but also to charac-
terize patterns of connections and analyze how these

may correlate with the spread of behaviors and health
outcomes.55 Such analyses have shown that socially con-
nected individuals tend to have similar eating patterns56

and similar physical activity57 behaviors. These findings
may help explain why studying the social networks of

participants in the Framingham Heart Study revealed
“clusters” of obese persons, indicating that people with

social connections to obese individuals are more likely
to become obese themselves.58

Systems modeling is also used to represent ways in
which people can be influenced by other people and by

their environments over time. A modeling method that
can represent aspects of individual behavior and

decision-making in the context of a broader social en-
vironment is an agent-based model (ABM). An ABM

typically consists of computer agents representing
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people, animals, or objects. What distinguishes an ABM

is that each agent is autonomous (meaning that they
perform decision-making) and displays complex adap-

tive behaviors (meaning that they learn and can change
their decision-making over time). ABMs simulate the

simultaneous interactions of multiple agents to recreate
and predict complex phenomena and processes. Studies
using ABMs have provided insight into the determin-

ants of individual food consumption behaviors, which
can be influenced by early exposures to certain foods

that have a “lock-in” effect,59 as well as by peer influ-
ence among high schoolers.60 Other studies have uti-

lized systems models to translate changes on one scale
(e.g., individual) to other scales (e.g., population), such

as a system dynamics model developed by Fallah-Fini
et al.61 that captured the relationship between individ-

ual energy gaps and population-level trends in obesity.
Applying systems models to test potential interven-

tions can inform programs and policies. Such studies
may help identify which interventions – or combin-

ations thereof – may be most impactful in a given set-
ting. When using an ABM to compare access to

supermarkets, physical activity infrastructure, and
school quality, Orr et al.62 found that all 3 interventions

decreased disparities in body mass index between black
and white populations but noted nuances such as some

interventions varying in their impact over time or hav-
ing synergistic effects with other interventions. One

such interaction between interventions was also present
in an ABM developed by Auchincloss et al.,63 which

showed that increasing both access to affordable healthy
foods and preferences for such foods was necessary to

reduce disparities in diet between households of differ-
ent income levels. Systems modeling can identify cir-

cumstances that may cause a particular intervention to
be more or less successful, as Li et al.64 found that the

influence of a nutrition education campaign on individ-
uals’ food choices varied between neighborhoods de-

pending on social norms.
While such work has helped generate theoretical

insights, the current body of literature only scratches

the surface of how systems models can be used. Next
possible steps include developing new ways of repre-

senting various factors and processes, building increas-
ingly complex systems models with more real-world

data and realistic representations, expanding the types
and aspects of relevant systems covered by the model,

and expanding the use of systems models in decision-
making. As mentioned previously, systems methods

such as systems mapping and modeling have the poten-
tial to transform obesity prevention and control as they

have other fields. However, direct transfer of systems
methods and tools to obesity may not be adequate;

modifications will be required due to some key

differences between obesity prevention and other fields.

This could be accomplished in several ways, depending

on the question of interest and the tools available: New

models and methods may need to be developed or exist-

ing models and methods may need to be altered. Many

systems models would have to effectively combine eco-

nomic, operational, epidemiological, and clinical as-

pects of obesity prevention and control. Unlike

manufacturing systems where the objective may be to

maximize output while minimizing cost, with a food

system, one may need to optimize a broader and differ-

ent set of measures. It is also necessary to adapt existing

systems models to incorporate structures and outcomes

more relevant to nutrition and health. For example,

some existing models of food supply focus on oper-

ational measures such as lead time, stockouts, and prof-

its, but they do not translate such measures to nutrition

and health outcomes.65–67

Another frontier is bringing systems modeling

closer to decision makers by making models easier for

nonmodelers to understand, training nonmodelers to

have increased literacy in systems models, and making

models more relevant by expanding their applications.

This will include developing a generation of decision

makers who are conversant in systems methods and can

implement more systems-oriented policies. For ex-

ample, Hawkes et al.68 recommended policies intended

to not only change consumer behavior, but to also in-

duce a response from the food system, such as nutrition

labels that can provide information to consumers as

well as stimulate product reformulation. Policies such

as this, which work at the systems level, are more likely

to be developed when policy makers are conversant in a

systems approach.

Effort 4: applying a systems orientation to traditional
approaches

Systems approaches do not have to replace traditional

public health methods. In fact, systems methods can

help bridge and enhance existing methods (Figure 3).

Modeling can help plan retrospective and prospective

studies by assisting with logistics, forecasting possible

outcomes, and estimating the value of the additional

data these studies will provide. Modeling can extend re-

sults from retrospective and prospective studies to other

locations and circumstances. Modeling can also help

combine results from different retrospective and pro-

spective studies. Additionally, modeling can assist with

translating results from retrospective and prospective

studies to real-world decision-making regarding poli-

cies and interventions.

Nutrition ReviewsVR Vol. 75(S1):94–106 101



Effort 5: bridging research, education, policy, and
action

Bringing systems approaches to obesity prevention and

control involves shifts in research, education, policy,

and action. As mentioned earlier, systems approaches

have not traditionally been part of educational pro-

grams in obesity-related disciplines. Therefore, newly

minted researchers, clinicians, and policy makers are

not entering their careers conversant in systems think-

ing. Similarly, research that does not account for sys-

tems may not generate innovations that are as policy-

relevant as they could be. Finally, when clinicians, pol-

icy makers, and other decision makers do not have sys-

tems in mind, they may not see the connections

between research efforts and their decision-making. All

of these activities should not be separate but instead

need to synergize with each other. For example, re-

searchers who understand clinical and policy consider-

ations may be able to pursue more impactful lines of

inquiry, and policy makers who are comfortable inter-

preting research can identify innovations that are useful

for their given contexts.

Bridging research, education, and policy can be

achieved through a number of strategies. Systems science

experts can provide training for health professionals and

decision makers in systems thinking; for example, train-

ing could cover the importance of a systems approach,

methods in systems science, and how systems thinking

can be incorporated into respective fields of work.

Systems scientists may also work with researchers and

decision makers to develop systems models to better

understand questions or policies related to a particular

system, such as understanding the major driving factors,

exploring the potential consequences of intervening in a

system, and identifying unintended consequences. For

example, some are interested in adapting warning labels

on sugar-sweetened beverages, similar to those previ-

ously used to deter cigarette smoking. Systems science

approaches can help decision makers identify strategies

that would make such a policy most impactful, such as

utilizing the most effective label placement and reaching

an appropriate target audience.

EXAMPLE OF A SYSTEMS APPROACH TO OBESITY

A practical example of taking a systems approach to

obesity prevention and control has been the Global

Obesity Prevention Center’s (GOPC) ongoing work

in Baltimore, Maryland. The Baltimore Metropolitan

Retrospective 

studies

Modeling can:
-Help plan studies by determinting the potential 

value of information provided by the study

-Help plan studies by exploring how changes in 

study design and logistics may change the costs, 

obstacles, and information provided

Modeling can:
-Help shape the design and development

of policies, products, and interventions

by showing their potential impact in

the real world

-Prioritize data collection by showing the

impact of having different

types of information

Modeling can:
-Translate research findings into policy

and intervention design and 

implementation

-Integrate results from different studies

-Demonstrate what may happen when 

circumstances change

-Serve as virtual laboratories to

conduct studies that would otherwise

be too costly or unfeasible

Need or Idea
Prospective

studies

Policies and

Practice

Figure 3 Illustration of how modeling acts as a bridge to translation.
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Area, a large socioeconomically and racially/ethnically

diverse area, has higher obesity rates than the United
States’ average, with more than 68% of adults69 and

38% of children estimated to be overweight or obese.70

The GOPC’s Baltimore Project (B’More Healthy

Communities for Kids71,72) has taken a systems approach
to try to stem rising rates of obesity among early adoles-
cents in some of Baltimore’s low-income neighborhoods.

The interest in this age group emerged from the finding
that early adolescence (between the ages of 10 and 14

years) is 1 of the 3 developmental periods during which
youth are likely to experience rapid weight gain.73

Additionally, as children enter adolescence, they experi-
ence increasing financial independence and autonomy

when making food choices. Overweight adolescents are
much more likely to become obese adults. If obese at age

10, males have a 37% probability and females a 52%
probability of being obese at age 35 (77% for males and

68% for females at age 18).74

Figure 4 shows the process involved in a systems

approach to obesity control. The first step is to convene
multidisciplinary teams to help better understand what

is causing obesity in a given population and location. In
Baltimore, this occurred with the GOPC forming a

Baltimore Policy Working Group, which included
GOPC experts from a variety of disciplines including
operations research, civil engineering, health policy,

and nutrition working in collaboration with nearly 40
participants from the Baltimore community. These

community representatives included municipal entities
such as the City Council, the Baltimore Food Policy

Initiative, the Baltimore City Health Department,
Baltimore City Public Schools, and Baltimore City

Department of Recreation and Parks; nonprofit organ-
izations such as the Baltimore Partnership to End

Childhood Hunger and the Family League of Baltimore;
food wholesalers; and academic partners such as the

Johns Hopkins Center for a Livable Future.

Generate results, data, and other information

Elucidate important
factors and 

relationships

Guide and prioritize
data collection

Test different policies
and interventions

Convene multidisciplinary
teams including:

-Disciplines not traditionally 
involved in the issue to bring

new perspectives and 
approaches

-Relevant stakeholders

Run experiments 
with the models

Update models

Iterative progressive process that heavily involves stakeholders

Plan, modify, and 
implement studies

Design, plan, modify, and 
implement policies
and interventions

Map the system:
Determine, as a team, the 

major components and 
relationships involved

in the system

As a team, create mathematical
and computational models

to represent system
and serve as 

virtual laboratories

Figure 4 Illustration of how a systems approach iteratively brings together various disciplines, stakeholders, and methods.
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A second step is to develop computational models

to represent the relevant systems at work. In Baltimore,
GOPC Members developed the Baltimore Low Income

Food Environment (BLIFE) model,72 an ABM repre-
senting low-income inner-city neighborhoods that have

been designated as food deserts (i.e., locations with rela-
tively low access to healthy foods and beverages) and
their early adolescent inhabitants. For example, the

GOPC team developed the BLIFE model to aid
Baltimore City policy makers and stakeholders in

exploring the factors leading to obesity among school-
age children. Each child in this ABM is represented by a

computational agent and has a gender, age, weight,
height, and a healthy-to-nonhealthy food preference

ratio that governs the types of food that the agent seeks.
Each simulated day, the child agents move virtually

from their households to their assigned schools and
then to various food sources and recreation locations

after school before returning home. Although the simu-
lated movements are virtual, the model is geospatially

explicit and the locations for places such as schools, cor-
ner stores, and recreation centers are based on real geo-

graphic data for the modeled area. The agents expend
calories by walking between locations and by exercising

at recreation centers (based on data for the child’s age
and gender). They consume calories by eating at differ-

ent food sources, with the caloric intake depending on
the food offerings available at a given food source.

Agents have a set of decision points throughout the day,
and parameters associated with these decision points

are informed by a range of data sources including the
US Census, National Health and Nutrition Examination

Survey, InfoUSA, and expert input. Each agent has an
embedded temporal difference reward-learning model

that reinforces habits59; for example, choosing un-
healthy food will reinforce such behavior and lead to a

higher probability of choosing unhealthy food later.
Each agent also has an embedded metabolic model that

represents the metabolic processes that link caloric in-
take and expenditures to changes in body mass index
and perturb age- and gender-specific US Centers for

Disease Control and Prevention growth curves.75

Excess caloric intake translates to an increase in the

BMI over the standard growth curve. The BLIFE Model
has served as a “virtual laboratory” to better understand

the system that includes the food environment, the
physical activity environment, and the early adolescent

population and to test different possible interventions
within the safety of a computer before attempting to

implement them in the real world.
As Figure 4 shows, the systems models can then

help tailor appropriate field studies and, ultimately, the
design and implementation of interventions. These field

studies and interventions, if accompanied by data

collection, can then update and further refine existing

systems models. The GOPC is also conducting multi-

level systems community interventions including cook-

ing classes, peer mentoring, advertisements to promote

healthier eating choices, and incentives for store owners

to stock more healthy foods. Data from these studies

can be incorporated into BLIFE, which can then pro-

vide forecasting for policy makers grounded in more

real-world data.
As Figure 4 also shows, this systems approach is it-

erative. While the initial version of a systems model like

BLIFE may be based on more limited initial data, the

cycle seen in Figure 4 progressively moves the model to

become increasingly representative of the actual system.

This emphasizes that perfect data are not needed to

begin constructing a systems model. The actual process

of building the model can help stakeholders better

understand the system, raise important questions, and

guide data collection. The value of a systems model

does not necessarily lie in data alone, and even a model

that is relatively data poor can be very informative.

Involving key stakeholders in the modeling process

from the beginning helps researchers to better under-

stand the system and helps stakeholders to better under-

stand the utility and the findings of the model.

CONCLUSION

The obesity epidemic has continued to spread world-

wide, suggesting that policies and interventions to date

have not been fully effective. The characteristics of the

obesity epidemic suggest it is a systems problem that

could benefit from a systems approach. Systems

approaches have transformed many industries and pro-

fessions and new systems approaches and methods have

the potential to similarly transform obesity prevention

and control. A systems approach to obesity entails 5 key

strategies: a global approach; interdisciplinary collabor-

ation; utilization of new systems methods; modifica-

tions of existing methods; and bridging research,

education, policy, and action.
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