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Abstract

Computational simulation models have potential to inform childhood obesity prevention efforts.
To guide their future use in obesity prevention policies and programs, we assessed Baltimore City
policymakers’ perceptions of computational simulation models. Our research team conducted 15
in-depth interviews with stakeholders (policymakers in government and non-profit sectors), then
transcribed and coded them for analysis. We learned that informants had limited understanding of
computational simulation modeling. Although they did not understand how the model was
developed, they perceived the tool to be useful when applying for grants, adding to the evidence
base for decision-making, piloting programs and policies, and visualizing data. Their concerns
included quality and relevance of data used to support the model. Key recommendations for model
design included a visual display with explanations to facilitate understanding and a formal method
for gathering feedback during model development.
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Introduction

In the United States, childhood obesity has reached epidemic levels [1]. It is a complex,
multifaceted problem with multiple causal factors and a range of actors including families,
schools, retailers, media, government, industry, and more [1, 2]. Computational simulation
models are valuable in both studying and informing methods to combat this epidemic [2-7].
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They can be explanatory, helping to better understand the mechanisms, relationships, and
drivers of obesity and the relative impact of each causal factor [2, 3]. They can also be used
to simulate “virtual experiments’ which highlight the trade-offs of proposed obesity policies
and interventions [2, 3]. Virtual demonstration saves considerable time, effort, and resources
that may otherwise be expended in trial and error [8-10]. Our team has developed one such
computational simulation model, and this model has been validated to simulate the impact of
multiple policies to reduce obesity [11-13].

Although computational simulation models are increasingly incorporated into public health
research [8, 14-18], with underlying implications for policy and program development, there
are only a few reported examples of policymakers using models in their decision-making
[11, 19-22]. This reflects a larger issue in public health: the lack of policymakers
incorporating research evidence into policy [23-25]. Policymakers want data to support
health policy [26], but it is often difficult for them to translate evidence into policy [26, 27].

Early use of computational simulation models in health policy primarily focused on
infectious disease control rather than prevention of chronic non-communicable conditions
such as obesity [9, 10]. Within the field of childhood obesity, there are a few reported cases
of policymakers using computational simulation models to directly inform decision-making
[21, 22]. In 2015, our team collaborated with a member of the Baltimore City Council to
support an urban farm tax credit that provided 90% tax credit to owners of vacant lots if they
converted them into urban farms [22]. Our computational simulation model showed that this
legislation would lead to increased fresh produce availability and consumption in low-
income neighborhoods in Baltimore [22]. These results were presented to City Council in
the form of a narrated video, which contributed to passage of the legislation [22]. Based on
this work, we outlined five guiding principles for developing community-level models for
obesity prevention. Here, we focus on the fifth: “make the model understandable and
accessible to key decision-makers” [3].

Research aims

A key gap in current childhood obesity prevention is the infrequent use of computational
simulation models to drive, support, or refute specific policies or programs [28]. Limited
research has been done to assess the acceptability, perceived utility, or doubts about
computational simulation modeling amongst policymakers in government and non-profit
sectors working in childhood obesity prevention.

The primary aim of this study is to assess the perceptions of childhood obesity policy
stakeholders in Baltimore, Maryland regarding the use of computational simulation
modeling, such that researchers can incorporate these points of view into model
development. Through our formative research, we address the following questions:

1. How well do Baltimore City policymakers understand computational simulation
modeling?
2. How do they envision its utility in their work?
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3. What are their doubts and concerns about using computational simulation
modeling?
4. How can the model itself be designed to be most useful to policymakers?

We conducted 15 semi-structured in-depth interviews from April 2015-April 2016 with
childhood obesity policy stakeholders in Baltimore, Maryland.

We used purposive sampling to identify and recruit participants for our interviews. We used
both maximum variation and snowball sampling. We approached 25 people and 15 agreed to
participate. Participants included policymakers and other stakeholders involved in childhood
obesity prevention policies and programs in Baltimore (Table 1). One of the informants had
prior experience using computational simulation models.

Data collection

Eight members of the research team conducted in-depth interviews. Although each
researcher had a background in public health and obesity research, none had experience with
computational simulation modeling. Each member was trained in qualitative research
methods with a special focus on in-depth interview skills, plus an overview of computational
simulation modeling in public health.

Two interviewers attended each interview: one person asked questions and the other took
notes to supplement an audio recording. Thirteen out of fifteen interviews had one
interviewee, and two had a second interviewee present. Each interview, either at Johns
Hopkins School of Public Health or at the interviewee’s workplace (e.g., Baltimore City
Hall) lasted about 1 hour.

The interviews were semi-structured, with open-ended questions in a suggested order,
allowing interviewers to deviate from specific questions to elicit new themes and
information.

The first set of questions focused on the informant’s influence on Baltimore’s food and
physical activity environment. The second set asked more specific questions about the
informant’s perceptions of computational simulation modeling, based on a 2-minute mock-
up visualization of the model (https://www.youtube.com/watch?v=MKCGu-
GJ14M&feature=youtu.be).

The video began with a screen showing sample inputs that a user could adjust (i.e., healthy
food availability in corner stores) (Fig. 1). It then showed ‘agents’ (autonomous individuals;
in this case, the agents are children) moving in a map, interacting with their environment
(Fig. 2). The video ended with a screen showing sample outputs of the model in a graphic
format [i.e., BMI (body mass index) percentile over time] (Fig. 3).

Interview guide questions included:
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Please tell me about yourself and the work that you do.
What are your initial reactions to seeing the sample model?

If a particular food policy were to be changed based on the model, what unintended
consequences do you foresee occurring?

Data analysis

Results

Members of the research team transcribed interview recordings verbatim. One interview was
unable to be transcribed due to poor quality of sound on the digital recorder and inadequate
notes, so we did not analyze it. We used both deductive and inductive coding in the analysis.
First, we developed an initial deductive codebook based on the questions in the interview
guide. Next, two researchers developed an inductive codebook based on the emergent
themes and concepts they found [29]. Finally, two researchers coded all of the interviews.
They analyzed the coded data to identify emerging themes using qualitative data analysis
software: Atlas. ti 7. (For a description of this tool, see http://atlasti.com/).

Johns Hopkins School of Public Health School Institutional Review Board deemed the
project non-human subjects research. All research participants gave oral informed consent
prior to any data collection. Interviews were recorded only with the informants’ permission.

How policymakers understand computational simulation modeling

Most participants had a rudimentary understanding of computational simulation modeling
after watching the video demonstration and hearing the interviewer explain the concept.
Only two informants claimed that it was easy to understand. One stated, “I feel like it is
intuitive because people play SIM games so... it [is] pretty self-explanatory.” Another said,
“You know, it seems pretty straightforward.” However, others expressed confusion.

There were two primary gaps in the informants’ understanding of computational simulation
models. First, several participants did not understand the concept of simulation itself,
believing that the video demonstration showed the movement of real children in real time.
One informant exclaimed, “So each of those blue dots is a kid? ... That can’t be right, there
are many more girls than boys!” Another asked, “So this is BMI percentile over time
meaning — from when you started interviewing them? You followed a kid for 5 years?”

Second, most participants did not understand how computational simulation models are
developed. Many believed that creating a computational simulation model required data
collected from an entire population. For instance, one participant said, “But it will take a lot
of time and energy to indicate the BMI for every single person to be able to show a very
accurate, detailed approach... it will take two people and an entire summer to get 800
stores.”

How policymakers envision using computational simulation models

The overwhelming response of stakeholders was that computational simulation modeling
could serve as a useful tool for them. Most informants had positive initial reactions after
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watching the video demonstration: “I think it’s really cool!” “That’s neat to look at, to
watch.” “Everyone likes pictures and graphs.”

The participants described many potential uses for computational simulation modeling in
their obesity prevention work. These fell into four primary categories:

1.

Applying for grants and funding:

This would be extremely useful to me... our main funder is the federal office on
women’s health and... they are very interested in more population-level changes
and they ask us all the time what policies we’re influencing and what our
research base is and what kind of evidence that we have to support that.

Efficient and inexpensive method for testing the impact of programs and policies:

For example, if | had this in that meeting with that guy who wanted to rezone... |
would want him to be able to understand why we feel it’s important that he
[rezone the city]. Using this [model]... he can understand and he can see, you
know, the impact that his store could potentially have in his neighborhood.

Providing additional evidence for programs and policies:

You’ll really help their life a lot if you helped us...we need to be able to predict
food deserts. So when a store closes, we do it now but it’s extremely
cumbersome and time-consuming.... We rewind the entire map to be able to say
what is the impact on the neighborhood with the store closure.... and [if] a store
opens, we have to continue to recalculate every single time...

Visualizing data:

For me, maps are incredibly useful... particularly in the urban environment, to
see the concentration of certain things and the depletion of certain [things]...like
the concentration of corner stores and the lack of access.

In addition to those four general uses, every participant noted at least one specific question
that they want a childhood obesity computational simulation model to answer. These
questions were in one of three categories: questions meant to increase understanding of
obesity and its contributing factors; questions about the impact of policies; or questions
about the effectiveness of interventions. An example of one proposed question from each of
the categories follows:

Increase understanding. How far do most kids travel to get to a recreation center
or other recreational opportunities, and is that linked to health outcomes?

Policy impact. How does changing the stock requirements of corner stores for
WIC and/or SNAP affect food deserts? Does it improve food access for residents
or create more food deserts?

Intervention effectiveness. Are the up-front costs of the B’More Fit program
worth it in terms of helping prevent costs of poor birth outcomes?
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Policymakers’ concerns about using computational simulation models

Designing a

Informants had several concerns about the use of computational simulation models. One
common concern was the quality of the data used to support a model’s results. Many
informants wanted reassurance that the data were of an acceptable quality so that they could
feel confident in using a model’s results to inform their policies and programs. They
explained that the data needed to be accurate, inclusive (of multiple subgroups, such as
different income levels and racial breakdowns), and comprehensive. One participant said:

I have a hard time imagining how it would be useful to me unless you were going
to increase the scale of interviews dramatically.... there is saying what is
statistically likely and representative and there’s what’s overwhelming.
Overwhelming is always — if you can do overwhelming, that’s best.

Informants were also concerned about the relevance of the model’s input data to their
specific constituency. One informant, for example, said that he felt uncomfortable using a
model’s results to inform policy unless these results were based on data that were specific to
his own region of the city.

Other concerns included the time required to develop the model (a policymaker might need
the information from the model faster than the researchers can produce it; one informant
explained, “Sometimes things... in government... are like, ‘We need this now!”’); the
validity of the specific measurements used in the model (for instance, one participant
questioned the use of BMI, noting that it is a controversial measurement of obesity: “Well,
let me just say | have my own issues around BMI...”); and the potential difficulty of
policymakers and other stakeholders to understand the model (“For me, I’'m okay with it.
My concern is for people who are not working on their dissertation or not professional”).

computational simulation model most useful to policymakers

All of the informants emphasized the importance of a good graphical user interface for
computational simulation models in childhood obesity policies and practices. They provided
several recommendations for key elements of a visual display based on the visual display in
the video demonstration during the interview. First, multiple participants highlighted the
need for data transparency in the user interface; they suggested having an easily visible
display of the data used to support the results. One informant, for example, said, “I think one
thing that people are gonna want to see is an additional tab that shows methodology.” Others
recommended including a list of research papers used to validate each result. Additionally,
there was a suggestion to contextualize the results:

Yeah, there needs to be a better way to communicate that, so if it is BMI percentile,
then have it color coded so that green is your healthy range, yellow is kind of
danger range, red’s a bad range... [so] you could look at this and immediately
know what’s good or bad.

A few informants recommended providing simple but comprehensive explanations to
accompany the visual display to enhance understanding of the model, clearly detailing what
is shown in the user interface. “I guess maybe some helpful information...for different
audiences... [For example], here’s the map of Baltimore and here’s what it is now, and
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here’s what we want it to be; or here’s the goal: we want to increase our yellow dots by 7%.”
Two other suggestions for the development of a graphical user interface were to use both
graphs and bullet points to demonstrate each result, and to give the user the ability to see
specific regions of interest on the map.

Participants also recommended incorporating a means of gathering regular feedback from
policymakers and topic experts about the computational simulation model throughout the
development process, noting that this is especially important because that sort of knowledge
is not in the literature. One informant stated:

I’d say thinking about...what that...feasibility cap is for each of the interventions
would be important, and | know we talked about this but urban farms, like, there are
never going to be that many urban farms... so I think that’s something that’s,
maybe, just, | don’t know if you’re going to find data on each thing or if it’s better
to send an e-check to each one with stakeholders and be like does this even make
sense...

Similarly, others highlighted the value of feedback from community groups and the public.
One informant suggested a public forum: “So what would be the process for people
submitting feedback or submitting other potential interventions... set it up as a public
commentary?”

Informants differed in their opinions about the scope and scale of obesity-related
computational simulation models. One informant said that a computational simulation model
would be most useful for policymakers if it focused solely on obesity—rather than trying to
include too many other public health concerns. Others found the flexibility and ability of
computational simulation models to incorporate multiple health issues to be a benefit, and
wanted to see them expanded.

A summary of the in-depth interview results is presented in Table 2.

Discussion

Here, we assess the perspectives of Baltimore City policymakers in government and non-
profit sectors regarding the utility of computational simulation modeling to inform local
obesity-related programs and policies. These findings contribute to the growing body of
research on systems science use in health policy, as well as the broader field of translating
public health research into policy [23, 24].

Valuable tool for childhood obesity prevention policy

Computational simulation modeling can identify beneficial policies and interventions in a
variety of public health settings and has strong potential to inform obesity prevention [2-8,
28]. Our results show that policy stakeholders agree with this: all of the informants offered
positive feedback about incorporating computational simulation modeling into obesity-
related policies and programs. They primarily saw its utility in supporting funding
applications, piloting programs, adding to the evidence base for policies, and providing data
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visualization. The areas they identified reflect the need for innovative approaches to support
obesity prevention efforts [4].

Computational simulation modeling is also a useful tool for addressing a diverse set of
priorities [8-10]. Participants suggested a variety of inputs, outputs, and specific policy
questions they would like to see a computational simulation model answer, based on their
individual priorities—all of which can be tested in the model with the goal of finding win—
win solutions.

Many of the informants pointed to the visualization of the map as a key benefit of the
computational simulation model. This is a use of computational simulation modeling in
public health that has not been emphasized in the literature. In exploring what type of user
interface and visual display would be most useful for policymakers, researchers can turn to
human-data interaction, a field that aims to optimize the usability of data and computer
interfaces [30]. Principles from this field—for example, using artists rather than researchers
to create data displays—can be used to help design a computational simulation model’s
visual display [30].

Limited understanding of computational simulation models

Most of the informants were confused by the computational simulation model and had
questions about how it worked. This highlights a need to make a simple user interface and
provide a standardized explanation to accompany it, as suggested by the informants. Formal
training sessions with policy stakeholders, which has been done in some cases, may also
contribute to improved understanding [21]. Legislative support staff and advocacy
organization members often serve as important sources of information for legislators [26, 27,
31], so including these groups in the training sessions is important. Moving forward,
building policymakers’ capacity to understand and properly utilize the model will be
important to inform meaningful programs and policies.

Addressing data concerns

The recurring theme of data—making it transparent and assuring its quality and relevance—
must be addressed in future uses of computational simulation modeling in obesity-related
policy. Informants wanted to see the data and come up with their own interpretations about
data validity before believing the results. This is understandable as a poorly designed
computational simulation model may unintentionally misinform obesity prevention efforts.
There are numerous examples of well-intentioned obesity-related policies and programs that
have led to undesired consequences [32]. Further, the quality of data in obesity research
ranges widely [33]. As a result, computational simulation models should be carefully
validated prior to use in obesity prevention. For policymakers, the consequences of
designing a policy or program based on an inaccurate or misleading model can be dire,
especially for elected officials who may be voted out of office. It is helpful to understand
that policymakers view data through this critical lens—it suggests that learning what kinds
of data policymakers consider relevant and trustworthy is important in designing a
computational simulation model that is useful to them. Modelers and systems scientists need
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to be transparent with their data inputs and play a key role in educating policymakers on how
to interpret model results.

Participatory approach to model design

Limitations

Informants recommended gathering feedback from both policy stakeholders and the general
public when designing a computational simulation model for public health policy. Our
results suggest that engaging these stakeholders during model development, rather than
presenting them with a completed product, makes the model more useful and trustworthy to
them. Engaging the public is also important, as they are affected by these policies, so should
have a way to express their concerns [34]. Increasing collaboration between researchers and
policymakers will ultimately lead to a better understanding of one another’s work and in turn
to increased use of public health evidence in policy [27, 35].

Qualitative data studies cannot control for all the biases and limitations of researchers and
participants involved. In our study, eight different researchers conducted the interviews,
contributing to increased variation. Additionally, the interviewers did not have a thorough
understanding of computational simulation models, limiting their ability to correct false
assumptions informants made about the model. This was also, however, a strength, as it
reduced bias in their questioning. Future interviewers should receive in-depth training about
computational simulation modeling and use standardized descriptions when discussing it
with informants. Several informants spoke at length about their work experiences,
sometimes leaving little time to discuss computational simulation modeling. Further, two of
the interviews had a second interviewee present. This may have affected responses, making
them more or less likely to agree with one another rather than offer their true thoughts.

Another limitation of this study was the informants’ lack of understanding of computational
simulation modeling. This prevented them from being as critical of computational
simulation models as they might have been. Future work should provide informants with a
more detailed overview of computational simulation models to improve their level of
understanding prior to the interview.

The visual demonstration of the computational simulation model shown during interviews
was not the actual model. The video was created to demonstrate what a potential user
interface could look like, and to enhance understanding of a computational simulation model
as it was a new concept for most policymakers. Showing informants this specific video
demonstration of a model likely affected their interpretation of a computational simulation
model’s value and utility. In future research, different types of possible user interfaces
should be used so that policymakers are not biased by one visualization.

Finally, in-depth interviews are only one type of formative research. Additional research
methods should be used to further explore policymakers’ perceptions of computational
simulation models, including surveys with directed questions to allow for quantitative
evaluation and focus groups to allow for stimulating new ideas and discussion amongst
participants.
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Conclusion

Our formative research highlights the perceptions of Baltimore City policymakers regarding
the use of computational simulation models in childhood obesity policies and programs.
Policymakers appear to be excited to use these models to inform obesity prevention policies
and programs. Visualization and feedback are valued. Data used in the model should be
transparent and of high quality. Finally, policymakers’ understanding of the model inputs
and how to interpret the model outputs is key to using it effectively.
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Fig. 1.
Screenshot from video demonstration of model: Adjusting inputs
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Fig. 2.
Screenshot from video demonstration of model: Kids moving on map
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Virtual Baltimore Laboratory

BMI percentile over time

Screenshot from video demonstration of model: Outputs
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Table 1
Study participants
Sector Organization Number of participants
Elected official Maryland State Delegate 1
Baltimore City Council member 3
Baltimore City government employee  City Council aides 3
Health Department 3
Public Schools District 1
Department of Planning 1
Other Family League after-school meals 1
Food-related non-profit 2

[any
o

Total -
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