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Abstract

Objectives: Because of state and federal health care reform, local health departments play an increasingly prominent role
leading and coordinating disease prevention programs in the United States. This case study shows how a local health
department working in chronic disease prevention and management can use systems science and evidence-based decision
making to inform program selection, implementation, and assessment; enhance engagement with local health systems and
organizations; and possibly optimize health care delivery and population health.

Methods: The authors built a systems-science agent-based simulation model of diabetes progression for the San Antonio
Metropolitan Health District, a local health department, to simulate health and cost outcomes for the population of San
Antonio for a 20-year period (2015-2034) using 2 scenarios: 1 in which hemoglobin A1c (HbA1c) values for a population were
similar to the current distribution of values in San Antonio, and the other with a hypothetical 1-percentage-point reduction in
HbA1c values.

Results: They projected that a 1-percentage-point reduction in HbA1c would lead to a decrease in the 20-year prevalence of
end-stage renal disease from 1.7% to 0.9%, lower extremity amputation from 4.6% to 2.9%, blindness from 15.1% to 10.7%,
myocardial infarction from 23.8% to 17.9%, and stroke from 9.8% to 7.2%. They estimated annual direct medical cost savings (in
2015 US dollars) from reducing HbA1c by 1 percentage point ranging from $6842 (myocardial infarction) to $39 800 (end-
stage renal disease) for each averted case of diabetes complications.

Conclusions: Local health departments could benefit from the use of systems science and evidence-based decision making to
estimate public health program effectiveness and costs, calculate return on investment, and develop a business case for
adopting programs.
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As a result of state and federal health care reform, local

health departments play an increasingly prominent role in

leading disease prevention efforts and coordinating programs

with community-based organizations and health care deliv-

ery systems across the United States.1,2 Coordination

between local health departments and hospitals has resulted

in improved disease monitoring, better surveillance and plan-

ning (eg, community health needs assessments), and more

efficient coordination of resources.3,4 Payment reform and

the shift to value-based care should promote even more col-

laboration among these groups, and the implementation of

more robust local chronic disease prevention efforts is likely

to result in health benefits and cost savings. Because local

health departments have experience in managing population

health strategies, they are well positioned to help bring these

groups together and foster the redesign of chronic disease

prevention and management programs.5

Local health departments are tasked with a wide spec-

trum of public health responsibilities, and they must make

program decisions with financial and capacity constraints in

mind. They are also required to incorporate into those

decisions the best scientific evidence available on the effec-

tiveness of any proposed programs or strategies.6-8

Evidence-based decision making entails “making decisions

on the basis of the best available scientific evidence, using

data and information systems systematically, applying

program-planning frameworks, engaging the community

in decision making, conducting sound evaluation, and

disseminating what is learned.”6 Although most local health

departments embrace the use of evidence-based decision

making in public health practice, they often encounter

implementation difficulties because of a lack of relevant data,

resources, or expertise.9,10 In addition, limited research has

examined the degree to which some evidence-based practices

can be adapted for use in local contexts.11

One promising approach to incorporating evidence-

based decision making into public health practice involves

the use of systems science. The types of traditional data and

statistical analyses often used in public health may be

inadequate for studying the complex systems that are most

commonly encountered.12 Systems science draws on the

natural and social sciences, mathematics, computer science,

and engineering to address complex problems. Examples of

systems-science methodologies used to study dynamic,

interrelated factors are network analysis (eg, to evaluate the

connections of various people within a group), system

dynamics (eg, to assess population dynamics and feedback

loops), and agent-based modeling (eg, to understand the

consequences of a person’s actions and the role of interac-

tions with other people). Agent-based modeling is particu-

larly relevant for use in public health because it uses

computer simulation to study complex systems by examin-

ing how individual elements of a system (agents) behave as

a function of individual properties, their environment, and

their interactions with each other.12 In addition, agent-based

modeling provides powerful “simulation laboratories” in

which various types of public health interventions, programs,

and policies can be tested when more traditional outcome

studies are not possible.12

Interest among public health practitioners and policy

makers in applying systems science to answer complex

questions and to conduct counterfactual studies (comparing

what happens in an intervention with what would have hap-

pened in its absence) is growing; the science can be applied

to topics ranging from infectious disease control to chronic

disease prevention.12-15 Two recent studies demonstrated the

potential of systems science to complement public health

community-based participatory research as well as dissemi-

nation and implementation research.16,17 Community-based

participatory research promotes partnerships in which com-

munity members, organizational representatives, and

researchers participate equitably in all aspects of the research

process. Dissemination and implementation research seeks to

understand how best to apply scientific advances in the real

world, by pushing evidence-based knowledge into routine

use. Both types of research are critically important to local

health departments as they aim to coordinate population

health programs and translate public health knowledge into

action.16,17 Indeed, local health departments have used sys-

tems science successfully as a cost-effective approach to

facilitate evidence-based decision making, through fostering

the use of modeling tools to project population health trends,

engaging community members and other stakeholders

through data visualization, and enabling the comparison of

various programs that may improve population health.18

This case study shows how a local health department

working in chronic disease prevention and management can

use systems science and evidence-based decision making to

inform program selection, implementation, and assessment;

enhance engagement with local health systems and organi-

zations; and possibly optimize health care delivery and pop-

ulation health. The technical assistance approach and the

partnership dynamics described in this study offer actionable

lessons and a replicable model of collaboration that can be

used by others to inform public health practice in disease

prevention and management.

Methods

With funding from the Robert Wood Johnson Foundation,

those of us working as researchers at the Center for Health

Innovation at The New York Academy of Medicine provided

technical assistance to the San Antonio Metropolitan Health

District (Metro Health), a local health department, to help

project health and cost outcomes (ie, cost-effectiveness) of

diabetes prevention and self-management interventions

through the use of systems-science simulation modeling.

This study was considered exempt from institutional review

board approval at The New York Academy of Medicine.

Our technical assistance was intended to support Metro

Health’s implementation of its Delivery System Reform

Incentive Payment programs. These programs are part of
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Medicaid delivery-system reform, providing states with

funding that can be used to support hospitals and other pro-

viders in changing how they provide care to Medicaid ben-

eficiaries. Metro Health’s Delivery System Reform Incentive

Payment programs were initiated under the Transformation

and Quality Improvement Waiver in Texas.19 Under this

Medicaid 1115 waiver, $11.4 billion was made available

during a 5-year period (2012-2016) in Texas to help improve

public health infrastructure and redesign health care deliv-

ery.19 One unique aspect of the Delivery System Reform

Incentive Payment program in Texas was the inclusion of

public health agencies; the Delivery System Reform Incen-

tive Payment program is typically limited to traditional

health care providers.20 Metro Health was one of the public

health agencies taking advantage of this new funding oppor-

tunity to target highest-priority health issues in its region.

We were enlisted to work with Metro Health on its Deliv-

ery System Reform Incentive Payment Community Diabetes

Project. The project, which was designed in 2012, had the

goal of expanding access to diabetes prevention and manage-

ment programs for individuals and families in San Antonio,

Texas. Our technical assistance project involved a close

working relationship with Metro Health for 12 months and

included multiple phases along a defined timeline (Figure 1).

As part of the project, we provided (1) biweekly communi-

cation with all team members, consultants, and stakeholders;

(2) instructions on data collection required to support the

Delivery System Reform Incentive Payment Community

Diabetes Project; (3) progress updates; and (4) simple mod-

els and tools that could be used by Metro Health to estimate

benefits, costs avoided, and other relevant outcomes of pro-

grams to prevent diabetes in the community.

Agent-Based Modeling

Our technical assistance project also involved providing

systems-science simulation modeling to help Metro Health

estimate the potential outcomes of diabetes prevention and

self-management initiatives. For this task, we built an agent-

based model of diabetes progression to simulate health and

cost outcomes under various scenarios. The models simulate

the simultaneous operations and interactions of multiple

agents in an attempt to predict the occurrence of complex

phenomena. As a relatively new research tool for public

health professionals, agent-based modeling can be used to

capture the complex interplay among multiple factors con-

tributing to the development of chronic diseases and to eval-

uate the long-term effects of various interventions.21-23

Diabetes Agent-Based Model for Metro Health

We built the diabetes agent-based model for this study, taking

into account previous work on population health management

and cardiovascular disease prevention that had led to the

development of The New York Academy of Medicine Cardi-

ovascular Health Simulation model. The New York Academy

of Medicine Cardiovascular Health Simulation model has

been proposed as a tool to support evidence-based decision

making by local health departments when they are designing

obesity and cardiovascular disease prevention policies.18,24

Hemoglobin A1c

During development of the model, we engaged staff mem-

bers and the leadership team at Metro Health, and we

1-3 Months
∘ Site visit

∘ Problem de�inition

∘ Data collection

4-6 Months
∘ Model 
conceptualization

∘ Model programming

∘ Model 
parameterization

7-9 Months
∘ Model validation

∘ De�ine interventions

∘ Collect preliminary 
results

10-12 Months
∘ Model re�inement 
based on feedback 
from Metro Health 

∘ Analyze results

∘ Dissemination of 
�indings 

Figure 1. Timeline of the Center for Health Innovation at The New York Academy of Medicine Technical Assistance Project for the San
Antonio Metropolitan Health District Delivery System Reform Incentive Payment Community Diabetes Project, 2015-2016. The Center for
Health Innovation provided technical assistance, which included the use of systems-science simulation modeling, to help the San Antonio
(Texas) Metropolitan Health District (Metro Health) assess the cost and health outcomes (cost-effectiveness) of diabetes prevention and
self-management during a 20-year period (2015-2034).
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incorporated their input and feedback into the model design

and structure. As a result, we chose to use the model to create

diabetes progression estimates based on a health indicator,

hemoglobin A1c (HbA1c), rather than on any intervention or

group of interventions. We chose HbA1c in part because

Metro Health was interested in having an indicator that could

be used across a wide array of programs. Metro Health was

working with many partners in the community, including the

YMCA, local clinics, and large health systems. In addition,

these partners were using various programs targeting dia-

betes prevention and management, with interventions

directed at multiple issues, including lifestyle changes and

medication management. However, the one aspect that was

common to all interventions and programs was that they

were designed to improve blood glucose control, and HbA1c

is a reliable indicator of blood glucose control. Another rea-

son we chose HbA1c was that a diabetes mellitus/HbA1c

registry (based on HbA1c laboratory test results) was avail-

able and it provided a large volume of information about

diabetes onset and progression in San Antonio.25

Given the heterogeneity of the interventions and programs

being used by Metro Health and its partners, it was a challenge

to determine for the model a feasible and relevant hypothetical

scenario for an HbA1c decrease. After multiple discussions

with Metro Health and other San Antonio community organi-

zations, we determined that a 1-percentage-point decrease in

HbA1c would be appropriate. Examples of interventions that

could lead to a 1-percentage-point drop in HbA1c are diet-

based interventions and primary care-based disease manage-

ment programs.26,27 For our project, we determined that it

would be sufficient to use this single HbA1c-change scenario,

because if interventions or programs led to reductions in

HbA1c that were either larger or smaller than 1 percentage

point, then the use of this scenario would still allow end users

(ie, Metro Health or other community-based organizations

using our estimates) to adjust proportionally their expectations

for health and cost outcomes.

Health Outcomes

We used a series of diabetes complications to represent the

primary health outcome, diabetes progression, in the model.

We used the model to estimate the 20-year prevalence in

San Antonio (Bexar County) of the following health out-

comes: blindness, end-stage renal disease, lower-extremity

amputation, myocardial infarction, and stroke. The model

also incorporated evidence-based equations for other bio-

markers and health risk factors (eg, body mass index, smok-

ing, hypertension) that are known to potentially influence

the prevalence of diabetes complications. The model logic

and embedded equations were the product of research con-

ducted by The New York Academy of Medicine, incorpor-

ating critical analyses of and improving on existing diabetes

simulation models and risk calculators, such as the Centers

for Disease Control and Prevention–Research Triangle

Institute Diabetes Cost-effectiveness Model,28 the

Michigan Model for Diabetes,29 and the United Kingdom

Prospective Diabetes Study Risk Engine.30 The New York

Academy of Medicine Center for Health Innovation pro-

grammed the model using AnyLogic 7, a multimethod

simulation software package.31

To obtain baseline information on the prevalence of dia-

betes complications for the model, we used 2011 and 2014

health and behavioral data for adults aged �18 living in

households in San Antonio from the Behavioral Risk Factor

Surveillance System. The Behavioral Risk Factor Surveil-

lance System collects data on health-related risk behaviors,

chronic health conditions, and use of preventive services

from a sample of the noninstitutionalized adult population

in the United States.32,33

Scenarios

Using the diabetes agent-based model, we combined data

from the Behavioral Risk Factor Surveillance System with

2011 data from the local HbA1c registry program to project

the 20-year prevalence of the 5 diabetes complications that

indicated disease progression (blindness, end-stage renal

disease, lower-extremity amputation, myocardial infarc-

tion, and stroke) under the current HbA1c distribution for

the population of adults with prediabetes or diabetes in San

Antonio.25-27 Then, we directly compared the 20-year

diabetes complication prevalence projections from 2 sce-

narios: the “current HbA1c” scenario, in which the simu-

lated population had the same HbA1c distribution as the

distribution estimated from the Diabetes HbA1c Registry

in San Antonio, and the “reduce HbA1c by 1 percentage

point” scenario, in which each person in the simulated pop-

ulation had a 1-percentage-point reduction in HbA1c at the

beginning of the simulation. Using the model, we also esti-

mated the number of each type of diabetes complication

that would be averted in the “reduce HbA1c by 1 percentage

point” scenario. We determined estimates of averted dia-

betes complications by subtracting the projected number of

complications under the “reduce HbA1c by 1 percentage

point” scenario from the projected number of complications

under the “current HbA1c” scenario. Finally, we estimated

the annual direct medical cost savings associated with each

averted diabetes complication, using estimates in 2010 US

dollars for diabetes simulation modeling from a health care

system perspective, and adjusting those to 2015 US dollars

based on the Consumer Price Index for medical care.34

Results

When compared with the population in the “current HbA1c”

scenario, the population in the “reduce HbA1c by 1 percent-

age point” scenario was projected to have a decrease in the

20-year prevalence of blindness from 15.1% to 10.7%, end-

stage renal disease from 1.7% to 0.9%, lower-extremity

amputation from 4.6% to 2.9%, myocardial infarction from

23.8% to 17.9%, and stroke from 9.8% to 7.2% (Figure 2).
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During a 20-year period, compared with the population in

the “current HbA1c” scenario, the population in the “reduce

HbA1c by 1 percentage point” scenario was projected to

have 11 548 averted cases of blindness, 1942 averted cases

of end-stage renal disease, 4304 averted cases of lower-

extremity amputation, 15 616 averted cases of myocardial

infarction, and 6981 averted cases of stroke. Furthermore,

the annual direct medical cost savings (in 2015 US dollars)

of reducing HbA1c by 1 percentage point were estimated to

be $7784 for each averted case of blindness, $39 800 for

each averted case of end-stage renal disease, $19 850

for each averted case of lower-extremity amputation,

$6842 for each averted case of myocardial infarction, and

$6930 for each averted case of stroke (Table).

Discussion

We used an innovative systems-science approach to project

the long-term effect of diabetes control strategies on health

and cost outcomes. We demonstrated that a hypothetical 1-

percentage-point reduction in HbA1c in a population could

result in substantial reductions in the prevalence of 5 com-

mon diabetes complications during a 20-year period in San

Antonio. Moreover, using estimates of annual direct medical

cost savings associated with averted diabetes complications,

we also provided valuable information to Metro Health about

the magnitude of cost savings that could potentially be

achieved through various diabetes prevention and manage-

ment strategies.

The diabetes agent-based model that we used to project

potential changes in the prevalence of diabetes complications

was an example of a systems-science tool that local health

departments could use to enhance the process of evidence-

based decision making when designing chronic disease man-

agement strategies. One important feature of this diabetes

agent-based model was that it provided a graphic user inter-

face that policy makers could use to (1) define populations of

interest, (2) define system parameters, (3) visualize dynamic

changes in health factors and outcomes, (4) predict health

and cost outcomes for user-defined interventions, (5) per-

form cost-effectiveness analyses, and (6) report simulation

results graphically. An interface such as this can provide

policy makers with the capability to easily evaluate and com-

pare chronic disease prevention or treatment strategies, and it

can inform their responses to complex policy questions.

Incorporating evidence-based decision making into an

innovative systems-science approach that relies on local pop-

ulation data is likely to be both practical and useful for local

health departments and other public health stakeholders. In

this project, we were able to use this methodology to provide

Metro Health with the data needed to assess the potential

benefits that could be associated with various diabetes pre-

vention and management interventions and programs. Our

methods of communication and our approach to reporting

the results and making the case for diabetes prevention and

management were well received by Metro Health, which

subsequently expressed interest in having us share what we

learned through this process with other local public health

practitioners and researchers. Given the success of this work-

ing relationship and partnership, we believe that this project

provides a template for how a research team might work

together with a funder, a local health department, and/or

other community partners to use simulation modeling to

inform public health intervention decisions and strategies.

We had some challenges and learned some important les-

sons that might be informative for those designing similar

partnerships in other areas of the United States. First, to

evaluate various diabetes prevention strategies, we needed

local data from multiple sources. We were provided with

data related to the delivery and use of services that were part

of local Delivery System Reform Incentive Payment inter-

ventions, but some other relevant data (eg, health insurance

claims data or health indicator data not directly related to the

Delivery System Reform Incentive Payment initiative) were

not readily available. However, we overcame this challenge

by incorporating data from other sources and by using simu-

lation. Second, unexpected changes in leadership at San

Antonio Metro Health during our project required working

with the new interim leadership to rapidly reassess, realign,

and coordinate priorities. We overcame this challenge by

requesting in-person interactions whenever possible and by

conducting frequent site visits. We believe that these strate-

gies played important roles in helping us build rapport with

the key stakeholders involved in the project and in enabling

us to build trust within the partnership.
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Figure 2. Prevalence projections for diabetic complications
occurring before and after reducing hemoglobin A1c (HbA1c) by
1% among adults with prediabetes and diabetes in San Antonio,
Texas, during a 20-year period (2015-2034). In the “current”
scenario (before reducing HbA1c by 1 percentage point), the
simulated population had the same HbA1c distribution that was
estimated from the Diabetes HbA1c Registry in San Antonio, 2011.
In the “reduce HbA1c by 1 percentage point” scenario
(after reducing the HbA1c by 1 percentage point), each person
in the simulated population had a 1-percentage-point reduction
in HbA1c at the beginning of the simulation.
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Another salient lesson learned from this project concerned

the vital role that other partners and allies (including non-

profit and philanthropic foundations) can play in leveraging

local network resources. The organization funding our proj-

ect helped us access materials (eg, software to calculate costs

averted by preventing diabetes complications) and contex-

tual information (eg, basic structures of Delivery System

Reform Incentive Payment diabetes prevention programs,

descriptions of other Delivery System Reform Incentive Pay-

ment projects at San Antonio Metro Health) that we needed

to provide technical assistance. Our funder also helped us

identify organizations that provided other forms of technical

assistance in the San Antonio community (eg, quality

improvement tools). This type of support helped us to better

align our efforts toward achieving project goals.

Finally, we believe our project, although confined to dia-

betes, also influenced how Metro Health, on a broader level,

thought about chronic disease prevention activities and their

effects on population health and health care expenditures.

For example, we observed that having the results from our

agent-based model simulations on the effect of changes in

HbA1c on diabetes complications inspired Metro Health to

think about how this type of information could be best shared

with the wider local health care community (eg, health sys-

tems, clinicians, and other community-based organizations).

Indeed, since completing our project, Metro Health has pre-

sented and continues to share our findings with various com-

munity partners and organizations. This information sharing

has fostered a growing coalition in San Antonio that will be

able to act together on this evidence, using it along with the

collective effect model of collaboration to sustain efforts to

improve diabetes prevention and management locally.

Conclusions

As the US health care delivery system moves from fee-for-

service to value-based payments, the use of Medicaid funds

to support chronic disease prevention strategies through 1115

Medicaid waivers is likely to grow. Using these funds, local

health departments have the potential to affect health care

use and costs by leading or coordinating various public

health disease prevention and management programs.

However, many local health departments lack the infrastruc-

ture or personnel required to conduct the necessary health

and cost analyses or to estimate the return on investment of

interventions or programs. These local health departments

could benefit from technical assistance, involving the use

of innovative methods such as systems science, to show how

their programs might improve the health of populations and

to be able to demonstrate the possible financial effect of

adopting these public health programs.

The use of systems-science modeling is an innovative

approach to better inform the planning and delivery of public

health and health care services. Changes in payment systems

provide a new opportunity to evaluate how health care sys-

tems are designed and how they operate. Simulation model-

ing is a novel way to prioritize programs and, ultimately,

engage communities and stakeholders using results and pro-

jections about potential outcomes and costs.
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