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a Ingram School of Engineering, Texas State University, 601 University Drive, San Marcos, TX 78666, United States of America 
b Department of Population Health Science and Policy, Icahn School of Medicine at Mount Sinai, 1 Gustave L. Levy Pl, New York, NY 10029, United States of America 
c Department of Public Health Policy and Management, School of Global Public Health, New York University, 715 Broadway, New York, NY 10003, United States of 
America   

A R T I C L E  I N F O   

Keywords: 
Decision models 
Systems science 
Community-based health program 
Chronic disease prevention 

A B S T R A C T   

Hospitals and clinics are increasingly interested in building partnerships with community-based organizations to 
address the social determinants of health. Choosing among community-based health programs can be complex 
given that programs may have different effectiveness levels and implementation costs. This study develops a 
decision-making model that can be used to evaluate multiple key factors that would be relevant in resource 
allocation decisions related to a set of community-based health programs. The decision-making model compares 
community-based health programs by considering funding limitations, program duration, and participant 
retention until program completion. Specifically, the model allows decision makers to select the optimal mix of 
community-based health programs based on the profiles of the population given the above constraints. The 
model can be used to improve resource allocation in communities, ultimately contributing to the long-term goal 
of strengthening cross-sector partnerships and the integration of services to improve health outcomes.   

1. Introduction 

Cardiovascular disease (CVD) and diabetes are prevalent chronic 
conditions that are not only costly to the health care delivery system but 
also result in significant disability and death in the United States and 
around the world (Goeree et al., 2013). Modifiable lifestyle factors such 
as smoking, diet, and physical activity can impact the prevention and 
management of these chronic health conditions (Buttar et al., 2005). As 
such, the adoption of healthy lifestyles and giving individuals and 
communities greater control over the development of strategies to 
improve their health are increasingly important to reduce the burden of 
disease (Fedder et al., 2003). 

Although there are many promising community-based health pro
grams that can effectively improve the prevention and management of 
CVD and diabetes, policymakers face multiple challenges when deciding 
which community-based health programs should be selected and 
implemented across different communities. Challenges to implementa
tion include a highly diverse range of programs with varying levels of 
demonstrated effectiveness, changing community health needs, and 
limited evidence on the return on investment of the programs. Poor 
implementation is common and has contributed to the failure of many 

community-based health programs (Matheson et al., 2013). Even though 
the impact of these programs can be improved with better imple
mentation (WHO, 2014), limited evidence exist to guide decisions to 
accomplish this outcome (Milat et al., 2011; Wolfenden et al., 2016). 
Compared with implementation studies undertaken in clinical settings, 
existing research has found few trials in community settings targeting 
CVD and diabetes (McFadyen et al., 2018; Wolfenden et al., 2017). 
Existing evidence on the effectiveness of community-based health pro
grams is scarce in terms of examples of successful implementation 
(McFadyen et al., 2018; Wolfenden et al., 2016; Wolfenden et al., 2017). 

The impact of community-based health programs is typically 
measured by projected costs and benefits, but there is scarce limited 
guidance and methodological approaches to make projections when 
many health conditions and services need to be considered. The use of 
cost-effectiveness ratios (Eichler et al., 2004; Heidenberger, 1996; Zaric 
et al., 2002) to allocate resources does not allow for considering 
important factors in the decision-making process such as a highly 
diverse range of programs with different demonstrated impact in the 
community (i.e. effectiveness), programs time duration, the funding 
levels to support community-based health programs, and expected 
participant retention. Optimization-based resource allocation models 
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can be based on a variety of factors and are meant primarily to inform 
decision makers of the best alternatives under various scenarios. 

This study presents a decision-making model for resource allocation 
and planning that can be used to decide where new investments should 
be directed to achieve better community health outcomes. The decision- 
making model allows for the selection of a program or programs to be 
funded while considering practical constraints, such as funding limita
tions, program duration, and participant retention. Specifically, the 
model allows decision makers to select the optimal mix of community- 
based health programs based on the profiles of the population given 
the above constraints. The key challenge is to decide which program or 
set of programs should be funded given a limited budget. The model 
developed in this study can help decision-makers address multiple key 
issues simultaneously while it also aligns well with the RE-AIM (Reach 
Effectiveness Adoption Implementation Maintenance) planning and 
evaluation framework in that it can be used to inform community-based 
health program selection and design when there is limited data on 
effectiveness, sustainability, and implementation (Finlayson et al., 
2014; Glasgow and Estabrooks, 2018). 

2. Methods 

The multi-criteria decision-making model proposed here takes the 
form of an integer program (IP), constructed to work in conjunction with 
an existing agent-based model (Li et al., 2014; Li et al., 2018) that is 
designed to capture individual health progression and study emergent 
CVD-related population health outcomes (diabetes, myocardial infarc
tion, stroke, and death) over a specified time period. An IP is a mathe
matical model that is used to search for the best integer solution for a 
problem given a set of problem limitations or constraints. IP models 
have been used in resource allocation problems in multiple settings 
including healthcare, telecommunication networks, and scheduling. In 
general, IPs have two parts: an objective function and a set of con
straints. The objective function guides the resource allocation decisions 
based on the problem constraints. The objective function selected for 
this study seeks to obtain the largest overall health benefit for every 
dollar spent. 

Fig. 1 illustrates the framework of the decision-making model. The 
red dotted line is used to highlight the data and actors (i.e., community, 
public health decision makers, and prevention programs) involved in the 
implementation of the decision-making model. The symbols included in 
Fig. 1 are the parameters used in the decision-making model to represent 
the data inputs. The outputs from the agent-based model were used as 
input parameters to the decision-making model that seeks to optimize 
funding decisions in terms of which community-based health program 
or programs will have the greatest health impact. Participant simulated 
outcomes, participant, funding, and program data are included as inputs 
in the decision-making model. Participant data includes the number of 

residents in the community and the number of persons with one or more 
health conditions. Program data includes targeted health conditions and 
interventions to modify health behaviors, sample size, intervention 
length, and total cost per person per year. 

2.1. Agent-based model 

We used an agent-based model that was developed to capture 
different behaviors and health conditions over time (Li et al., 2014). The 
agent-based model allows for the examination of the progression of the 
health conditions and cardiovascular diseases considered in this study 
which are diabetes, myocardial infarction (MI), and stroke. In the agent- 
based model, each agent (person) is defined according to seven behavior 
and health factors, including smoking, physical activity, healthy diet, 
healthy weight, cholesterol, blood pressure, and blood glucose, as well 
as by age, gender, and having a history of MI or stroke. The model can 
generate a user-specified population, capture the dynamic changes of 
health behaviors and factors, and report a set of health outcomes and 
mortality over a time period of interest. A previous study using the 
model assessed how four “hypothetical” and independent lifestyle in
terventions (i.e., “quit smoking”, “promote healthy diet”, “improve physical 
activity”, and “reduce obesity”) would reduce the number of people with 
diabetes, a history of MI and a history of stroke in 5, 10, 15 and 20 years 
into the future (Li et al., 2014). 

The decision-making model described in the next section is designed 
to complement the agent-based model or other similar models designed 
to study disease progression. Results from the agent-based model (i.e., 
number of people with diabetes, a history of MI and a history of stroke in 
5, 10, 15 and 20 years for each intervention) can be used as input to the 
decision-making model. The impact of each program was estimated as 
follows. Let α represent the percentage (%) of the population repre
senting the reduced number of people with diabetes after implementing 
the “promote healthy diet” lifestyle intervention for 5 years. Now, let β 
represent the percentage (%) of the population representing the reduced 
number of people with diabetes after implementing the “improve physical 
activity” lifestyle intervention for 5 years. Then, α + β is used to estimate 
the percentage (%) of the population representing the reduced number 
of people with diabetes after implementing a community-based health 
program that implements both lifestyle interventions for 5 years. 

The decision-making model discussed in the next subsection rec
ommends which program or programs to fund by measuring and 
comparing existing community-based health programs while consid
ering environmental constraints, such as funding limitations, population 
characteristics, and expected participant retention. 

Fig. 1. Research methodology.  
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2.2. Decision-making model for community-based health programs 
selection 

Let I denote the community-based health programs indexed i ∈ I and 
let J denote health conditions indexed j ∈ J. Set J includes diabetes, 
myocardial infarction (MI), and stroke. Parameter n represents the 
number of residents in the community and nj represents the number of 
persons with health condition j. Parameter B represents the monetary 
budget available to fund community-based health programs every year 
and parameter ci represents the yearly cost per person when partici
pating in community-based health program i. Finally, parameter ki 
represents the maximum expected participant retention and rij represents 
the ratio (%) of participants with health condition j that are expected to 
show improved health outcomes after participating in program i. 
Parameter rij is computed using the output of the agent-based model. 
Using the example provided in the previous section, assume that a 
community-based health program (i = 1) implements both “promote 
healthy diet” and “improve physical activity” lifestyle interventions. In 
addition, assume that j = 1 represents diabetes. Then r11 = α + β. Fig. 1 
illustrates the data sources from where input parameters for the model 
are obtained. 

The decisions to be made by the model are represented by the 
following two decision variables. Decision variable yi is a binary variable 
that equals one if community-based health program i is selected to be 
funded by the model and equals zero otherwise. Decision variable xij 
represents the number of participants with health condition j partici
pating in program i. 

The model can now be stated using the provided definitions for the 
sets, parameters, and decision variables. The objective function (Eq. 
(1)), max

∑

i

∑

j
rijxij guides the decisions to be made by the model. In this 

case, the model maximizes the number of participants with health 
condition j which are expected to show improved health outcomes after 
participating in program i. In other words, the model finds the best 
combination of community-based health programs that will maximize 
the number of participants who will show improved health outcomes 
after implementing the recommended programs. The model constraints 
varied based on the different experimental scenarios studied. Eq. (2), 
∑

i

∑

j
xij ≤ n, limits the number of people that can participate in 

community-based health programs to the number of people in the 
studied community. Eq. (3), 

∑

j
xij ≤ Myi, ∀i ∈ I, is a selection constraint 

which is used to decide which programs maximize the performance 
goals of the objective function. Eq. (4), 

∑

i
xij ≤ nj, ∀j ∈ J, limits the de

cisions to be made to the total number of residents in the community 
with health condition j. Eq. (5), xij ≥ 0 and integer, ∀i ∈ I, ∀ j ∈ J, limit the 
decision variables xij to assume integer positive values. Eq. (6), yi =

{0,1}, ∀ i ∈ I, limits the decision variables yi to assume binary values. 
Eqs. (1) to (6) represent the “base IP model.” The “base IP model” can 

be used to assess what is the impact of considering different time du
rations when selecting the community-based health programs. Addi
tional constraints must be added to the “base model” to answer other key 
questions such as what is the impact of considering the expected 
participant retention when selecting the community-based health pro
grams, (Eq. (7), 

∑

j
xij ≤ ki,∀i ∈ I, which imposes an upper bound for the 

expected participant retention until program completion (ki) to each 
community-based health program i), and what are the implications of 
different funding levels when selecting the community-based health 
programs (Eq. (8), 

∑

i

∑

j
cixij ≤ B, which limits the number of programs to 

be selected to the budget constraint for the year in terms of participant 
costs). 

2.3. Population and community-based health programs data 

In this study, a set of parameters define and describe the population 
where the community-based programs will be considered for adoption 
and implementation (Li et al., 2014). Nationally representative data was 
obtained from the Behavioral Risk Factor Surveillance System (BRFSS). 
The BRFSS is a telephone survey targeting American adults living in 
households, and the survey includes standard core questions related to 
preventive health practices and chronic health conditions. We extracted 
data from the 2012 BRFSS for all American adults between ages 20–79 
((CDC), 2019) to identify the population profile needed for input 
modeling. The population was divided according to their age, race/ 
ethnicity, health behaviors, health conditions, and history of cardio
vascular disease. The health conditions and cardiovascular diseases 
considered were diabetes, myocardial infarction (MI), and stroke. The 
population age varies from 20 to 79 years where the mean age was 45.5. 
On average, 51.1% of studied adults were female, 80% were non
smokers, 36.9% were physically active, 24.4% followed a healthy diet, 
8.3% had diabetes, 3.7% had a history of MI, and 2.3% had a history of 
stroke. 

Seven community-based health programs were considered to 
demonstrate how the proposed decision-making model works. The 
programs considered in this study are (1) Community Outreach and 
Cardiovascular Health, (2) Liverpool Primary Care Trust Lay Health 
Trainers, (3) Healthlines Telehealth, (4) Maryland Community Health 
Worker Outreach, (5) Community-wide Cardiovascular Health Aware
ness Program (CHAP), (6) University of East Anglia Impaired Fasting 
Glucose Program (UEA-IFG), and (7) HealthyLiving Partnerships to 
Prevent Diabetes (HELP PD). Programs were selected based on the 
availability of published data and their characteristics are discussed in 
Table 1. These are community-based health programs designed to 
address diabetes, myocardial infarction (MI), and stroke. They address 
these health conditions by managing healthcare utilization better, 
helping people quit smoking, improve physical activity, promote 
healthy diet, and reduce obesity. Table 1 identifies with an “X” the 
lifestyle intervention implemented by each community-based improve
ment program. For example, the 6th community-based improvement 
program listed in Table 1 implements the “promote healthy diet” and 
“improve physical activity”. Therefore, α + β is used to estimate the ex
pected number of reduced cases of participants (rij) with health condi
tion j when participating in program i. 

2.4. Simulated experiments with case study 

The decision-making model was applied to a case study generated 
from the literature in which seven different community-based health 
programs (see Table 1) are considered for funding purposes. Multiple 
scenarios were considered to study the robustness of the decisions 
evaluated by the model. Three experimental factors (EF) were consid
ered in building the scenarios: 1) community-based health programs time 
duration; 2) the funding levels to support community-based health programs; 
and 3) expected participant retention. 

The “community-based health program time duration” considers the 
amount of time the program(s) will run before measuring the overall 
health impact in the community. In this research, three levels for this 
experimental factor are considered: 5 years, 10 years, and 20 years. 
These three levels were selected based on intervention lengths reported 
in the literature (Boelsen-Robinson et al., 2015). It is assumed that a 
specific program is repeated continually to the same set of participants. 
The “funding levels to support community-based health programs” factor 
studies whether program decisions are sensitive to the funding levels 
available to support community-based health programs. Funding sour
ces include foundations, private, and government. In this research, three 
levels for this experimental factor are considered: $100,000 per year, 
$250,000 per year, and $500,000 per year. 

The “expected participant retention studies the number of participants 
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Table 1 
Community-based health programs.  

# Program name Quit 
smoking 

Improve 
physical 
activity 

Promote 
healthy 
diet 

Reduce 
obesity 

Age 
mean 
(years) 

# of people that 
can be potentially 
served by the 
program 

Intervention 
length 
(months) 

Total cost per 
participant per 
year ($) 

Reference 

1 Community outreach 
and cardiovascular 
health 

X X X X 54 150 12 $264.00 (Allen 
et al., 
2014) 

2 Liverpool primary care 
trust lay health trainers  

X X  53 150 12 $477.00 (Barton 
et al., 
2012) 

3 Healthlines telehealth X X X X 67 150 12 $184.00 (Dixon 
et al., 
2016) 

4 Maryland community 
health worker outreach   

X X 57 50 36 $ 48.00 (Fedder 
et al., 
2003) 

5 Community-wide 
cardiovascular health 
awareness (CHAP) 

X X X X 75 600 3 $393.00 (Goeree 
et al., 
2013) 

6 University of East Anglia 
Impaired Fasting 
Glucose Program (UEA- 
IFG)  

X X  59 300 6 $600.00 (Irvine 
et al., 
2011) 

7 HealthyLiving 
partnerships to prevent 
diabetes (HELP PD)  

X X X 60 75 24 $386.00 (Lawlor 
et al., 
2013)  

Table 2 
Impacts for the implementation of different community-based programs based on 18 scenarios/simulations Descriptive results of community-based health programs 
(CBHP) selected per combination of following experimental factors: 1) community-based health programs time duration; 2) the funding levels to support community- 
based health programs; and 3) expected participant retention.  

Experimental factors (EF) Performance measures 

(EF1) CBHP 
time duration 
in years 

(EF2) $ funding 
levels to 
support CBHP 

(EF3) % expected 
participant 
retention 

CBHP selected 
using 
methodology 

Total # of 
participants for 
selected CBHP 

Number of 
participants with 
improved health 

Percentage of 
participants with 
improved health 
(%/year) 

$ annual cost 
($/per participant 
enrolled) 

5 100,000 85 1,3,4,5 427 35 8.30 (1.66) 99,862.49 (233.87)  
100 1,3,4 508 45 8.85 (1.77) 99,913.44 (196.68) 

250,000 85 1,3,4,5 809 74 9.20 (1.84) 249,989.10 
(309.01)  

100 1,3,4,5 895 82 9.20 (1.84) 249,812.40 
(279.12) 

500,000 85 1,2,3,4,5,6,7 1331 90 6.80 (1.36) 499,617.50 
(375.37)  

100 1,3,4,5,7 1533 97 6.35 (1.27) 499,788.70 
(326.02) 

10 100,000 85 1,3,4,5 427 73 17.20 (3.44) 99,862.49 (233.87)  
100 1,3,4 508 90 17.70 (3.54) 99,913.44 (196.68) 

250,000 85 1,3,4,5 806 160 19.80 (3.96) 249,013.70 
(308.95)  

100 1,3,4,5 895 178 19.90 (3.98) 249,812.40 
(279.12) 

500,000 85 1,2,3,4,5,6,7 1331 196 14.75 (2.95) 499,497.70 
(375.28)  

100 1,3,4,5,7 1533 200 13.10 (2.62) 499,788.70 
(326.02) 

20 100,000 85 1,3,4,5 427 117 27.35 (5.47) 99,841.14 (233.82)  
100 1,3,4 508 140 27.65 (5.53) 99,913.44 (196.68) 

250,000 85 1,3,4,5 809 238 29.45 (5.89) 249,964.80 
(308.98)  

100 1,3,4,5 895 265 29.55 (5.91) 249,785.60 
(279.09) 

500,000 85 1,2,3,4,5,6,7 1331 279 20.95 (4.19) 499,497.70 
(375.28)  

100 1,3,4,5,7 1533 288 18.80 (3.76) 499,788.70 
(326.02) 

Note: Community-based health programs (CBHP) described in detail in Table 1. The 7 CBHPs are defined as: (1) Community Outreach and Cardiovascular Health, (2) 
Liverpool Primary Care Trust Lay Health Trainers, (3) Healthlines Telehealth, (4) Maryland Community Health Worker Outreach, (5) Community-wide Cardiovascular 
Health Awareness Program (CHAP), (6) University of East Anglia Impaired Fasting Glucose Program (UEA-IFG), and (7) HealthyLiving Partnerships to Prevent 
Diabetes (HELP PD). 
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that are expected to be enrolled in their program until completion or 
retention rate. In this research, two levels for this experimental factor 
are considered: 85% and 100%. These levels were selected based on 
retention rates of successful programs reported in the literature (Carroll 
et al., 2011). A 100% level implies that all the people who entered the 
program completed the program. 85% retention means that 15% of the 
participants who started the program did not complete all the required 
activities. A total of 18 experimental combinations were considered to 
understand their impact on three performance measurements: 1) 
community-based health programs selected; 2) % of participants with 
improved health; and 3) annual cost per participant enrolled in the 
selected community-based health programs. 

3. Results 

Table 2 summarizes the computational results for the experimental 
design discussed previously in methods. Table 2 shows the results for an 
example of a community with 10,000 residents and which parameters 
are reported in (Li et al., 2014). A total of 18 experiments were con
ducted considering different levels for the experimental factors (EF): 1) 
community-based health programs time duration; 2) the funding levels 
to support community-based health programs; and 3) expected partici
pant retention. For each combination of experimental factors, Table 2 
reports the community-based health programs selected for the example 
of a community, the total number of participants for the selected pro
grams, the percentage of participants with improved health, and the 
annual cost per participant enrolled. 

The community-based health programs selection was significantly 
related to the funding levels to support community-based health pro
grams and the expected participant retention. As observed in Table 2, 
the community-based health programs selected did not change when 
those two experimental factors remain the same and only the 
community-based health programs time duration varies. However, the 
results also show that the % of participants with improved health in
creases as the time duration of the implemented community-based 
health programs increases. Therefore, it is evident that the longer the 
time duration for the program the better the results in terms of partic
ipants with improved health. 

Fig. 2 displays the % of participants with improved health conditions 
when evaluating only the time durations at different levels (i.e., 5 years, 
10 years, and 20 years). As stated earlier, the plot shows that keeping the 

programs running for a longer period of time provides more benefits to 
the community. The 20-year time duration (i.e., gray bars) shows higher 
benefits in terms of the % of participants with improved health condi
tions when considering all possible combinations of the experimental 
factors. The maximum % of participants with improved health condi
tions occurs when community programs 1, 3, 4, and 5 are selected to be 
implemented for a time duration of 20 years. 

In terms of funding levels, the results show at a $250 K funding level 
the best results are observed with about 6% of participants showing 
improved health outcomes when programs are implemented for 20 
years. An interesting result is observed when funding is increased to 
$500 K. Fig. 2 shows that the percentage of participants with improved 
health decreases by about 2% when compared to a level of funding of 
$250 K. The reasoning behind this result is that at the $500 k funding 
level more community programs can be implemented. However, those 
additional programs might not be appropriate for the needs of the 
community and might end up not producing the expected results. 
Limiting the funding to $250 K forces the model to select programs that 
will have a larger impact on the community participants which will 
improve their health outcomes. 

Fig. 2 also depicts the impact of considering the participants' reten
tion rate when selecting the community-based health programs to be 
implemented in the community. Fig. 2 shows that the impact of the 
retention rate factor, in terms of the % of participants with improved 
health, is correlated to the funding level factor. Consider the first four 
groups of bars depicted in Fig. 2 where the funding available is fixed to 
$100 K (first two groups) and $250 k (groups three and four). The results 
show that on average about 0.02% percentage increase or about 4 
additional participants will show improved health outcomes when the 
retention rate of 100% is compared against 85%. This result does not 
hold when funding level considered is $500 k. Consider the last two 
groups of bars depicted in Fig. 2. The results for funding level $500 k 
show a decrease in the % of participants with improved health per year 
when the retention rate factor is 100%. The reasoning behind this result 
is that at the $500 k funding level more community programs can be 
implemented. However, those additional programs might not be 
appropriate for the needs of the community and might end up not pro
ducing the expected results. A retention rate of 85% will have less 
participants in programs that are not as effective which will increase the 
% of participants with improved health. Therefore, the results show that 
more funding to support more community-based health programs does 

Fig. 2. Proportion of participants with improved health conditions when considering different time durations for programs implementation [program selection 
displayed at the top of each bar]. Note: Community-Based Health Programs (CBHP) described in detail in Table 1. 
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not necessarily translate into better health outcomes for the community. 

4. Discussion 

This study discusses how community-based health programs that 
seek to address cardiovascular disease (CVD) and diabetes can be 
compared using a decision-making model that considers funding limi
tations, population characteristics, and participant retention until pro
gram completion. The model can be useful to decision-makers who need 
to consider multiple key issues simultaneously while it also aligns well 
with the RE-AIM (Reach Effectiveness Adoption Implementation Main
tenance) planning and evaluation framework in that it can inform 
community-based health program selection and design when there is 
limited data on effectiveness, sustainability, and implementation 
(Glasgow and Estabrooks, 2018). Our approach can be used to 
strengthen cross-sector partnerships and facilitate the integration of 
services and systems to improve health outcomes. Program selection 
decisions were associated with modest improvements in terms of the 
percentage of program participants with improved health. 

Previous studies of community-based health programs have reported 
that programs are influential in changing the behavior of participants 
(Driscoll et al., 2008; Lv et al., 2014). In addition, several studies have 
reported that most community-based health programs do not produce 
significant changes in health outcomes for a ten year period (Brand 
et al., 2014; Kloek et al., 2006; Merzel and D'Afflitti, 2003; Wolfenden 
et al., 2014). Our study shows that significant changes in health out
comes are possible if the selected community-based health programs are 
kept running for about 20 years. The simulation-based results show that 
implementing the appropriate community-based health programs for a 
20-year period could provide a 48% increase in the percentage of par
ticipants with improved health per year when compared to a 10-year 
period. Our approach of program selection has several strengths. First, 
the underlying ABM is the first model that can capture changes of 
important lifestyle factors (e.g., smoking, diet, and physical activity) 
simultaneously as well as their impact on CVD risk factors and outcomes. 
Second, the underlying ABM is flexible for capturing population het
erogeneity because it includes a large set of important risk factors for 
CVD and allows for automatic generation of simulated individuals (i.e., 
agents) based on the demographic and health profiles of the studied 
population users define. Finally, the decision-making model comple
ments the agent-based model by providing optimized selection of pro
grams without using a traditional trial-and-error approach. 

Funding availability and structures are sometimes key barriers to 
action. The model and framework presented in this paper can resolve 
funding limitation barriers by allocating the limited funds to programs 
that will provide the best benefit to the community. One of the strengths 
of our study is the use of data from different sources. The data analysis 
combined with the proposed decision-making framework elicited in
formation considering a broad range of barriers such as limited funding. 
The results showed that high funding availability does not necessarily 
translate to better outcomes to the community. For instance, having 
sufficient funding might push decision makers to implement programs 
that are not effective for the community which would produce coun
terproductive results. For instance, for a specific community only some 
of the available programs might help participants improved health 
outcomes. However, if spending the overall funding available is required 
then the decisions will include additional programs that might end up 
not producing the expected results. Our results showed that limiting the 
funding to $250 K forced the decision-making framework to only select 
programs that will produce meaningful benefits to community partici
pants by shifting the focus to health outcomes. 

5. Conclusions 

Improving community-level health outcomes is difficult, and it takes 
time to observe positive changes on health outcomes. As observed in the 

results, the level and intensity of community-based programs required to 
observe improved health outcomes in a community depends on multiple 
factors. Making the most appropriate decisions, in terms of which pro
grams to implement, is challenging. In addition, those decisions must 
consider that sometimes more than a decade of program implementation 
and evaluation might be needed to produce significant improvement 
outcomes. The decision-making framework presented in this paper 
considers these factors and provides a route of action for a specific 
community. 

Unlike previous research, we modeled the decision-making process 
of selecting and funding of community-based health programs consid
ering program duration, funding limitations, and participant retention. 
We found that different combinations of these factors are important 
when the goal is to achieve the highest expected number of participants 
with improved health outcomes in a community. The modeling 
approach presented here provides a feasible, cost-effective way to un
derstand and evaluate different scenarios to inform policy decisions. 
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