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ABSTRACT 

Cardiovascular disease (CVD) is the leading cause of death in the United States (US) and places a heavy 

economic burden on the healthcare system. Recognizing the importance of CVD prevention, in recent 

years the American Heart Association (AHA) began to emphasize the need to increase awareness of key 

risk factors of CVD and proposed a new concept called ideal cardiovascular health. Based on this concept, 

we developed an agent-based model that is designed to capture individual health progression and study 

emergent CVD-related population health outcomes (diabetes, myocardial infarction, stroke and death) 

over a specified time period. We present some preliminary numerical results, which demonstrate the 

predictive validity of the model and show how the model could be used in practice by assessing the 

impact of a set of hypothetical lifestyle interventions on CVD-related health outcomes. Our model is 

designed to help policy-makers assess and compare different intervention programs targeting CVD 

prevention for the population of their interest. 

1 INTRODUCTION 

Cardiovascular disease (CVD) is the leading cause of death in the United States (US) and the world 

(Alwan 2011). More than 2,150 people die of CVD in the US each day, and the direct and indirect costs 

associated with CVD have been estimated to be more than $312 billion in 2009 (Go et al. 2013). 

Recognizing the increasing prevalence of CVD and the importance of prevention, the American Heart 

Association (AHA) established an impact goal which aims to improve the cardiovascular health of all 

Americans by 20% while reducing deaths from CVD by 20% by 2020 (Lloyd-Jones et al. 2010). To better 

measure and monitor cardiovascular health, the AHA—for the first time—developed the concept of ideal 

cardiovascular health. The AHA definition of ideal cardiovascular health centers on a person not having 

CVD while also not smoking, being physically active, eating a healthy diet, having a normal body weight 

and maintaining optimal levels for blood glucose, blood pressure and cholesterol (Lloyd-Jones et al. 

2010). The number of ideal cardiovascular health behaviors and factors has been shown to be a strong 

predictor of reduced mortality due to CVD (Ford, Greenlund, and Hong 2012). However, only about 3% 

of American adults meet the ideal cardiovascular health definition set forth by the AHA (Fang et al. 2012). 

 In this study, we develop an agent-based model (ABM) based on the ideal cardiovascular health 

concept. In particular, our model can generate a user-specified population, capture the dynamics of each 

individual’s health behaviors and factors, and report a set of health outcomes and mortality over a time 

horizon of interest. ABM is a bottom-up modeling approach that has been applied to understand real-

world systems in which the representation of behaviors of individuals is important and population 

interaction exists (Rahmandad and Sterman 2008; Siebers et al. 2010). By using simple rules of behavior 
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and action, ABM can be used to model social and health systems in an intuitive way that is appealing to 

policymakers (Macal and North 2010). Although ABM is still a relatively new modeling approach, it has 

been applied to solve complex problems in several different disciplines such as economics, other social 

sciences and healthcare operations management (Barnes, Golden, and Price 2013; Bruch and Atwell 

2013; Fagiolo, Moneta, and Windrum 2007).  

 A systematic literature review in 2006 identified 42 CVD policy models and discussed their strengths 

and limitations (Unal, Capewell, and Critchley 2006). Recently, the Rotterdam Ischemic Heart Disease 

and Stroke Computer Simulation model was developed and demonstrated good validity by matching data 

from two European prospective studies (Van Kempen et al. 2012). However, most of these models are 

Markov-based micro-simulation models, and they have limited capability in capturing population 

heterogeneity and modeling individual behavior and disease progression in detail. ABM has the potential 

to overcome these limitations by creating and growing a heterogeneous population and describing the 

state change of each individual in a less restricted manner. Thus, we develop an ABM that is used to 

model cardiovascular health or CVD as defined by the AHA concept of ideal cardiovascular health. Our 

model also provides a framework for future similar modeling efforts. 

 In addition to developing an ABM for cardiovascular health, we show how the model could be used 

in practice by assessing the impact of a set of hypothetical lifestyle interventions on CVD-related health 

outcomes. People with healthy lifestyle behaviors (i.e., those not smoking, following healthy diet and 

being physically active) have been shown to have reduced mortality from all causes and CVD (Ford et al. 

2012; Ford and Capewell 2011). The importance of promoting healthy lifestyle behaviors has also been 

emphasized by the AHA to strengthen the prevention of CVD (Lloyd-Jones et al. 2010). The model 

developed here provides a convenient tool for policy-makers to gain new insights about the expected 

relative effectiveness of different programs (e.g., lifestyle interventions) without the need to spend 

substantial resources testing and implementing different programs in the field. 

2 METHODOLOGY 

2.1 Model Structure 

We develop an ABM in which the CVD-related health behaviors and health factors of individuals are 

simulated, and the emergent health outcomes and mortality for a certain population are observed and 

studied. In the model, each agent (person) is defined according to three health behaviors (smoking, 

physical activity and diet) and four health factors (body weight, cholesterol, blood pressure and blood 

glucose) as well as by age, gender and by having a history of myocardial infarction (MI) or stroke. These 

factors were selected based on the AHA definition of ideal cardiovascular health as described in Section 

1. 

 In our model, age and gender are intrinsic factors (i.e., not affected by other factors). We use one year 

as the basic time unit in the simulation, so age increases by one at each time step. Each individual’s 

behaviors and health factors evolve simultaneously and interactively depending on his/her characteristics 

and the intervention(s) implemented. As Figure 1 shows, we develop eight parallel state charts to capture 

behavior changes (e.g., transitions between “smoking” and “not smoking”), health factor changes (e.g., 

transitions between “normal weight” and “overweight”) and CVD-related health outcome changes (e.g., 

transitions from “no CVD history” to “history of MI”, “history of stroke” or “death”) at each time step. 

Among all the states shown in Figure 1, “not smoking” means the person never smoked or quit smoking 

for more than one year, “healthy diet” means the person ate five or more fruits/vegetables per day, 

“physically active” means the person had more than 150 minutes per week of moderate physical activity, 

and “normal weight” means the person had a body mass index (BMI) lower than 25 kg/m2. Previous 

studies have shown close relationship between these health behaviors and factors and CVD-related health 

outcomes (Ford, Greenlund, and Hong 2012; Ford et al. 2012). 
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 Transitions within some state charts are correlated with the states in other state charts. For example, 

changes in body weight are determined not only by the normal progression of body weight but also by the 

diet and physical activity status. Some transitions are also independent of all the other state charts (e.g., 

changes in smoking status are only affected by intrinsic factors such as age). Transitions within the CVD 

state chart are affected by all the behaviors and health factors, as well as by age and gender.  

 Our model also provides an interface that allows users to define the population size, the simulated 

time horizon and a set of basic demographic and health characteristics of a simulated population. After 

the initial population is generated, users can easily track and visualize population health outcomes and 

mortality over a given period of time. Then users can compare the effectiveness of different interventions 

on the population of their interest. 

 

  
 

Figure 1: Eight parallel state charts capturing individual health progression. 
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2.2 Parameter Estimation 

Transition probabilities for all the state charts and the correlations among different health factors are 

estimated from published studies. It is worth noting that the specification of parameter values is a time-

consuming process and requires a large-scale literature review and synthesis to make the model useful. 

Some transition probabilities are estimated using age-specific incidence rates, and some are point 

estimates for all ages based on results from clinical trials. When there are two or more sources for 

estimating a specific transition probability, we adopt the one published more recently. Table 1 

summarizes the parameters used in the model and the corresponding data sources. We present the detailed 

parameter estimation process in the following subsections. 

Table 1: Data sources for major parameters. 

Parameters Data Sources 

Smoking initiation and cessation (Escobedo et al. 1990; Gilpin and Pierce 2002) 

Change of diet status (Dalziel and Segal 2007) 

Change of physical activity status (Dalziel, Segal, and Elley 2006) 

Body weight progression (Ogden et al. 2007; Kaukua et al. 2003; Pan et al. 2011) 

Effect of diet status on body weight (He et al. 2004) 

Effect of physical activity status on body weight (Hu et al. 2003) 

Blood glucose progression (Bonora et al. 2004) 

Blood pressure progression (Vasan et al. 2002) 

Cholesterol progression (Panagiotakos et al. 2008) 

Risks of CVD (Anderson et al. 1991) 

Mortality rates (Heron et al. 2009) 

 

2.2.1 Parameter Estimation for the Health Behavior State Charts 

The three health behavior state charts are independent of each other in our model. For the smoking state 

chart, we estimate the annual transition probabilities from “not smoking” to “smoking” based on the age-

specific smoking initiation rates (Escobedo et al. 1990). Similarly, we estimate the annual transition 

probabilities from “smoking” to “not smoking” based on the age-specific smoking cessation rates (Gilpin 

and Pierce 2002). For the diet state chart, the annual transition probability from “unhealthy diet” to 

“healthy diet” is estimated to be 0.03 for people of all ages (Dalziel and Segal 2007). We assume the 

transition probability from “healthy diet” to “unhealthy diet” is also 0.03, which reflects the fact that 

people are reluctant to change their health behaviors and thus would not maintain the new behavior for 

long. For the physical activity state chart, we also assume that the transition probabilities for both 

directions between the states “physically active” and “physically inactive” are equal, which is estimated 

to be 0.049 for people of all the ages (Dalziel, Segal, and Elley 2006).  

2.2.2 Parameter Estimation for the Health Factor State Charts 

The four health factor state charts are correlated and also affected by changes in health behaviors. Annual 

transition probabilities for the body weight state chart are estimated based on three recent studies (Ogden 

et al. 2007; Kaukua et al. 2003; Pan et al. 2011). Research has shown that both healthy diet and sufficient 

physical activity reduce the risk of being overweight (Pan et al. 2011). We capture this effect by 

multiplying the annual transition probabilities from “normal weight” to “overweight” by the 

corresponding relative risks associated with having a healthy diet and being physically active (Hu et al. 

2003; He et al. 2004). The transition probabilities for the blood glucose, blood pressure and cholesterol 
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state charts are estimated based on age-specific annual incidence rates for diabetes, hypertension and high 

cholesterol (Bonora et al. 2004; Vasan et al. 2002; Panagiotakos et al. 2008). Obesity is related to the risk 

of high cholesterol, hypertension and diabetes and, thus, we estimate the relative risks associated with 

being overweight and adjust the transition probabilities accordingly (Thompson et al. 1999). 

2.2.3 Calculation of CVD Risk and Mortality 

In the CVD-related health outcome state chart, the initial distribution of population in the states of “no 

CVD history”, “history of MI”, and “history of stroke” is determined by the input from users. The 

transition probabilities from “no CVD history” to “history of MI” or “history of stroke” are calculated 

using the Framingham CVD Risk Calculator (Anderson et al. 1991). Note that these probabilities are 

updated at each time step during simulation and reflect a dynamic CVD risk profile determined by all the 

health behaviors and health factors. Once a person has a history of MI or stroke, he/she will have a higher 

risk of dying due to CVD. Although it is possible that a person has a history of both MI and stroke, we do 

not consider this scenario in our model since it is unclear how having a history of both diseases would 

change the mortality rate based on the published studies. 

 In our model, “death” could be due to CVD or other causes. The overall age- and gender-specific 

mortality rates for the general US population are obtained from the US vital statistics data (Heron et al. 

2009). The transition probabilities from “history of MI” or “history of stroke” to “death” (i.e., mortality 

due to CVD) are calculated based on the Framingham Risk Calculator (Anderson et al. 1991). The 

transition probabilities from “no CVD history” to “death” (i.e., mortality due to other causes) are then 

calculated by subtracting the mortality rates due to CVD from the overall mortality rates. Note that 

“death” is an absorbing state and people in the “death” state are removed from the population. 

2.3 Validation Procedures 

We followed published principles (Weinstein et al. 2003) to conduct model validation. Our examination 

of model structure, mathematical equations and programming code by the development team and through 

consultations with CVD experts demonstrates that the model has consistent internal validity and face 

validity, as well as satisfactory predictive validity (Li et al. 2014). No cross-validation has been conducted 

due to the lack of accessible or similar simulation models linking health behaviors and factors, 

cardiovascular health and CVD. We present additional validation results in Section 3.2. 

3 RESULTS 

3.1 Input Modeling 

Table 2 summarizes all the input parameters for our model. In the numerical studies, we obtained 

nationally representative data from the Behavioral Risk Factor Surveillance System (BRFSS) (Centers for 

Disease Control and Prevention (CDC) 2014a; Centers for Disease Control and Prevention (CDC) 2014b). 

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. BRFSS uses 

a disproportionate stratified sample design. As such, all our estimations took into account the complex 

survey design (i.e., differences in the probability of selection into the survey, noncoverage and 

nonresponse adjusted through sampling weights; poststratification adjustments). We used the BRFSS data 

to identify the population profile needed for input modeling in our ABM. We extracted data from the 

2007 BRFSS for all American adults between ages 20-79. We then divided the population into three 

groups by age (i.e., Age 20-39, Age 40-59, Age 60-79) and four mutually exclusive groups by 

race/ethnicity (i.e., non-Hispanic White, non-Hispanic Black, non-Hispanic Asian and Hispanic). We 

present the demographics and health profiles for the general American adult population and the selected 

subgroups in Table 3. 

1225



Li, Kong, Lawley, and Pagán 

 

 

Table 2: Input parameters.  

Basic demographic characteristics 

 Population size 

 Age (mean, standard deviation, min, max) 

 Proportion of women (%) 

Health behaviors 

 Proportion of people who are not currently smoking (%) 

 Proportion of people who are physically active (%) 

 Proportion of people who eat a healthy diet (%) 

Health factors 

 Proportion of people who do not have diabetes (%) 

 Proportion of people who do not have hypertension (%) 

 Proportion of people who do not have high cholesterol (%) 

CVD 

 Proportion of people who have a history of MI (%) 

 Proportion of people who have a history of stroke (%) 

Other 

 Simulation time horizon (years) 

 

Table 3: Population characteristics from 2007 BRFSS. 

  

All 

Age  

20-39 

Age  

40-59 

Age  

60-79 

 

White 

 

Black 

 

Hispanic 

 

Asian 

Mean Age 45.5 30.1 48.8 68.1 47.1 44.0 40.2 43.7 

Female (%) 51.1 49.9 50.9 53.6 51.5 54.3 49.6 46.0 

No currently smoking (%) 80.0 76.8 79.3 87.5 79.5 77.6 83.5 90.4 

BMI < 25 (%) 34.2 39.7 30.7 30.8 35.6 24.5 28.3 61.7 

Physically active (%) 36.9 38.2 36.6 35.2 40.1 28.2 29.6 25.8 

Healthy diet (%) 24.4 23.3 24.3 26.7 24.3 23.3 23.8 29.4 

No diabetes (%) 91.7 98.1 91.3 80.3 92.4 87.0 91.2 94.3 

No hypertension (%) 73.1 90.1 71.1 45.3 72.8 63.4 79.0 83.6 

No high cholesterol (%) 70.5 87.7 65.6 47.8 68.1 73.9 78.2 74.6 

History of MI (%) 3.7 0.6 3.1 10.9 3.9 3.7 2.8 1.5 

History of Stroke (%) 2.3 0.6 1.9 6.5 2.2 3.9 1.7 1.0 

 

3.2 Normal Progression 

We generated 10,000 hypothetical persons for each population group based on the demographic and 

health characteristics presented in Table 3 and simulated the population for five years without including 

any specific intervention. We compared the simulated results with the actual statistics estimated from the 

BRFSS 2012 for three major health outcomes (i.e., the proportion of people with diabetes, a history of MI 

and a history of stroke). We also conducted binomial probability tests for the actual and simulated normal 

progression results. Table 4 summarizes the actual and simulated health outcomes in 2012. 

 As Table 4 shows, the difference between the actual and simulated results is reasonably small for 

most of the health outcomes among these population groups. Also, 13 out of 24 binomial probability tests 

comparing actual with simulated normal progression for the proportions of people who have diabetes, a 
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history of MI, or a history of stroke from 2007 to 2012 have p values larger than .05. Thus, in 13 out of 24 

tests we fail to reject the hypothesis that the simulated proportions for these three health outcomes in 2012 

are equal to the actual statistics. More specifically, our model shows a five-year predictive power in the 

proportion of people having a history of MI or stroke for the general population of adults. The model also 

predicts well in the proportion of people with diabetes for the Hispanic and Asian population groups and 

in the proportion of people with a history of MI or stroke for the relatively young population groups and 

all the ethnic/racial groups except Asians. Table 4 also shows the population groups in which our model 

does not make reasonable predictions. For example, our model overpredicted the incidences of diabetes, 

MI, and stroke for elderly population, which is potentially of the most interest to health policy makers. 

Further research work will be required to look into the calibration of the relevant parameters to enhance 

the prediction power of the model. 

Table 4: Comparison between actual and simulated normal progression results in 2012. 

 Diabetes (%) MI (%) Stroke (%) 

 Actual Simulated p Actual Simulated p Actual Simulated p 

All 11.4 13.9 <.001 4.9 5.2 .165 3.1 3.1 1.000 

Age subgroups          

Age 25-44 3.9 4.1 .301 1.1 0.9 .055 1 0.9 .339 

Age 45-64 13.5 15.3 <.001 5.2 4.7 .024 3.2 2.5 <.001 

Age 65-84 22.1 27.8 <.001 11.9 13.7 <.001 7.2 8.3 <.001 

Race subgroups          

White  10.2 13.4 <.001 5.3 5.5 .372 3.1 3 .587 

Black 15.7 18.4 <.001 4.5 4.9 .057 4.4 4.6 .329 

Hispanic 13.3 13.1 .567 3.4 3.7 .098 2 2.2 .153 

Asian 9.7 9.6 .748 1.9 2.4 <.001 2.1 1.5 <.001 

 

3.3 Effect of Lifestyle Interventions 

We assessed how five hypothetical lifestyle interventions (i.e., “quit smoking”, “promote healthy diet”, 

“improve physical activity”, “reduce obesity”, and “comprehensive”) would reduce the number of people 

with diabetes, a history of MI and a history of stroke in 5, 10, 15 and 20 years. Among these interventions, 

“quit smoking”, “promote healthy diet”, “improve physical activity” and “reduce obesity” are the lifestyle 

programs implemented to reduce by half the proportion of the initial population who smokes, eats less 

than five fruits and vegetables/day, exercises less than 150 minutes/week and has a BMI of 25 or more, 

respectively. The “comprehensive” lifestyle program is the combination of the above four programs. Thus, 

these five hypothetical lifestyle interventions only change the initial health behaviors and factors of the 

simulated population, and they do not change the transition probabilities among different health states. 

We again generated 10,000 persons based on the general adult population characteristics in the BRFSS 

data and simulated the progression of the three health conditions with no intervention and with different 

lifestyle programs over 5, 10, 15, and 20 year periods. Figure 2 reports the reduced number of people with 

different health conditions by implementing the lifestyle programs as opposed to not implementing any 

interventions. 

 As the first bar chart in Figure 2 shows, for diabetes, rankings among all the lifestyle programs from 

the most effective to the least effective are “comprehensive”, “reduce obesity”, “quit smoking”, “improve 

physical activity”, and “promote healthy diet”. Within the 10,000 randomly generated persons, the 

“comprehensive” lifestyle program may result in a reduction of about 200 people with diabetes in 5 years 

and more than 450 people with diabetes in 20 years. As the lifetime direct cost of treating diabetes is 

approximately $85,200 (Zhuo, Zhang, and Hoerger 2013), the reduced proportion of the population with 
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diabetes after implementing the “comprehensive” lifestyle program for 20 years may translate into a 

saving of over $600 billion when considering all adults in the US population. 

 

 

 
 

Figure 2: Prevention effects of the five lifestyle intervention programs (i.e., quit smoking, promote 

healthy diet, improve physical activity, reduce obesity and comprehensive) on three health outcomes (i.e., 

the number of people with diabetes, a history of MI and a history of stroke) in 5, 10, 15 and 20 years. 
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 Among all the single interventions, “reduce obesity” is shown to be a very effective intervention in 

preventing diabetes, but “promote healthy diet” and “improve physical activity” have relatively small 

preventive effects, as both interventions resulted in a reduction of less than 80 people with diabetes in 20 

years. 

 The second and third bar charts in Figure 2 show the effect of lifestyle programs on the number of 

people with a history of MI and stroke. In general, the preventive effect of lifestyle programs on MI and 

stroke is less significant than that on diabetes. It seems that “quit smoking” is the most effective non-

comprehensive lifestyle program for reducing the incidence of MI and stroke. In 20 years, the “quit 

smoking” program may prevent 35 people and 8 people from having MI or stroke, respectively, and these 

two numbers would be 45 and 8, respectively, under the “comprehensive” program. In comparison with 

the “quit smoking” and the “comprehensive” programs, the other three lifestyle programs (i.e., “promote 

healthy diet”, “improve physical activity” and “reduce obesity”) have a less significant effect in 

preventing MI and stroke. Less than 10 MI cases and less than 5 stroke cases may be prevented by 

implementing any one of these three interventions over 20 years. 

4 CONCLUSIONS AND FUTURE RESEARCH 

In this study, we develop an agent-based model for cardiovascular health and demonstrate the potential 

use of the model by assessing the impact of a set of hypothetical lifestyle programs on incidences of 

diabetes, MI and stroke. The model parameters are estimated from the best available published evidence, 

and the simulated populations are generated based on the population characteristics obtained from 

nationally representative survey data. The numerical results reveal that improving different behaviors and 

health factors may have differential impacts on health outcomes. As such, this information could be 

useful when allocating limited resources for disease prevention. The agent-based model developed here 

also provides a framework for modeling other chronic health conditions (e.g., cancer and diabetes) and 

may inform future modeling efforts.  

 We plan to extend the model in the following directions. To improve the disease simulation model, 

we will expand each of the eight behavior and health factor state charts to capture individual health 

progression more realistically. This may further improve the predictive validity of the model and would 

allow us to study other health outcomes, such as complications from diabetes. Also, we are interested in 

modeling social influences on some health behaviors and factors. For example, research has identified 

how social influences may be strongly connected to the incidence of smoking and obesity (Christakis and 

Fowler 2007; Christakis and Fowler 2008). If this is the case, then ignoring these effects may result in 

biased estimates of disease incidence. To strengthen the analysis of the simulation results, we are 

interested in including cost and quality of life outcomes so that the model can be used for cost-

effectiveness analysis. This is of interest to health policy analysts who may want to compare the cost and 

benefit of different programs and interventions over time. 

REFERENCES 

Alwan, A. 2011. Global Status Report on Noncommunicable Diseases 2010. World Health Organization. 

http://www.cabdirect.org/abstracts/20113168808.html. 

Anderson, K. M., P. M. Odell, P. W. Wilson, and W. B. Kannel. 1991. “Cardiovascular Disease Risk 

Profiles.” American Heart Journal 121 (1 Pt 2): 293–98. 

Barnes, S., B. Golden, and S. Price. 2013. “Applications of Agent-Based Modeling and Simulation to 

Healthcare Operations Management.” In Handbook of Healthcare Operations Management, 45–

74. Springer. http://link.springer.com/chapter/10.1007/978-1-4614-5885-2_3. 

Bonora, E., S. Kiechl, J. Willeit, F. Oberhollenzer, G. Egger, J. B. Meigs, R. C. Bonadonna, M. Muggeo, 

and Bruneck Study. 2004. “Population-Based Incidence Rates and Risk Factors for Type 2 

Diabetes in White Individuals: The Bruneck Study.” Diabetes 53 (7): 1782–89. 

1229



Li, Kong, Lawley, and Pagán 

 

Bruch, E., and J. Atwell. 2013. “Agent-Based Models in Empirical Social Research.” Sociological 

Methods & Research, 0049124113506405. 

Centers for Disease Control and Prevention (CDC). 2014a. Behavioral Risk Factor Surveillance System: 

BRFSS 2007. Accessed March 7. http://www.cdc.gov/brfss/annual_data/annual_2007.htm. 

Centers for Disease Control and Prevention (CDC). 2014b. Behavioral Risk Factor Surveillance System: 

BRFSS 2012. Accessed March 7. http://www.cdc.gov/brfss/annual_data/annual_2012.html. 

Christakis, N. A., and J. H. Fowler. 2007. “The Spread of Obesity in a Large Social Network over 32 

Years.” New England Journal of Medicine 357 (4): 370–79. doi:10.1056/NEJMsa066082. 

Christakis, N. A., and J. H. Fowler. 2008. “The Collective Dynamics of Smoking in a Large Social 

Network.” New England Journal of Medicine 358 (21): 2249–58. doi:10.1056/NEJMsa0706154. 

Dalziel, K., and L. Segal. 2007. “Time to Give Nutrition Interventions a Higher Profile: Cost-

Effectiveness of 10 Nutrition Interventions.” Health Promotion International 22 (4): 271–83. 

doi:10.1093/heapro/dam027. 

Dalziel, K., L. Segal, and C. R. Elley. 2006. “Cost Utility Analysis of Physical Activity Counselling in 

General Practice.” Australian and New Zealand Journal of Public Health 30 (1): 57–63. 

Escobedo, L. G., R. F. Anda, P. F. Smith, P. L. Remington, and E. E. Mast. 1990. “Sociodemographic 

Characteristics of Cigarette Smoking Initiation in the United States. Implications for Smoking 

Prevention Policy.” JAMA : The Journal of the American Medical Association 264 (12): 1550–55. 

Fagiolo, G., A. Moneta, and P. Windrum. 2007. “A Critical Guide to Empirical Validation of Agent-

Based Models in Economics: Methodologies, Procedures, and Open Problems.” Computational 

Economics 30 (3): 195–226. 

Fang, J., Q. Yang, Y. Hong, and F. Loustalot. 2012. “Status of Cardiovascular Health among Adult 

Americans in the 50 States and the District of Columbia, 2009.” Journal of the American Heart 

Association 1 (6): e005371. 

Ford, E. S., and S. Capewell. 2011. “Proportion of the Decline in Cardiovascular Mortality Disease due to 

Prevention versus Treatment: Public Health versus Clinical Care.” Annual Review of Public 

Health 32: 5–22. doi:10.1146/annurev-publhealth-031210-101211. 

Ford, E. S., M. M. Bergmann, H. Boeing, C. Li, and S. Capewell. 2012. “Healthy Lifestyle Behaviors and 

All-Cause Mortality among Adults in the United States.” Preventive Medicine 55 (1): 23–27. 

doi:10.1016/j.ypmed.2012.04.016. 

Ford, E. S., K. J. Greenlund, and Y. Hong. 2012. “Ideal Cardiovascular Health and Mortality from All 

Causes and Diseases of the Circulatory System among Adults in the United States.” Circulation 

125 (8): 987–95. 

Gilpin, E. A., and J. P. Pierce. 2002. “Demographic Differences in Patterns in the Incidence of Smoking 

Cessation: United States 1950-1990.” Annals of Epidemiology 12 (3): 141–50. 

Go, A. S., D. Mozaffarian, V. L. Roger, E. J. Benjamin, J. D. Berry, W. B. Borden, D. M. Bravata, et al. 

2013. “Executive Summary: Heart Disease and Stroke Statistics--2013 Update: A Report from 

the American Heart Association.” Circulation 127 (1): 143–52. 

doi:10.1161/CIR.0b013e318282ab8f. 

He, K., F. B. Hu, G. A. Colditz, J. E. Manson, W. C. Willett, and S. Liu. 2004. “Changes in Intake of 

Fruits and Vegetables in Relation to Risk of Obesity and Weight Gain among Middle-Aged 

Women.” International Journal of Obesity 28(12) (Journal Article): 1569–74. 

Heron, M., D. L. Hoyert, S. L. Murphy, J. Xu, K. D. Kochanek, and B. Tejada-Vera. 2009. “National 

Vital Statistics Reports.” National Vital Statistics Reports : From the Centers for Disease Control 

and Prevention, National Center for Health Statistics, National Vital Statistics System 57 (14): 1–

134. 

Hu, F. B., T. Y. Li, G. A. Colditz, W. C. Willett, and J. E. Manson. 2003. “Television Watching and 

Other Sedentary Behaviors in Relation to Risk of Obesity and Type 2 Diabetes Mellitus in 

1230



Li, Kong, Lawley, and Pagán 

 

Women.” JAMA : The Journal of the American Medical Association 289 (14): 1785–91. 

doi:10.1001/jama.289.14.1785. 

Kaukua, J., T. Pekkarinen, T. Sane, and P. Mustajoki. 2003. “Health-Related Quality of Life in Obese 

Outpatients Losing Weight with Very-Low-Energy Diet and Behaviour Modification: A 2-Y 

Follow-up Study.” International Journal of Obesity 27 (9): 1072–80. 

Li, Y., N. Kong, M. Lawley, and J. A. Pagán. 2014. “An Agent-Based Model for Ideal Cardiovascular 

Health.” In The Complex Systems, Health Disparities and Population Health Conference. NIH 

Campus, Bethesda, MD. 

Lloyd-Jones, D. M., Y. Hong, D. Labarthe, D. Mozaffarian, L. J. Appel, L. Van Horn, K. Greenlund, et 

al. 2010. “Defining and Setting National Goals for Cardiovascular Health Promotion and Disease 

Reduction: The American Heart Association’s Strategic Impact Goal through 2020 and beyond.” 

Circulation 121 (4): 586–613. doi:10.1161/CIRCULATIONAHA.109.192703; 

Macal, C. M., and M. J. North. 2010. “Tutorial on Agent-Based Modelling and Simulation.” Journal of 

Simulation 4 (3): 151–62. doi:10.1057/jos.2010.3. 

Ogden, C. L., M. D. Carroll, M. A. McDowell, and K. M. Flegal. 2007. “Obesity among Adults in the 

United States–no Statistically Significant Chance since 2003-2004.” NCHS Data Brief, no. 1: 1–

8. 

Pan, L., D. S. Freedman, C. Gillespie, S. Park, and B. Sherry. 2011. “Incidences of Obesity and Extreme 

Obesity among US Adults: Findings from the 2009 Behavioral Risk Factor Surveillance System.” 

Population Health Metrics 9 (1): 56. 

Panagiotakos, D. B., C. Pitsavos, Y. Skoumas, Y. Lentzas, and C. Stefanadis. 2008. “Five-Year Incidence 

of Type 2 Diabetes Mellitus among Cardiovascular Disease-Free Greek Adults: Findings from the 

ATTICA Study.” Vascular Health and Risk Management 4 (3): 691–98. 

Rahmandad, H., and J. Sterman. 2008. “Heterogeneity and Network Structure in the Dynamics of 

Diffusion: Comparing Agent-Based and Differential Equation Models.” Management Science 54 

(5): 998–1014. 

Siebers, P., C. M. Macal, J. Garnett, D. Buxton, and M. Pidd. 2010. “Discrete-Event Simulation Is Dead, 

Long Live Agent-Based Simulation!” Journal of Simulation 4 (3): 204–10. 

Thompson, D., J. Edelsberg, G. A. Colditz, A. P. Bird, and G. Oster. 1999. “Lifetime Health and 

Economic Consequences of Obesity.” Archives of Internal Medicine 159 (18): 2177–83. 

Unal, B., S. Capewell, and J. A. Critchley. 2006. “Coronary Heart Disease Policy Models: A Systematic 

Review.” BMC Public Health 6 (1): 213. 

Van Kempen, B. J., B. S. Ferket, A. Hofman, E. W. Steyerberg, E. B. Colkesen, S. M. Boekholdt, N. J. 

Wareham, K. Khaw, and M. M. Hunink. 2012. “Validation of a Model to Investigate the Effects 

of Modifying Cardiovascular Disease (CVD) Risk Factors on the Burden of CVD: The Rotterdam 

Ischemic Heart Disease and Stroke Computer Simulation (RISC) Model.” BMC Medicine 10 (1): 

158. 

Vasan, R. S., A. Beiser, S. Seshadri, M. G. Larson, W. B. Kannel, R. B. D’Agostino, and D. Levy. 2002. 

“Residual Lifetime Risk for Developing Hypertension in Middle-Aged Women and Men: The 

Framingham Heart Study.” JAMA : The Journal of the American Medical Association 287 (8): 

1003–10. 

Weinstein, M. C., B. O’Brien, J. Hornberger, J. Jackson, M. Johannesson, C. McCabe, B. R. Luce, and 

ISPOR Task Force on Good Research Practices--Modeling Studies. 2003. “Principles of Good 

Practice for Decision Analytic Modeling in Health-Care Evaluation: Report of the ISPOR Task 

Force on Good Research Practices--Modeling Studies.” Value in Health: The Journal of the 

International Society for Pharmacoeconomics and Outcomes Research 6 (1): 9–17. 

Zhuo, X., P. Zhang, and T. J. Hoerger. 2013. “Lifetime Direct Medical Costs of Treating Type 2 Diabetes 

and Diabetic Complications.” American Journal of Preventive Medicine 45 (3): 253–61. 

doi:10.1016/j.amepre.2013.04.017. 

1231



Li, Kong, Lawley, and Pagán 

 

AUTHOR BIOGRAPHIES 

YAN LI is a research assistant and Ph.D. candidate in the Weldon School of Biomedical Engineering at 

Purdue University. He had a research internship in the Center for Health Innovation at The New York 

Academy of Medicine. He holds a M.S. in Manufacturing Engineering from the University of Texas-Pan 

American. His email address is li528@purdue.edu. 

 

NAN KONG is Associate Professor in the Weldon School of Biomedical Engineering at Purdue 

University. He received a Ph.D. in Industrial Engineering at the University of Pittsburgh. His email 

address is nkong@purdue.edu. 

 

MARK LAWLEY is Professor in the Weldon School of Biomedical Engineering at Purdue University. 

Before joining Biomedical Engineering in 2007, he served nine years as Assistant and Associate 

Professor of Industrial Engineering, also at Purdue, and two years as Assistant Professor of Industrial 

Engineering at the University of Alabama. As a researcher in academia, he has authored approximately 

100 technical papers including book chapters, conference papers, and refereed journal articles, and he has 

won four best paper awards for his work in systems optimization and control. He received his Ph.D. in 

Mechanical Engineering from the University of Illinois at Urbana Champaign in 1995 and is a registered 

Professional Engineer in the State of Alabama. His email address is malawley@purdue.edu. 

 

JOSE A. PAGAN is Director of the Center for Health Innovation at The New York Academy of 

Medicine. He is also Adjunct Senior Fellow of the Leonard Davis Institute of Health Economics at the 

University of Pennsylvania. He received his Ph.D. in economics from The University of New Mexico. Dr. 

Pagán was a Fulbright Scholar in Mexico, a Robert Wood Johnson Foundation Health & Society Scholar 

at the University of Pennsylvania, and the recipient of an Investigator Award in Health Policy Research 

from the Robert Wood Johnson Foundation. He is a member of the Board of Directors of the American 

Society of Health Economists. His email address is jpagan@nyam.org. 

 

1232


