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A B S T R A C T   

Cardiovascular disease is the leading cause of death in the United States. While abundant research has been 
conducted to identify risk factors for cardiovascular disease at the individual level, less is known about factors 
that may influence population cardiovascular health outcomes at the neighborhood level. The purpose of this 
study is to use Bayesian Additive Regression Trees, a state-of-the-art machine learning approach, to rank so
ciodemographic, health behavior, prevention, and environmental factors in predicting neighborhood cardio
vascular health. We created a new neighborhood health dataset by combining three datasets at the census tract 
level, including the 500 Cities Data from the Centers for Disease Control and Prevention, the 2011–2015 
American Community Survey 5-Year Estimates from the Census Bureau, and the 2015–2016 Environmental 
Justice Screening database from the Environmental Protection Agency in the United States. Results showed that 
neighborhood behavioral factors such as the proportions of people who are obese, do not have leisure-time 
physical activity, and have binge drinking emerged as top five predictors for most of the neighborhood cardi
ovascular health outcomes. Findings from this study would allow public health researchers and policymakers to 
prioritize community-based interventions and efficiently use limited resources to improve neighborhood car
diovascular health.   

1. Introduction 

Cardiovascular disease (CVD) is the leading cause of death in the 
United States (US) and globally. Despite billions of dollars have been 
invested in new medication and advanced technology to prevent and 
control CVD at the individual level, there is no clear sign of a decrease 
in the prevalence of CVD in the US (Mozaffarian et al., 2016). Over the 
past few decades, public health researchers, practitioners, and policy
makers have increasingly adopted a neighborhood perspective in the 
prevention and management of CVD. Neighborhood community-based 
interventions have been shown to be more effective and cost-effective 
in reducing the burden of CVD and curbing health care costs compared 
to individual-based interventions (Mensah et al., 2018). Neighborhood 
cardiovascular health becomes an important measure of success for 
community-based interventions and, thus, is being increasingly used in 
evidence-based decision-making. 

Despite the importance of neighborhood cardiovascular health, 

there is an insufficient understanding of its key contributors and pre
dictors. Previous studies have shown that neighborhood socio
demographic and physical and social environment may play an im
portant role in shaping neighborhood cardiovascular health and 
explaining disparities in disease outcomes across different neighbor
hoods (Diez Roux et al., 2001). Some recent studies have applied ma
chine learning approaches to predict cardiovascular health outcomes at 
the individual level (Mezzatesta et al., 2019; Bernardini et al., 2019;  
Kumar et al., 2020). However, no studies have examined and ranked 
the effects of different factors across multiple levels in predicting 
neighborhood cardiovascular health. The current study fills this re
search gap by using a state-of-the-art machine learning approach to 
rank cardiovascular health related factors in four domains—sociode
mographic factors, health behaviors, prevention measures, and en
vironmental factors—using a data set consisted of 26,697 census tracts 
from 500 major cities in the US. The ranking of these factors may help 
public health practitioners and policymakers prioritize community- 
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based interventions and efficiently use limited resources to improve 
neighborhood cardiovascular health. 

2. Methods 

We created a new neighborhood health dataset by combining three 
datasets at the census tract level—the 500 Cities Data from the Centers 
for Disease Control and Prevention (CDC) (Centers for Disease Control 
and Prevention, 2017), the 2011–2015 American Community Survey 5- 
Year Estimates from the US Census Bureau, and the 2015–2016 En
vironmental Justice Screening (EJSCREEN) database from the En
vironmental Protection Agency (EPA) (EPA, 2016). Census tract was 
used as a proxy of neighborhood. We focused on five prevalent cardi
ovascular health outcomes: hypertension, high cholesterol, diabetes, 
coronary heart disease (CHD), and stroke. The potential predictors 
considered include five unhealthy behaviors (i.e., binge drinking, 
smoking, no leisure-time physical activity, insufficient sleep, and obe
sity), four prevention measures (i.e., lack of health insurance, routine 
checkup, cholesterol screening), sociodemographic indicators (i.e., age, 
sex, race/ethnicity, income, and education), and environmental mea
sures (i.e., ozone level in air, PM2.5 level in air, traffic proximity and 
volume, and house built prior to 1960). Both cardiovascular health 
outcomes and potential predictors were measured at the neighborhood 
level (no person-level data were used). More detailed descriptions of 
the selected variables and their data sources were shown in Table S1 in 
the supplemental document. There are 28,004 census tracts in the 
combined dataset. We excluded 875 census tracts due to missing data 
on health measures, 137 census tracts due to missing data on socio- 
demographic measures, and additional 295 census tracts due to missing 
data on environmental measures. Our final analytical dataset included 
26,697 census tracts. 

We used a high-performance machine learning technique—Bayesian 
Additive Regression Trees (BART)—to identify and rank important 
predictors of neighborhood cardiovascular health outcomes (Chipman 
et al., 2010). BART is a Bayesian “sum-of-trees” model where each tree 
is constrained by a regularization prior to ensure the iterative Bayesian 
back-fitting Markov chain Monte Carlo (MCMC) algorithm—that gen
erates samples from a posterior—remarkably stable and to avoid 
overfitting. BART has a proven track record of better predictive per
formance against a multitude of competing machine learning methods, 
including random forests, boosted models and neural nets, in a variety 
of settings (Chipman et al., 2010; Murphy, 2012; Hill, 2011; Bleich 
et al., 2014). For this study, we compared the predictive accuracy be
tween BART and random forests for each of the five cardiovascular 
health outcomes and showed that BART consistently has a better pre
dictive accuracy (Table S2 in the supplemental document). The full 
posterior samples generated from the BART fit allow for both point and 
interval estimates of variable importance. In addition, we can evaluate 
the marginal effects of predictors using the posterior samples. 

In each of the models, we used default values for the number of 
burn-in steps and MCMC iterations (i.e., 200 burn-in steps and 1000 
MCMC iterations). These numbers are set to be large to ensure the 
convergence of the MCMC chains. For each outcome, the BART model 
used 1200 posterior draws with the first 200 discarded as burn-in and 
additional 1000 draws to ensure a stationary process. We measured and 
ranked all the predicting variables by the proportion of times each 
predictor is chosen as a splitting rule divided by the total number of 
splitting rules presenting in the model, with a higher value representing 
higher importance. The 95% confidence interval for each measure was 
computed from the MCMC iterations. To understand how a predictor 
affects the outcome on average after controlling for other predictors, we 
used the partial dependence function to assess the marginal relationship 
between the top three predictors and their respective outcomes. We 
present the results in Fig. S1. Analyses were performed in R 3.5.3 using 
the bartMachine package (Kapelner and Bleich, 2016). 

3. Results 

Our analysis showed that sociodemographic factors, health beha
viors, prevention, and environmental factors explained most of the 
variance for neighborhood cardiovascular health: 95.7% for hyperten
sion, 88.2% for high cholesterol, 97.9% for diabetes, 94.7% for CHD, 
and 97.2% for stroke. Fig. 1 shows the ranking of different factors 
predicting the five cardiovascular health outcomes at the neighborhood 
level. For hypertension, the topic five ranked predictors are the pro
portions of people who have binge drinking, are obese, have cholesterol 
screening, do not have leisure-time physical activity, and are aged 
65 years or over. For high cholesterol, the top five predictors were the 
proportions of people who have cholesterol screening, have binge 
drinking, are aged 65 years or over, do not have leisure-time physical 
activity, and are obese. For diabetes, the top five predictors were the 
proportions of people who have cholesterol screening, are obese, do not 
have leisure-time physical activity, have binge drinking, and aged 
65 years or over. For CHD, the top five predictors were the proportions 
of people who have cholesterol screening, do not have leisure-time 
physical activity, have binge drinking, are aged 65 years or over, and 
have low income. For stroke, the top five important predictors were the 
proportions of people who have cholesterol screening, have binge 
drinking, have no leisure-time physical activity, are aged 65 years or 
over, and have dental checkup. We also explored marginal relationships 
between the top predictors and their respective neighborhood cardio
vascular health outcomes (Fig. S1 in the supplemental document). 

Overall, neighborhood behavioral factors such as the proportions of 
people who are obese, do not have leisure-time physical activity, and 
have binge drinking emerged as top five predictors for most of the 
neighborhood cardiovascular health outcomes. Among socio
demographic factors, the proportion of people who are aged 65 years or 
over appeared to be a more important predictor of neighborhood car
diovascular health than the other factors. Among prevention measures, 
the proportions of people who have cholesterol screening were the most 
important predictor. None of the environmental factors appeared to be 
top predictors of neighborhood cardiovascular health outcomes. 

4. Discussion 

This study uses a state-of-the-art machine learning approach to 
identify and rank factors across multiple levels in predicting neigh
borhood cardiovascular health based on a combined dataset consisting 
of more than 20,000 census tracts in the 500 cities of US. Although 
important predictors varied by the specific cardiovascular health out
come (e.g., hypertension, CHD, stroke), some of them emerged as 
common predictors, including the proportion of people who have 
cholesterol screening, are obese, do not have leisure-time physical ac
tivity, have binge drinking, and aged 65 years or over. 

Identifying important predictors of neighborhood cardiovascular 
health would allow public health researchers and policymakers to have 
a deeper understanding of the drivers of neighborhood population 
health. Some of the common predictors—such as binge drinking, obe
sity, and lack of leisure-time physical activity—can provide important 
avenues for potential interventions. The clustering of common pre
dictors also implies that improving one factor may improve multiple 
cardiovascular health outcomes at the neighborhood level. The findings 
from this study are in general consistent with our previous pilot study in 
which we used a simple random forest approach to identify important 
predictors for CHD and stroke (Li et al., 2019). This study significantly 
expanded the pilot study by applying a more robust machine learning 
approach to identify important predictors across four domains (i.e., 
sociodemographic, health behaviors, prevention, and environment) for 
five neighborhood cardiovascular health outcomes. Thus, findings from 
this study are more accurate and comprehensive compared to the pre
vious study (Li et al., 2019). 

Compared to frequentist methods, Bayesian methods have several 
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advantages, including 1) they yield coherent uncertainty intervals; 2) 
the posterior samples provide the entire distribution of the target 
parameter estimate, which can be further used to estimate a variety of 
functionals of the target parameter without fitting another model; and 
3) they are data-adaptive, which means the updating process of the 
Bayesian approaches allows borrowing and integrating information 
from prior experiments to best inform the underlying true processes. 
Due to these reasons, Bayesian methods become more and more pop
ular in healthcare research. For example, Bayesian methods have been 
used to precisely evaluate the comparative effectiveness of various 
treatment plans for a given disease (Hu et al., 2020). In addition, 
Bayesian adaptive design has been used in clinical trials (Pallmann 
et al., 2018). The disadvantages of Bayesian methods are mainly about 
intensive computational requirement and strong priors. These ad
vantages can be addressed by using more efficient algorithm and pro
gramming language to speed up the computational speed and using 
weakly or non-informative priors to minimize the impact of prior dis
tributions. 

There are several limitations in this study. First, some behavioral 
and health outcome measures available in the 500 Cities Data were 
estimated by the CDC using a small area estimation approach. Although 
these estimated measures may not be accurate as real statistics, they 
provide the best available data for these small areas and the approach 
has been well validated (Zhang et al., 2015). Second, we did not 
identify the causal relationship between predictors and health out
comes due to the nature of the cross-sectional data and ecological de
sign. However, our results identified important factors of neighborhood 
cardiovascular health and can potentially stimulate future research on 
causal relationships. Finally, there could be other important variables 
we should have included in the analysis due to the complexity of the 
neighborhood cardiovascular health. Despite the potential unmeasured 
variables, by combining data from three different large datasets and 
using an innovative machine learning approach, we believe the scope 
and depth of our analysis can provide important insights on policy
making and lead to more innovative investigations in the area of 
neighborhood population health. 
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