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ORIGINAL RESEARCH

Social Determinants, Cardiovascular 
Disease, and Health Care Cost: A 
Nationwide Study in the United States 
Using Machine Learning
Feinuo Sun , PhD; Jie Yao, MS; Shichao Du , BA; Feng Qian, PhD; Allison A. Appleton, ScD ;  
Cui Tao , PhD; Hua Xu , PhD; Lei Liu, PhD; Qi Dai , PhD, MD; Brian T. Joyce , PhD;  
Drew R. Nannini , PhD; Lifang Hou , PhD, MD; Kai Zhang , PhD

BACKGROUND: Existing studies on cardiovascular diseases (CVDs) often focus on individual-level behavioral risk factors, but 
research examining social determinants is limited. This study applies a novel machine learning approach to identify the key 
predictors of county-level care costs and prevalence of CVDs (including atrial fibrillation, acute myocardial infarction, congestive 
heart failure, and ischemic heart disease).

METHODS AND RESULTS: We applied the extreme gradient boosting machine learning approach to a total of 3137 counties. 
Data are from the Interactive Atlas of Heart Disease and Stroke and a variety of national data sets. We found that although 
demographic composition (eg, percentages of Black people and older adults) and risk factors (eg, smoking and physical 
inactivity) are among the most important predictors for inpatient care costs and CVD prevalence, contextual factors such as 
social vulnerability and racial and ethnic segregation are particularly important for the total and outpatient care costs. Poverty 
and income inequality are the major contributors to the total care costs for counties that are in nonmetro areas or have high 
segregation or social vulnerability levels. Racial and ethnic segregation is particularly important in shaping the total care costs 
for counties with low poverty rates or social vulnerability level. Demographic composition, education, and social vulnerability 
are consistently important across different scenarios.

CONCLUSIONS: The findings highlight the differences in predictors for different types of CVD cost outcomes and the importance 
of social determinants. Interventions directed toward areas that have been economically and socially marginalized may aid in 
reducing the impact of CVDs.

Key Words: cardiovascular disease ■ health care costs ■ machine learning ■ racial and ethnic segregation ■ social determinants of 
health

Cardiovascular disease (CVD) is the leading cause 
of death in the United States. It accounted for 
≈875 000 deaths in 2019, and the average an-

nual estimated direct and indirect economic cost was 
$378.0  billion in 2017 to 2018.1 Cardiovascular out-
comes vary by geographical location across the United 

States. For example, counties with high CVD mortal-
ity rates cluster in southeastern Oklahoma along the 
Mississippi River Valley to eastern Kentucky, whereas 
counties with low CVD mortality rates are found in 
the Southwest, Northeast, and southern Florida.2 
Understanding the determinants of population-based 

Correspondence to: Kai Zhang, PhD, Department of Environmental Health Sciences, School of Public Health, University at Albany, State University of New 
York, Albany, NY 12144. Email: kzhang9@albany.edu
Lifang Hou, PhD, MD, Department of Preventive Medicine, Northwestern University Feinberg School of Medicine, Chicago, IL 60611. Email: l-hou@
northwestern.edu

For Sources of Funding and Disclosures, see page 15.

© 2023 The Authors. Published on behalf of the American Heart Association, Inc., by Wiley. This is an open access article under the terms of the Creative 
Commons Attribution-NonCommercial-NoDerivs License, which permits use and distribution in any medium, provided the original work is properly cited, the use 
is non-commercial and no modifications or adaptations are made. 

JAHA is available at: www.ahajournals.org/journal/jaha

D
ow

nloaded from
 http://ahajournals.org by on N

ovem
ber 30, 2023

https://orcid.org/0000-0002-4871-450X
https://orcid.org/0000-0002-2872-9923
https://orcid.org/0000-0002-0430-2554
https://orcid.org/0000-0002-4267-1924
https://orcid.org/0000-0002-5274-4672
https://orcid.org/0000-0003-1343-1494
https://orcid.org/0000-0002-5271-6161
https://orcid.org/0000-0002-2333-7920
https://orcid.org/0000-0003-4877-0031
mailto:
https://orcid.org/0000-0003-0393-5955
mailto:
mailto:kzhang9@albany.edu
mailto:l-hou@northwestern.edu
mailto:l-hou@northwestern.edu
http://creativecommons.org/licenses/by-nc-nd/4.0/
http://creativecommons.org/licenses/by-nc-nd/4.0/
https://www.ahajournals.org/journal/jaha
http://crossmark.crossref.org/dialog/?doi=10.1161%2FJAHA.122.027919&domain=pdf&date_stamp=2023-02-21


J Am Heart Assoc. 2023;12:e027919. DOI: 10.1161/JAHA.122.027919� 2

Sun et al� Social Determinants, CVD, and Health Care Cost

CVD outcomes, such as the prevalence of CVD and its 
related health care costs, is crucial to addressing this 
enormous public health problem.

Previous research has documented the determi-
nants of CVD risk on human, behavioral, psychological, 
and social factors.3 Older adults and racial and ethnic 
minority groups, especially Black people, are partic-
ularly suffering from a higher prevalence of CVD.4,5 
Lifestyle factors, such as tobacco smoking, con-
sumption of alcohol and high cholesterol foods, and 
poor physical activity, exhibit greater risk of CVD.3,6–8 
Stress, anger, anxiety, and depression can increase 
CVD risk.3,7,8 According to the commonly used social 
determinants of health framework, socioeconomic 
status (SES) and contextual characteristics, including 
health care system, neighborhood environments, and 
community and social contexts, also shape population 
health outcomes.9 Thus, social determinants of CVD 
include SES and aspects of the social environments. 
Education, income, and employment status are highly 
related to risk factors for CVD and cardiovascular out-
comes, with less education, income, and unemploy-
ment associated with CVD and CVD mortality.6,10,11 
Environmental factors (ie, neighborhood or community 
characteristics) also play important roles in determining 
individuals’ CVD risk. In general, better economic con-
ditions and residential environments, higher availability 

and accessibility of health care services, and more 
social support and networks can improve cardiovas-
cular health and thus lower risk of CVD.3,6,12,13 Racial 
and ethnic residential segregation, as a neighborhood 
characteristic, has been found to be associated with 
poverty and unemployment rate, poor housing condi-
tions, and limited health care services, leading to in-
creased CVD risk.14

Although these previous studies identified factors 
associated with CVD, 2 limitations need to be ad-
dressed. First, most studies evaluate CVD risk but 
rarely examine the importance of social determinants, 
such as racial and ethnic segregation, in shaping the 
CVD-related care costs nationwide. Nevertheless, the 
health care costs for CVD could vary substantially 
across geographical units because of the variations in 
the demand and supply of health care services. On the 
demand side, the different prevalence of CVD (which 
is determined by demographic composition, SES, 
risk behaviors, and relative health conditions) leads to 
different health care costs for CVD. The use of health 
care services also varies across different population 
groups, which is associated with health care costs. For 
example, racial and ethnic minority groups, uninsured, 
and unemployed individuals have limited access to 
medical care because of barriers such as language, 
perceived racial biases, and low economic capacity.6,10 
On the supply side, health care costs are largely deter-
mined by the availability of health care resources, such 
as the number of hospitals and health care providers. 
Neighborhood characteristics (eg, residential segrega-
tion) could affect health care costs bidirectionally. For 
example, not only highly segregated communities have 
limited availability of health care providers, but racial 
and ethnic minority residents in those areas also have 
lower use of health care services compared with White 
residents.15–17

The second limitation is the methodological per-
spective. Few studies leverage artificial intelligence 
approaches, like machine learning, to examine the 
determinants of CVD health care costs at the county 
level. Research has indicated that if properly designed 
and applied, artificial intelligence could enhance health 
equity in heart failure care by improving diagnosis and 
identifying patient groups at risk for racially diverse 
populations.18 In recent years, machine learning tools 
have been increasingly adopted in clinical research, 
given their superior performance over traditional statis-
tical tools.19,20 Machine learning has shown significant 
promise over regression approaches in predicting CVD 
risk, incidence, and outcomes because of its improved 
flexibility and fewer assumptions.21 Several studies22–24 
have used machine learning to identify key predictors 
of heart disease and stroke based on neighborhood-
level data and highlight the older population structure 
and risk factors like obesity and inactivity in shaping 

CLINICAL PERSPECTIVE

What Is New?
•	 This study is the first that examines the role of a 

wide spectrum of social determinants in relation 
to health care costs for cardiovascular diseases 
in the United States using a machine learning 
approach.

•	 The findings highlight the importance of con-
textual factors including social vulnerability, 
poverty and income inequality, and racial and 
ethnic segregation in shaping the health care 
costs for cardiovascular diseases.

What Are the Clinical Implications?
•	 Identifying major social determinants can help 

prioritize and allocate resources, design, and 
implement prevention and interventions to 
reduce the health care costs for cardiovascular 
diseases.

Nonstandard Abbreviations and Acronyms

SVI	 Social Vulnerability Index
XGBoost	 extreme gradient boost
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cardiovascular health. This approach has also been 
applied to understand the determinants of health care 
costs, such as end-of-life care costs and costs for 
breast cancer.25–28

Filling these knowledge gaps, our article is among 
the first to examine the determinants of county-level 
CVD health care costs in the United States using the 
extreme gradient boost (XGBoost) machine learning 
approach. We focus on the county level because coun-
ties have departments of health that are equipped with 
public health personnel and have the capacity to re-
port and monitor real-world cardiovascular prevalence 
and costs. County-level analysis is also widely used in 
ecological health research. We aim to examine the rel-
ative importance of a wide spectrum of determinants 
of the total, inpatient, and outpatient CVD health care 
costs as well as CVD prevalence based on the total 
sample and a series of stratified samples. The findings 
have important policy implications for controlling the 
health care costs from CVD.

METHODS
Data
Data used in this study are publicly available and 
described in this section. The complete data set for 
analysis is available upon request. Data sources in-
clude the Interactive Atlas of Heart Disease and 
Stroke provided by the Centers for Disease Control 
and Prevention,29 a geographic data set assembled 
from a variety of national data sources such as the 
Centers for Medicare and Medicaid Services Chronic 
Conditions Data Warehouse, the Deaths National Vital 
Statistics System, the Health Resources and Services 
Administration Area Health Resources Files, and the 
US Census Bureau. The most recent data are from 
the year 2017. We also used the American Community 
Survey 2015 to 2019, 5-year estimates,30 PolicyMap,31 
and Centers for Disease Control and Prevention Social 
Vulnerability Index (SVI)32 as supplementary sources 
for variables that are not available in the Interactive 
Atlas. The total sample contains 3137 US counties with 
complete health care data available. This study is ex-
empt from institutional review board review because 
we use publicly available county-level data.

The dependent variables include the prevalence 
of diagnosed CVD among Medicare beneficiaries 
and 3 different costs (ie, total, inpatient, and outpa-
tient costs) of care per capita for those beneficiaries 
diagnosed with CVD in 2017, which are the average 
costs incurred by Medicare beneficiaries with diag-
nosed CVD in a given county. Inpatient and outpatient 
costs are differentiated by overnight stay in a hospital. 
Total care costs include inpatient, outpatient, post–
acute care (eg, skilled nursing facility care and home 

health), hospice, physician, testing, and imaging costs. 
Data are from the Centers for Medicare and Medicaid 
Services Chronic Conditions Data Warehouse.29 
Here the beneficiaries are limited to Medicare fee-for-
service beneficiaries with both Medicare Part A and 
Part B coverage and who were aged ≥65 years. Based 
on the International Classification of Diseases, Tenth 
Revision, Clinical Modification (ICD-10-CM),33,34 CVD 
is defined including atrial fibrillation (ICD-10-CM I48.0, 
I48.2, I48.91), acute myocardial infarction (ICD-10-CM 
I21.0–I21.4, I22), congestive heart failure (ICD-10-CM 
I09.81, I11.0, I13.0, I13.2, I50.1–I50.4, I50.9), and isch-
emic heart disease (ICD-10-CM I20, I21.0–I21.4, I22, 
I24, I25.1–I25.2, I25.42, I25.5–I25.9). Medicare pay-
ments are standardized to address geographic differ-
ences in payment rates for individual services, and the 
cost data are age-standardized based on the 2000 US 
Standard Population.

We consider 21 independent variables with regard 
to demographic composition, risk factors, as well as 
SES and contextual factors from major domains of the 
social determinants of health framework that have pre-
viously been associated with CVD.3–6,14 Demographic 
composition refers to the percentage of individuals 
aged ≥65 years, men, non-Hispanic Black people, 
non-Hispanic Asian people, Hispanic people, and in-
dividuals aged ≥15 years who are married. Risk fac-
tors include the percentage of current smokers and 
the prevalence of high cholesterol among individuals 
aged ≥18 years, as well as the prevalence of diagnosed 
diabetes, obesity, and leisure-time physical inactivity 
among individuals aged ≥20 years.

Factors from the social determinants of health 
framework include education, economic conditions, 
racial and ethnic segregation, SVI, and rural–urban 
status. Education is measured by the percentage of in-
dividuals aged ≥25 years who did not complete a high 
school diploma. Economic conditions refer to poverty 
rate and income inequality, measured by the percent-
age of individuals living in poverty and the Gini index at 
the county level, or the degree of inequality in income 
distribution in a region that ranges from 0 to 1, with 
higher values indicating more inequality.35 The level of 
racial and ethnic segregation in a county is indicated by 
the Theil’s H index from the Census and PolicyMap,31 
which measures the extent to which racial and eth-
nic groups are evenly distributed in a county as com-
pared with a larger area. This index ranges from 0 to 
1, with higher values meaning being more segregated. 
Data for SVI are provided by the Centers for Disease 
Control and Prevention.32 SVI ranks counties based 
on 4 themes, SES, household composition and dis-
ability, racial and ethnic minority status and language, 
and housing type and transportation, and also ranges 
from 0 to 1 with higher values meaning more social 
vulnerability. Rural–urban status is measured by the 
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National Center for Health Statistics rural–urban clas-
sification scheme.36 Counties are divided into large 
central metro, large fringe metro, medium/small metro, 
and nonmetro counties. Large central metro is defined 
as counties in metropolitan statistical areas with a pop-
ulation of ≥1 million that contain the entire population 
or have the entire population contained in the largest 
principal city, or contain at least 250 000 inhabitants 
of any principal city. Large fringe metro refers to coun-
ties in metropolitan statistical areas with a population 
of ≥1  million but are not considered as large central 
metro, whereas medium/small metro refers to other 
counties in metropolitan statistical areas. All other 
counties that are not in metropolitan statistical areas 
are nonmetro. The Table  in the Results section shows 
the data sources for each variable.

Statistical Analysis
We applied the XGBoost machine learning approach to 
determine each determinant’s importance in predicting 
the 4 outcomes. The approach has been used in stud-
ies about cardiovascular health outcomes and health 
care costs for multiple diseases,22–26 but rarely in CVD 
health care costs. The machine learning approach has 
several advantages over traditional statistical meth-
ods. Compared with traditional statistical modeling, it 
has fewer assumptions and higher flexibility and thus 
is able to take into account the complex nonlinear re-
lationships and interactions between a large number 
of determinants and the outcome.21,37,38 Supervised 
machine learning is able to perform predictions from 
observations of a set of features that are linked to the 
target outcome based on available data.21,37 XGBoost 

Table.   Summary Statistics and Data Sources for Outcome Variables and Independent Variables of 3137 US Counties

Variables Mean SD Minimum Maximum Data sources

Outcome variables

Total care costs per 
capita, $

19 672.06 2786.31 8212.00 36 976.00 CMS, 2017

Inpatient care costs per 
capita, $

6386.98 1123.41 1694.00 21 005.00 CMS, 2017

Outpatient care costs per 
capita, $

4372.06 1556.68 1253.00 15 047.00 CMS, 2017

CVD prevalence, % 35.78 5.54 18.00 55.20 CMS, 2017

Independent variables

Age 65+ y, % 18.79 4.65 3.20 56.70 ACS, 2015–2019

Men, % 50.09 2.35 42.81 72.72 ACS, 2015–2019

Non-Hispanic Black 
people, %

8.91 14.49 0 87.20 ACS, 2015–2019

Non-Hispanic Asian 
people, %

1.38 2.82 0 42.60 ACS, 2015–2019

Hispanic people, % 9.21 13.63 0 99.10 ACS, 2015–2019

Married, % 53.16 6.63 20.26 82.48 ACS, 2015–2019

Current smoker, % 20.13 4.02 6.90 45.70 PLACES, 2018

High cholesterol 
prevalence, %

37.13 3.47 21.20 46.00 PLACES, 2017

Diabetes prevalence, % 10.49 3.53 2.20 28.70 CDC, 2017

Obesity prevalence, % 33.45 5.90 11.00 58.90 CDC, 2017

Physical inactivity 
prevalence, %

25.36 5.78 8.80 49.80 CDC, 2017

Less than high school, % 13.03 6.17 1.10 46.70 ACS, 2015–2019

Poverty rate 14.46 5.80 2.70 47.70 Census Bureau, 2018

Gini index 0.45 0.04 0.30 0.71 ACS, 2015–2019

Racial and ethnic 
segregation index

0.40 0.11 0.11 0.82 Census and PolicyMap, 
2010

Social Vulnerability Index 0.50 0.29 0 1 CDC, 2018

Large central metro, % 2.17 NCHS, 2013

Large fringe metro, % 11.74

Medium/small metro, % 23.25

Nonmetro, % 62.84

ACS indicates American Community Survey; CDC, Centers for Disease Control and Prevention; CMS, Centers for Medicare and Medicaid Services; CVD, 
cardiovascular disease; and NCHS, National Center for Health Statistics.
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is a tree-based ensemble machine learning method, an 
improved algorithm over gradient boosting.38,39 Unlike 
common gradient boosting that uses mean square 
error to split decision trees, XGBoost applies similar-
ity score and gain to determine the nodes of decision 
trees. Regularization is another advantage of XGBoost 
that can prevent overfitting in the single regression tree 
model. With the application of these optimization tech-
niques, XGBoost can achieve faster training speed and 
better predictive performance than regular tree-based 
models.22,39,40

XGBoost is used to model the complex relationship 
between the determinants and outcomes and obtain 
the rank order of importance of input features (ie, in-
fluential variables).38,39 The model building in our anal-
ysis was performed in R 4.1.0. The package used was 
xgboost (version 1.6.0.1).41 In the XGBoost model, we 
chose 1000 as the maximum number of iterations. Step 
size shrinkage was set to 0.01 to avoid overfitting. A 
depth of 3 was selected for the tree. Hyperparameters 
were defined in the model by checking the training 
error and test error of the model.

Through the XGBoost approach, we first obtained 
the ranking of all 21 independent variables on the 4 
different dependent variables, respectively. Next, we 
stratified all counties into different groups according to 
their contextual characteristics including rural–urban 
status, poverty rate, racial and ethnic segregation index, 
and SVI. Then, we ran XGBoost for each stratified data 
set separately and compared the results of the rank-
ing of determinants on total care costs obtained by the 
XGBoost approach. We compared the groups of large 
central metro counties, large fringe metro counties, 
medium/small metro counties, and nonmetro counties 
as well as different groups of counties according to 
poverty rate, racial and ethnic segregation, and SVI. 
Counties a with high poverty rate, high segregation 
level, or high SVI are compared with counties that have 
low values on these variables. For example, counties 
with a low poverty rate are those where poverty rates 
are under the lower quartile (25%), whereas counties 
with a high poverty rate are those where poverty rates 
are above the upper quartile (75%).

RESULTS
The  Table   shows the summary statistics of all vari-
ables for all counties as well as their data sources. The 
average prevalence of CVD in all counties is 35.78%. 
The average total care cost per capita of CVD is $19 
672.06, whereas the average inpatient and outpatient 
care costs are $6386.98 and $4372.06, respectively. 
The ranges for 3 types of costs are all large, with total 
costs ranging from $8212 to $36 976, inpatient costs 
from $1694 to $21 005, and outpatient costs from 

$1253 to $15 047. For contextual factors, the aver-
age poverty rate is 14.46%, and the average values 
of the Gini index, racial and ethnic segregation, and 
SVI are 0.45, 0.40, and 0.50, respectively. The break-
down for large central metro, large fringe metro, me-
dium/small metro, and nonmetro counties are 2.17%, 
11.74%, 23.25%, and 62.84%, respectively.

Figure 1 shows the spatial distributions of the 4 out-
comes. Counties with the lowest total care costs for 
CVD are in Idaho, Colorado, New Mexico, Northern 
California, and Oregon, whereas counties with the 
highest total care costs are clustered in Texas and 
Southern California. Inpatient care costs for CVD show 
great spatial heterogeneity. Some counties in southern 
Nevada and southern California have the highest inpa-
tient costs, whereas Idaho, Utah, and Iowa have the 
lowest. For outpatient costs, counties in the Northwest 
and Midwest including Washington, Idaho, Montana, 
North Dakota, South Dakota, Nebraska, Kansas, 
Minnesota, Iowa, and Maine have the highest costs, 
whereas counties in southern California and the South 
have the lowest. In contrast, counties in the South suf-
fer from the highest CVD prevalence.

Figure  2 shows the XGBoost ranking results of 
the models for the 4 outcomes based on the entire 
sample. SVI, the percentage of people with less than 
a high school education, poverty rate, the percentage 
of older adults (ie, aged ≥65 years), and physical in-
activity are the top 5 ranked predictors of total care 
costs. For inpatient costs, the percentages of married 
individuals, current smokers, non-Hispanic Black peo-
ple, older adults, and obesity are the top 5 predictors. 
For outpatient costs, the percentage of non-Hispanic 
Black people, the nonmetro indicator, racial and ethnic 
segregation index, the percentages of people with less 
than a high school education, and Hispanic people are 
the top 5 predictors. For the prevalence of CVD, the 
percentage of current smokers, physical inactivity, the 
percentage of non-Hispanic Black people, high choles-
terol, and the percentage of those with less than a high 
school education are the top 5 predictors. Additional 
analysis shows that the results do not change if we use 
other tree-based models, such as CatBoost models.

Examination of the independent variables asso-
ciated with the 4 outcomes exhibited some consis-
tent associations. Demographically, the percentage 
of non-Hispanic Black people ranks highly for 3 out-
comes (third for inpatient costs, first for outpatient 
costs, and third for prevalence of CVD). For total care 
costs, it ranks sixth. The percentage of Hispanic 
people ranks in fifth place for outpatient costs but 
does not rank highly for the other 3 outcomes. The 
percentage of older adults ranks fourth for both total 
and inpatient costs. The percentage of married indi-
viduals is particularly important (ranking in first place) 
for inpatient costs. Lifestyle factors are consistently 
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Figure 1.  Four CVD outcomes of 3137 US counties, 2017.
A, Total care costs per capita. B, Inpatient care costs per capita. C, Outpatient care costs per capita. 
D, Prevalence of CVD. (Data source: Interactive Atlas of Heart Disease and Stroke). CVD indicates 
cardiovascular disease. NA indicates insufficient data.
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associated with the prevalence of CVD and inpatient 
costs. The percentage of smokers ranks first and sec-
ond for the prevalence of CVD and inpatient costs, 
respectively. Obesity ranks fifth for inpatient costs. 

Physical inactivity and high cholesterol are among the 
top 5 determinants of CVD prevalence. Contextual 
factors are not consistently high ranking for the prev-
alence of CVD and inpatient costs, but they are major 

Figure 1.   Continued
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contributors of total care costs and outpatient costs, 
ranking higher than risk factors.

Figure 3 displays the ranking results for total care 
costs based on large central metro, large fringe metro, 
medium/small metro, and nonmetro counties. For total 
care costs of CVD in large central metro counties, the 
top 5 predictors are the percentage of smokers, the 
Gini index, SVI, and the percentages of people with 
less than a high school education and non-Hispanic 
Black people. For large fringe metro counties, SVI, 

the percentages of older adults and Hispanic peo-
ple, physical inactivity, and the percentage of current 
smokers are the top 5 important determinants of total 
care costs for CVD. Total care costs for CVD in me-
dium/small metro counties rank SVI, physical inactivity, 
the percentages of current smokers and people who 
are married, and poverty rate highly in the top 5 places. 
For nonmetro counties, the percentages of people with 
less than a high school education and older adults, 
economic conditions (ie, poverty rate and the Gini 

Figure 2.  Extreme gradient boosting ranking results for 4 outcomes of 3137 US counties, 2017.
A, Total care costs per capita. B, Inpatient care costs per capita. C, Outpatient care costs per capita. D, 
Prevalence of CVD. CVD indicates cardiovascular disease.
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index), and physical inactivity are the top 5 determi-
nants of total care costs for CVD.

The comparison between counties with low and high 
values for poverty rate, racial and ethnic segregation, 
and SVI is presented in Figure 4. Demographics, such 
as age, sex, marital status, and education rank high for 
total care costs for CVD both in counties with high and 
low poverty rates. For counties with low poverty rates, 
the top 2 rankings are percentages of men and people 
with less than a high school education. For counties 
with high poverty rates, the percentages of smokers, 
older adults, and people with less than a high school 

education rank in the first 3 places. Contextual factors 
are also important. For counties with low poverty rates, 
racial and ethnic segregation ranks fourth, whereas SVI 
ranks fifth for counties with high poverty rates.

There are also differences in the ranking of deter-
minants across counties with low and high racial and 
ethnic segregation. The top 5 predictors of total costs in 
counties with low segregation are physical inactivity, the 
percentages of people with less than a high school ed-
ucation, non-Hispanic Black people, current smokers, 
and men. For total costs in counties with high segrega-
tion, the top 5 predictors are the percentages of married 

Figure 2.   Continued
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individuals and people with less than a high school edu-
cation, SVI, poverty rate, and obesity. Thus, risk factors 
(physical inactivity and smoking) and racial composition 
(the percentage of non-Hispanic Black people) rank 
higher for total costs in counties with low segregation, 
whereas contextual factors, including SVI and poverty 
rate, rank higher in counties with high segregation.

For counties with low SVI, racial and ethnic segrega-
tion, the percentages of married individuals and men, 
SVI, and the Gini index are the top 5 determinants of 

care costs for CVD. The Gini index, the percentages 
of older adults and Hispanic people, poverty rate, and 
the percentage of married individuals rank in the top 5 
places for counties with high SVI.

DISCUSSION
Using a novel machine learning approach, this study 
aimed to identify the important predictors of county-
level CVD prevalence and related care cost outcomes. 

Figure 3.  Extreme gradient boosting ranking results for total care costs per capita of 3137 US 
counties based on the National Center for Health Statistics urban–rural classification scheme, 
2017.
A, Large central metro. B, Large fringe metro. C, Medium/small metro. D, Nonmetro.
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This is among the first studies to examine the role of 
social determinants nationwide in shaping health care 
costs. The differential spatial patterning of total, in-
patient, and outpatient care costs for CVD and CVD 
prevalence suggests that it is worth examining CVD 
prevalence and different types of CVD costs sepa-
rately. Our results do show that the ranking of determi-
nants varies across CVD outcomes and counties.

First, the prevalence of CVD and inpatient costs are 
determined by the proportion of groups with a higher 
risk of CVD, whereas outpatient costs are impacted 
more by contextual characteristics of the living en-
vironments. This difference can be explained in that 

inpatient costs are probably driven by severe CVD, 
such as heart attack, whereas outpatient costs are 
likely affected by asymptomatic CVD, such as asymp-
tomatic hypertension. Therefore, inpatient costs for 
CVD are determined by the percentages of groups at 
high risk but less affected by accessibility, whereas for 
asymptomatic CVD, accessibility (which is determined 
by contextual environments) becomes a major issue. 
Moreover, the finding is consistent with previous liter-
ature that finds that non-Hispanic Black people, older 
adults, individuals with lower education level, smokers, 
and individuals who have health issues and medical 
conditions are disproportionately affected by CVD.3–6 It 

Figure 3.   Continued
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also underlines the importance of social environments. 
Economic conditions, racial and ethnic segregation, 
and social vulnerability are all highly related to care 
costs for CVD. One possible explanation is that as-
pects of social environments may impact an individu-
al’s health care use and thus impact care costs. On one 
hand, individuals living in underresourced communities 
may have worse health conditions and thus greater 
demand for health services. Previous research using 
local data finds that poverty and social vulnerability are 

strongly associated with health care underuse.42,43 On 
the other hand, unfavorable contexts may hinder ac-
cess to health care services. For example, racial and 
ethnic minority groups that live in communities of color 
are less likely to have physician visits.16 Thus, racial and 
ethnic segregation may negatively affect health care 
service use. Similarly, individuals in rural areas may 
also use fewer health services than their urban coun-
terparts because of lower availability of services and 
greater distances to health care services.44

Figure 4.  Extreme gradient boosting ranking results for total care costs per capita of 3137 US 
counties based on low and high values of 3 social determinants, 2017.
A and B, Low and high poverty rate. C and D, Low and high  racial and ethnic segregation. E and F, 
Low and high Social Vulnerability Index.
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Second, we find that the determinants of total care 
costs for CVD in metro areas or counties having low 
poverty, segregation level, or social vulnerability level 
differ from counties experiencing disadvantages, 
though demographic composition variables, education 
and SVI are important for both. For counties experienc-
ing disadvantages, poverty and income inequality con-
tribute more to total care costs for CVD. There is only 
1 exception, namely that smoking is the most import-
ant predictor for total care costs in counties with high 
poverty rate. Nonetheless, with respect to total care 
costs for CVD, counties with unfavorable contextual 

characteristics may be impacted more by economic 
distress and inequality than their more advantaged 
counterparts. For example, the Gini index and poverty 
rate are important contributors to CVD costs for non-
metro counties and counties with high SVI, whereas 
poverty rate ranks high for counties with high segre-
gation. Populations that have been marginalized, such 
as racial and ethnic minority groups and individuals 
living in poverty, may live in unfavorable health envi-
ronments and have limited availability of health care re-
sources and longer travel times to health services. This 
explanation is supported by evidence that in highly 

Figure 4.   Continued
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segregated areas, the accessibility of health provid-
ers and the use of health care services among racial 
and ethnic minority groups are more limited, potentially 
explaining observed worse health outcomes in these 
populations.16,17,45,46

In comparison, among relatively advantaged coun-
ties, such as large central, large fringe, and medium/
small metro counties and counties with low segrega-
tion, smoking and physical inactivity are important risk 
factors. This finding suggests health behaviors and 
lifestyles of individuals are more important for more 
advantaged neighborhoods in decreasing CVD risk. 

In addition, for counties with low poverty or low SVI, 
racial and ethnic segregation is among the top predic-
tors, indicating that even for those less disadvantaged 
counties, such segregation can largely impact CVD 
cost outcomes.

Advancing previous research that mainly focuses on 
individual health care costs,25,47,48 our findings particu-
larly highlight the important role of social determinants 
on CVD care costs, as well as the interactions be-
tween these determinants. On the one hand, econom-
ically deprived populations may suffer more in areas 
that have been marginalized, but on the other hand, 

Figure 4.   Continued
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the concentration of groups at high risk of CVD and 
segregation level are particularly important in shaping 
CVD costs in more advantaged areas. To control the 
costs of CVD, our study suggests the need to differen-
tiate types of costs and target the diverse needs and 
disadvantages of different counties. Particularly, to im-
prove the cardiovascular health of populations that are 
disproportionally affected, such as people of color, we 
may increase awareness of equity by education and 
training for patients, payers, and regulators; set up 
data and research strategies to monitor cardiovascular 
health equity; and emphasize the importance of diver-
sity and inclusion in any trials, studies, or evaluations.

The study is subject to several limitations. First, 
the XGBoost approach only provides the ranking of 
independent variables in determining outcomes, not 
the direction of impacts. Nevertheless, these findings 
advance our understanding of the relationships be-
tween possible influential factors and CVD outcomes, 
such as prevalence and costs. Second, the analy-
sis is cross-sectional and thus does not capture the 
dynamics of CVD prevalence and care costs. Future 
work should consider incorporating a longitudinal per-
spective. Third, our analysis is at the county level and 
thus is inevitably subject to the ecological fallacy and 
the modifiable areal unit problem. Research at other 
levels (eg, zip code) is needed to verify our findings 
at different levels. In addition, our study is only for the 
United States, but the findings may not be generalized 
to other countries. Relative importance of the factors 
considered here for CVD may be different in nations 
with different health care systems. Lastly, there is no 
nationwide data set available for use to validate our 
model-based findings. Further studies are needed in 
this regard.

Nonetheless, there are several strengths of this 
study. First, it is among the first to use a machine 
learning approach on comprehensive measures of 
CVD outcomes including the prevalence of CVD and 
3 different health care costs. Second, it uses the most 
recent high-quality national data at the county level. 
Third, it examines a wide spectrum of variables with 
respect to not only demographic composition and risk 
factors, but also contextual factors in the social de-
terminants of health domain, which include education, 
economic conditions, rural–urban status, racial and 
ethnic segregation, and social vulnerability. Our find-
ings highlight the importance of these social contextual 
determinants as well as their interactions in shaping 
CVD care costs and call for more policy attention to 
economically and socially underresourced (eg, highly 
segregated) areas and residents experiencing dispro-
portionate impact (eg, racial and ethnic minority groups 
and people experiencing poverty) living in these areas.

In conclusion, this study applies the rapidly de-
veloped machine learning approach to examine the 

relative importance of a variety of determinants in shap-
ing CVD prevalence and care costs. We observed that 
predictors of CVD outcomes differ not only by types of 
outcomes but also by geographical location. In addi-
tion to demographic composition and risk factors (ie, 
medical conditions and health  risk behaviors), these 
results highlight contextual factors, such as poverty 
rate, income inequality, social vulnerability, and racial 
and ethnic segregation in determining CVD outcomes. 
This study enhances our understanding of the geo-
graphic variations in CVD outcomes and contributes 
to controlling the development of CVD by highlighting 
the underresourced areas and informing the distribu-
tion of community resources. Moreover, this research 
suggests that policy focused on reducing CVD preva-
lence and health care costs should consider county-
level variability in not only traditional CVD risk markers, 
like clinical conditions and health risk behaviors, but 
also the regional importance of contextual factors and 
social determinants of health. Findings from our study 
may help direct health policy implications in terms of 
prioritizing tasks of CVD prevention and cost control in 
different counties.
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