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Abstract

Cardio-oncology mortality (COM) is a complex issue that is compounded by multiple factors
that transcend a depth of socioeconomic, demographic, and environmental exposures. Although
metrics and indexes of vulnerability have been associated with COM, advanced methods are
required to account for the intricate intertwining of associations. This cross-sectional study
utilized a novel approach that combined machine learning and epidemiology to identify high-risk
sociodemographic and environmental factors linked to COM in United States counties. The study
consisted of 987,009 decedents from 2,717 counties, and the Classification and Regression Trees
model identified 9 county socio-environmental clusters that were closely associated with COM,
with a 64.1% relative increase across the spectrum. The most important variables that emerged
from this study were teen birth, pre-1960 housing (lead paint indicator), area deprivation index,
median household income, number of hospitals, and exposure to particulate matter air pollution.
In conclusion, this study provides novel insights into the socio-environmental drivers of COM
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and highlights the importance of utilizing machine learning approaches to identify high-risk
populations and inform targeted interventions for reducing disparities in COM.

Methods

In 2020 alone, 659,000 people died from cardiovascular disease (CVD) and 602,350
people died from cancer in the United States (US).1 At the intersection of the top 2

causes of mortality in the country, lies cardio-oncology. Cardio-oncology is a rapidly
expanding field because of the number of shared risk factors between CVD and oncology,?
the known cardiotoxicity of cancer therapies,3 and the growing number of cancer
survivors.* Cardiovascular toxicity from cancer therapies, besides impacting the physical
and psychosocial health status of patients, can sometimes pose a greater risk of death

than the specific cancer of the patient.? Current guidelines suggest a 3-step approach

to the dynamics of cardiovascular toxicity risk in patients with cancer: baseline risk
evaluation, cancer treatment surveillance, and long-term follow-up after cancer treatment.
However, adequate implementation and access to optimal follow-up is still a challenge.®
Disparities in sociodemographic and environmental determinants of health (SEDH) can help
explain some of the disparities in cardio-oncology mortality (COM). Previous small studies
have explored a limited number of possible factors and indexes.®:” However, because of

the complex interactions of SEDH with COM and limitations of conventional statistical
methods, previous studies have yet to consider a large number of risk factors covering
multiple domains of SEDH that could potentially be linked to COM. A comprehensive
appreciation of the entire spectrum of SEDH would allow construction and adaptation of
healthcare policies to target the essential roots of disparities in COM and explore high-risk
sociodemographic and environmental risk factors associated with COM across US counties.
Using advanced machine learning models, we intended to explore associations between
county-level SEDH and COM to disentangle their complex intersections and provide
analytical frameworks for future studies on risk factors of COM.

We extracted a wide range of county-level sociodemographic and environmental exposures
from multiple sources. Machine learning approaches were used to identify combinations of
characteristics highly associated with COM, which were defined as county clusters of COM.
Geographic information systems were used to map these clusters and to identify areas with
least favorable outcomes, offering opportunities for targeted public health interventions and
resource allocation.

We examined COM by utilizing the publicly available multiple causes of death files
maintained by the National Center for Health Statistics through the CDC-WONDER
(Centers for Disease Control and Prevention Wide-ranging Online Data for Epidemiologic
Research) database. CDC-WONDER maintains mortality data based on death certificate
information for all 50 states, categorizing the cause of death using the International
Classification of Disease, 10th version (ICD-10). In the multiple causes of death category,
records were included if they presented with any of the ICD-10 codes for CVD mortality
(ischemic heart disease [120-125], heart failure [150], cerebrovascular diseases [160-169], and
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hypertensive heart disease [I110-115]) and an ICD-10 code for cancer mortality [malignant
neoplasms (C00-C97)]).

Our population was restricted to decedents aged 15 years and older who died from CVD
and cancer between 2016 and 2020. County-level age-adjusted COM was calculated as
deaths per 100,000 individuals standardized to the 2000 US Standard Population. Counties
or equivalents from Hawaii and Alaska were excluded because of the scarcity of multiple
social and environmental variables.

A total of 71 key SEDH variables potentially associated with COM were harvested
from previously published sources® (Table 1). Data from 2017 best harmonized
sociodemographic and environmental data and were utilized in our study.

The environmental indicators were collected from the EPA-EJSCREEN (Environmental
Protection Agency-Environmental Justice Screening tool). There were 11 environmental
indicators in the 2020 version of EJSCREEN covering different time points (2014 to
2020). The indicators represent census block group level exposures, and thus county-level
exposures were estimated by applying the advised method by the technical documentation
guide of EJSCREEN.

The 56 sociodemographic variables used were gathered from the Area Health Resources
Files and County Health Rankings & Roadmaps. The harvested variables span diverse
fields including access to healthcare, behavioral risk factors, population characteristics, and
other health-related variables. Furthermore, we obtained county-level area deprivation index
(ADI), a measure of neighborhood deprivation and social vulnerability incorporating 17
census variables.19 We additionally adopted 3 subcategories of area deprivation themes:
financial strength, economic hardship and inequality, and educational attainment (para 3,
Berg et alll).

We utilized Classification and Regression Tree (CART) to identify county clusters or
combinations of characteristics most associated with COM rates at the county level. We
then used random forest (RF) analysis to evaluate the relative importance of variables in
predicting COM and to determine whether the most important variables were captured by
CART.

CART is a machine learning model that sequentially divides data into smaller and more
homogenous groups using binary conditional inferences (“if-then” rules) to predict certain
outcomes.8 Pearson’s correlation is used at each branch point to check for statistical
significance. When certain thresholds (stopping criterion) are reached, CART stops
partitioning data, and clusters of homogenous counties are formed that satisfy a collection of
conditional inferences. In our study, we set the following CART thresholds: maximum tree
depth of 6 splits, a minimum number of 200 counties in each terminal node, and a statistical
significance (a <0.05) for each branching point. We also conducted a sensitivity analysis

for our approach, using a smaller minimum number of terminal node counties (100) while
utilizing the same approach.
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The terminal nodes (leaves) consist of clusters of counties that meet the same inferences and
have similar COM. The unique combination of characteristics along the path from the top
split to a terminal node, determined by the conditional inferences met, represents a COM
cluster of the counties in that node. These clusters were then labeled using alphabet letters
from left to right of the tree. Our model was validated against a random 20% hold-out
sample comparing the COM rates between training and testing using box plots.

Similar to CART, RF uses recursive partitioning. Instead of relying on one tree, it creates
and aggregates multiple trees using random variable selection and bootstrap sampling. It
takes the average of the outputs of these trees as a prediction and calculates the relative
importance of variables in the detection of COM according to the mean decrease in node
impurity. In total 20,000 trees were created incorporating 71 variables, and the number of
randomly sampled variables at each tree split was set to 5.

We finally plotted the identified county clusters and COM to allow proper understanding of
the cluster’s geographic distribution across the US.

Statistical and machine learning analyses were made using open-access R software

version 4.1.2 (The R Foundation for Statistical Computing, Vienna, Austria), and QGIS

v 3.22.3. (QGIS Development Team, 2009. QGIS Geographic Information System. Open
Source Geospatial Foundation. URL http://qgis.org). A p <0.05 was considered statistically
significant. No individual-level data were used, and thus institutional review board approval
was not required.

The study included a total of 987,009 decedents from 2,717 US counties who died from
CVD and cancer. CART analysis, through a training set of 2,175 counties, identified 9
terminal nodes or clusters that share similar mortality and SEDH characteristics (Figure 1).
These clusters were labeled with alphabet letters (A to I) by increasing median age-adjusted
COM rates with a 64.1% relative increase in COM across the clusters (from 52.7 to 86.5 per
100,000 individuals, comparing clusters A and I). From 71 SEDH evaluated (listed in Table
1 along with their sources), the algorithm selected 6 key variables to serve as 8 splitting
branches in our tree (7een birth, Pre-1960 Housing, Area deprivation index [ADI], Median
Household Income, Hospitals, and particulate matter [PM] 5 exposure). Supplementary
Table 1 lists detailed information on each variable used in our study, including its source,
description, year, and baseline mean value for the counties.

Figure 1 represents the findings from CART and Table 2 lists the summary characteristics

of the county clusters. 7een Birthwas used as the first node by CART and was the most
important SEDH risk factor for COM, dividing the tree into the right side (clusters E, F, H, I)
and the left side (clusters A, B, C, G, D).

On the right side of the tree (7een Birth rates>26.9 per 100,000) The following nodes

differed based on a further stratification of 7een Birthrates. Indeed, the sole use of Teen
Birth rates >41.3 per 100,000 was sufficient to identify the cluster with the highest COM
rates (cluster | — 86.5 per 100,000 individuals). Furthermore, when 7een Birth rates were
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between 26.9 and 41.3 per 100,000, CART utilized the number of hospitals per 100,000
individuals and the exposure to PM, 5 to identify the clusters E, F, and H (fifth, fourth, and
second highest COM rates, respectively).

On the left side of the tree (7een Birth rates <26.9 per 100,000), CART additionally used
Pre-1960 Housing, ADI, and Median Household Income to identify clusters A, B, C, G, and
D. Which had the ninth, eighth, seventh, third, and sixth highest mortality rates, respectively.
The combination of 7een Birthrates <26.9 per 100,000, ADI <90.3, and Pre-1960 Housing
<18.3% (cluster A) or between 18.3% to 36.3% (cluster B) and could identify the lowest and
2nd lowest COM rates, respectively.

Next, the same regression tree was applied to the validation set, where the constituent
counties fell into the same 9 categories as the derivation set. The comparisons in COM rates
between the validation and derivation sets showed no significant differences across the 9
clusters (Supplementary Figure 1).

CART sensitivity analysis with a minimum number of 100 counties had more splitting and
terminal nodes in the output (Supplementary Figure 2), showing a trend of a more complex
relation between the SEDH variables to predict county-level COM. The additional variables
include physically unhealthy days and access to exercise. The increased complexity of the
mode lead to a 76.8% difference between the highest and lowest COM groups (median 92.4
vs 51.3). Supplementary Figure 3 shows the comparisons between training and test datasets
to depict the performance of the sensitivity analysis model.

The geographic distributions of the county-level COM and their clusters are showcased in
Figure 2. We observed that the higher county-level COM rates were mostly located in the
Southern states. A lot of these counties correspond to high-risk clusters H and .

Figure 3 highlights the importance of each SEDH variable with respect to COM mortality

and indicates that variables generated by CART are top performers in the RF model. 7een

births (1st), Pre-1960 Housing (4th), Median Household Income (6th), and Hospitals (7th).
Other important variables include financial strength, population size, and lack of insurance
for those aged between 18 and 64 years.

Discussion

In this analysis, we utilized machine learning approaches to unravel the socioeconomic

and environmental determinants of health associated with COM. Using CART analysis, we
uncovered SEDH clusters according to COM risk consisting of teen birth, pre-1960 housing,
ADI, median household income, hospitals, and PM of size <2.5 gm. The same variables
were demonstrated to be important variables in the RF analysis. Thereby demonstrating the
ability of machine learning to help identify associations and improve understanding of the
complex social and environmental factors associated with geographical disparities in disease
burden.

As the field of cardio-oncology continues to rapidly expand, addressing COM and
developing new tools to identify risk factors is imperative. With 5-year survival rates
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of children and adolescents with cancer exceeding 80%, long-term health effects are

of great importance.1? Understanding and recognizing those at greater risk has become

a major concern and risk stratification classifications have been proposed, however,

most take into consideration primarily clinical data.> Recent literature has demonstrated
significant disparities in COM mostly based on race and ethnicity.%13.14 A limited number
of investigations in sociodemographic determinants of COM have been undertaken, and
found variables such as population density, lower income, and illiteracy are generally
associated with CVD outcomes.1>17 Unfortunately, even fewer have targeted cardio-
oncology exclusively, likely because of the number of complicated and multidisciplinary
factors including the intricate interplay between SEDH and COM.

Environmental exposures, specifically air pollutants, are associated with poor health
outcomes.18:19 Air pollution is estimated to cause 9 million annual deaths across the
globe.20 Despite the robust evidence linking environmental exposures with disease burden,
environmental factors are often left out of disease prediction models. We incorporated
environmental exposures with social determinants of health to build a more robust socio-
environmental model for predicting COM. We demonstrated that in the 5 variables our
CART analysis generated, 2 variables were environmental including pre-1960 housing
(marker of lead exposure) and PM 5 (air pollutant). Pre-1960 housing is not only associated
with lead exposure toxicity,2122 but can also act as a representative of poor socioeconomic
status and potential environmental exposure hazards.23 Further, PM 5 has been associated
with increased mortality in patients with both CVD and cancer by means of various
mechanisms including oxidative stress and systemic inflammation.24:25

We additionally show that teen births, ADI, and median household income are associated
with COM. These markers are not necessarily causative agents of COM but may rather
represent surrogates for poor social vulnerability. For example, teen births, have been
previously associated with lower income, unemployment, and less educational attainment,26
all of which may predispose individuals to increased risks of cardiovascular mortality.

Our findings suggest that certain social determinants of health may have a greater impact

on COM than common risk factors like smoking, obesity, and physical inactivity. This
could be because information regarding these risk factors is often embedded within social
determinants of health. For instance, socially vulnerable individuals may be more likely

to engage in unhealthy behaviors and adopt sedentary lifestyles, leading to higher rates

of obesity and smoking. In addition, the number of hospitals per 100,000 was positively
associated with COM, which potentially can be explained by the higher detection rates of
cancer and CVD in areas with higher hospital densities and be confounded by other factors
such as population density and the associated environmental exposures in densely populated
areas.

The underlying causes of death by CVD and cancer are complex and are often intertwined
with numerous sociodemographic, behavioral, and environmental factors. Incorporating a
vast number of health-related variables from multiple sources is an advantage of tree-based
machine learning models over traditional statistical methods (such as logistical regression)
because they are not affected by potential correlations in independent variables (i.e., multi-
collinearity). Previous studies have demonstrated the power of these tree-based machine
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learning approaches in uncovering clusters of late-stage cancer diagnosis2’ and premature
cardiovascular mortality.® Our study further demonstrated the utility of CART and RF in
exploring the associations between COM and sociodemographic and environmental risk
factors. Given that the clusters identified in this study tend to be clustered in space (i.e.,
high-risk clusters are prevalent in the South, and low-risk clusters are prevalent in the
Northeast), risk factors and COM may have place-dependent associations. Future studies
should look at risk factor associations by US region and use the geographic RF model to
explore these place-dependent associations as demonstrated in a previous study on cancer
mortality.?

There are several limitations to this study. First, there might be inaccuracies in the cause

of death identified by the ICD-10 codes found in the death certificates. Second, because of
the nature of this cross-sectional study, casualty cannot be established between risk factors
and COM. However, establishing association is still the first step for epidemiological studies
to examine risk factors before causal relations can be established. Moreover, because of

the absence of data, other common risk factors for COM were not included. Nevertheless,
incorporating nontraditional risk factors provide valuable insights into the complex factors
contributing to COM mortality. Furthermore, the data collection periods for SEDH variables
and COM are not temporally consistent. Also, there might be latent effect of SEDH
variables on COM that cannot be captured by the present study. We acknowledge this
limitation and minimize it using a small range of years (2016 to 2020) for COM and closest
years for the explanatory variables. Because of this, some counties were excluded because of
the small number of cases per data user agreement for patient privacy concerns. Finally, the
use of county-level data does not consider within-county variations of COM and risk factors,
especially in large metropolitan counties. Future studies should investigate the association
between COM and risk factors on a small geographic scale.

In conclusions, sociodemographic and environmental exposures have a complex relation
with COM, and machine learning approaches can deconstruct this relation and demonstrate
associations to allow improved understanding of the socio-environmental drivers of COM.

Supplementary Material
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COUNTY CLUSTER

MEDIAN AGE-ADJUSTED MORTALITY RATE
PER 100,000 INDIVIDUALS

Figure 1.
Classification and Regression Tree analysis to predict county-level COM. Notes: each path

down to a terminal node represents a county SEDH cluster. Box plots in the terminal nodes
represent age-adjusted COM (per 100,000 individuals). The minimum number of counties in
a terminal node was set to 200.
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Figure2.
US County Maps of (A) Age-adjusted cardio-oncology mortality (per 100,000 people). (B)

County cluster of cardio-oncology mortality. Percentages were classified by equal count
(quantile) classification method.

Am J Cardiol. Author manuscript; available in PMC 2024 August 15.



1duosnuely Joyiny 1duosnuey Joyiny

1duosnuepy Joyiny

1duosnuely Joyiny

Motairek et al.

Page 12

1- Teen birth
2- Financial strength
3- Total population
4- Pre-1960 housing
5- Uninsured rate (age 18-64)
6- Median household income
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8- Food insecurity
9- Area deprivation index
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13- Food environment index
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15- Population 18 and younger
16- Fair or poor health
17- Broadband access
18- Home ownership
19- Aiir toxics cancer risk
20- Female population
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22- Air toxics respiratory hazard index
23- Physically inactive
24- Limited access to healthy food
25- Injury deaths
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27- Severe housing cost burden
28- College degree
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30- Traffic volume
31- Proximity to RMP facilities
32- Per capita income
33- Indicator for major discharges to water
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37- Children in poverty
38- Flu vaccinations
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40- Severe housing problems
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42- Unemployment
43- Population above 65
44- Racial ethnic minorities
45- Asian and Pacific Islander
46- Access to exercise
47- Violent crime
48- Hispanic
49- Alcohol-impairment driving deaths
50- Educational attainment
51- High school degree
52- Poverty
53- Bad English
54- Long commute
55- Children in single-parent households
56- Community health centers
57- Food stamp reclplenls
38. S 1ly tr 1 infe

59- Mentally unhealthy days

60- Primary care physicians

61- Diesel PM concentration

62- Adult smoking

63- Frequent mental distress

64- Economic hardship and inequality
65- Physically unhealthy days

66- Frequent physical distress

67- Diabetes

68- Under 200% poverty (age 18-64)
69- Medicare eligibility

70- Traffic proximity and volume
71- Rural population

Figure 3.

I I |
40 60 80 100

Relative Importance %

Dot chart of random forest analysis showing variable importance for predicting county-level
age-adjusted cardio-oncology mortality. Notes: the most important variable is at the top and
scaled to 100%. The importance of the rest of the variables is shown relative to the top one.
NPL = national priorities list; PM = fine particulate matter; RMP = risk management plan;

TSDF = Treatment, storage and disposal facilities.
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