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ABSTRACT

In the U.S., approximately 840,000 Americans die from cardiovascular disease
(CVD) each year, and it is the leading cause of morbidity and mortality worldwide. The
prevalence of CVD is on the rise and widespread disparities in CVD exist across
economic, racial, and ethnic groups. In order to address the rising prevalence of CVD
and persistent disparities, there has been a shift in focus to strategies promoting
cardiovascular health (CVH) across the life course. CVH is a broader and more positive
construct beyond the absence of CVD, and allows for clinical and public health
strategies focused on disease prevention and health promotion, rather than solely on
treatment once CVD develops. Despite this recent focus on improving CVH, widespread
disparities still exist, and social determinants of health (SDOH) appear to be important
contributors to these continued disparities. The World Health Organization (WHO)
defines SDOH as the “structural determinants and conditions in which people are born,
grow, live, work, and age.” There has been limited work studying how longitudinal
exposures of SDOH change over time, perform in the prediction of CVH, and are
associated with later-life CVH and CVD events.

The primary objectives of this dissertation are to identify patterns of SDOH
exposure over time by generating data-driven SDOH clusters using a novel machine
learning method, and determine whether the addition of SDOH variables allowed for
better prediction of an individual’s CVH status and were associated with mid-life CVH (a
critical milestone in CVH maintenance) and CVD events. The primary hypothesis for this

study is that a diverse set of SDOH from young adulthood through middle age will be



predictive of mid-life CVH and will be associated with mid-life CVH and CVD events,
independent of baseline CVH and other covariates.

This dissertation begins with a general introduction highlighting the burden of
CVD and the current evidence and methods used to link SDOH and CVD. | then present
the three chapters included in this dissertation, all of which leveraged comprehensive
longitudinal data from the Coronary Artery Risk Development in Young Adults (CARDIA)
study cohort. Chapter 2 includes a detailed description of the methods used to identify
frequent time-dependent SDOH patterns and generate the novel SDOH clusters in a
well-phenotyped long-standing community-based study. This chapter demonstrates that
the clusters generated improved the prediction of mid-life CVH. Chapter 3 presents a
more detailed description of time-dependent individual- and neighborhood-level SDOH
exposure patterns and shows an association between clusters and mid-life CVH, overall
and by self-identified race groups. Chapter 4 evaluates whether the SDOH clusters are
associated with mid-life CVD events before and after adjustment for mid-life CVH and
subclinical CVD. The clusters are associated with mid-life CVD events, but not after
adjustment for mid-life CVH and subclinical CVD.

The three chapters support our original hypothesis. First, we can use a novel
machine learning method to identify time-dependent SDOH patterns from young
adulthood to middle age and create novel SDOH clusters of those patterns that provide
insight into the complex inter-relationships of SDOH. Additionally, the clusters were
predictive of mid-life CVH and associated with mid-life CVH and CVD events. Further

refinement and validation of the clusters is necessary. The findings from this



dissertation may be used to inform programs looking to develop targeted, timely, and
multi-component interventions to address SDOH and improve CVH in young adults, with

the potential to improve population CVH and reduce disparities.
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CHAPTER ONE: INTRODUCTION
1.1 Background

Cardiovascular disease is a critical public health problem with widespread health

disparities.

Cardiovascular disease (CVD) is the leading cause of death for Americans,
accounting for approximately 840,000 deaths per year.! The prevalence of CVD is on
the rise, and by 2030, 40.5% of the population will have some form of CVD, up from
36.9% in 2010.2 There remain widespread health disparities in CVD burden across
economic, racial, ethnic, and geographic groups both nationally and worldwide.*#* For
example, non-Hispanic (NH) Black individuals bear a disproportionate burden, with
substantially and persistently higher prevalence of CVD and higher CVD death rates
compared with NH white individuals.! Men also have higher CVD prevalence and death
rates than women.! The disparities in CVD burden can be largely explained by
differences in modifiable, and not genetically pre-determined, risk factors and

behaviors.3:5>-8

The improvement of cardiovascular health has been a recent focus for the prevention of

CVD, although major racial disparities exist and are not well understood.

In order to address the rising number of Americans affected by CVD and the
persistent disparities affecting marginalized populations in the country, there must be a
focus on public health and preventive strategies to address CVD, beyond focusing

solely on what can be done clinically at a hospital or doctor’s office once CVD develops.
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To spark this change, the American Heart Association (AHA) in 2010 set a Strategic
Impact Goal “By 2020, to improve the cardiovascular health of all Americans by 20%
while reducing deaths from cardiovascular diseases and stroke by 20%."°
Cardiovascular health (CVH), as defined by Lloyd-Jones (committee chair) et al. for
the AHA, is determined by seven key health factors and behaviors including: total
cholesterol, blood pressure, fasting plasma glucose, body mass index, smoking status,
physical activity, and healthy diet score.® These component metrics are each classified
as poor, intermediate, or ideal based on clinically relevant cutpoints, and a composite
CVH score can be used to represent overall CVH in an individual or in populations. CVH
is a broader, more positive construct beyond just the absence of CVD and can be
measured for all individuals including those in younger age groups.® Among U.S. adults,
only 13% have ideal levels of 5 CVH component metrics, 5% have ideal levels of 6
metrics, and <1% have ideal levels of all 7 metrics.! More favorable mid-life CVH status
is associated with many positive cross-sectional and longitudinal outcomes including
total mortality, CVD-related mortality and non-fatal events, incident cancer, cognition,
depression, quality of life, healthy longevity, compression of morbidity, and healthcare
charges, among many others.®2!

Despite the recent focus on improving CVH, major racial disparities still remain and
are not well understood.?? NH Black and Hispanic individuals generally have fewer ideal
levels of the CVH metrics than those who self-identify as being of White or other races;

presence of greater than or equal to 4 metrics at ideal levels is most common among
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Asian individuals (48%)), followed by white (38%), Hispanic (34%), and Black individuals

(30%), and others (24%).1

Social determinants of health, made up of five key domains and measured on both

individual and neighborhood levels, may account for CVH disparities.

Social determinants of health (SDOH) may account for some of the persistent
CVH disparities. The World Health Organization (WHO) defines SDOH as the “structural
determinants and conditions in which people are born, grow, live, work, and age” that
affect health, functioning, and quality of life.?® There are five key domains of SDOH
including economic stability, neighborhood and built environment, education, social and
community context, and health and health care.?* The SDOH domains and their
associated issues are pictured in Figure 1. SDOH can be measured at both an
individual and neighborhood level. Individual-level SDOH information comes from direct
patient report through surveys, cohort studies, and physician interviews. Neighborhood-
level SDOH provide a picture of the geographic area where an individual lives. Data
from the U.S. Census Bureau and other public datasets are rich resources for

neighborhood-based SDOH information at various geographic areas.?%2¢

Data and research are sparse reqgarding associations of complex SDOH constructs with

CVH.
The National Heart, Lung, and Blood Institute (NHLBI)'s strategic vision and the

AHA'’s recent scientific statement highlight the importance of understanding SDOH as a
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determinant of CVH.2"?8 Associations between a limited set of SDOH, most often from
the economic stability and education domains, and some of the individual CVH
component metrics have been described, cross-sectionally and longitudinally.?”2%30 For
example, it is well established that those with low education have poorer levels of CVH
metrics, including higher rates of smoking, high blood pressure, and high total
cholesterol, compared with well-educated groups.’3! Individuals with several social risk
factors including low family income, low education, minority race, and single-living
status, had lower odds of having 5-7 versus 0 ideal CVH components cross-
sectionally.®? Additionally, racial differences in the modifiable CVH behaviors, like
smoking, physical activity, and diet, may be primarily explained by socioeconomic
factors.® In one study using the CARDIA cohort, socioeconomic status mediated
48.9%-70.1% of the association between race and the CVH health behavior score;
psychosocial factors mediated 20.3%—30.0% of the association and neighborhood
factors mediated 22.1%—-41.4%.8 Low socioeconomic status throughout life is also
associated with poor levels of the CVH component metrics.? Early studies demonstrate
a link between overall CVH and neighborhood environment, including access to
favorable food stores, physical activity resources, walking/physical activity environment,
and neighborhood socioeconomic status.3%:3* A clearer understanding of the
associations between complex SDOH constructs and CVH may provide helpful
information for programs looking to address SDOH and ultimately improve CVH. There
is already some evidence that addressing SDOH can improve CVH, as shown by

decreased CVD mortality following Medicaid expansion3® and decreased diastolic blood
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pressure following disbursement of funds from the Earned Income Tax Credit.%® Despite
this existing work, data are sparse regarding the associations of the full spectrum

of SDOH with overall CVH.

Current methodological and statistical approaches limit our understanding of how the

complex interplay of SDOH exposures may be associated with CVH cross-sectionally

and longitudinally.

There are also limitations to the current statistical approaches used to study SDOH
and the CVH component metrics. Investigators have traditionally examined
socioeconomic status (SES) variables or indices as exposures at one time point in
regression-based models. Composite SES indices combine multiple SES variables into
a multidimensional concept using principal component analysis.®’~3° These indices
simplify analysis and reduce multicollinearity between the SES exposures, but are
difficult to interpret because they are unit-less values and the association between the
outcome and distinct SES variables can no longer be interpreted. In regard to timing of
the exposures, SES variables are often assessed at the same time as the CVH
component metrics. If timing of the SES exposures is considered, there are three typical
life course study designs: 1) SES exposures measured in early life with the CVH
outcome occurring later in the life course, 2) changes in a limited set of SES variables
measured over a short time period (often two time points) with the CVH outcome
occurring later in life, or 3) summary index of SES events over the life course with the

CVH outcome occurring later in life.33 All three life course designs do not account for
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many SDOH variables and their patterns of change over a longer time period. Both the
cross-sectional and longitudinal methods used previously may be imperfect in their
ability to account for the complex relationships between SDOH variables, in addition to
the complex relationships between many SDOH exposures over time and overall CVH
and its component metrics. For example, social exposures like lower income and lower
levels of education are often associated with exposure to poor social networks and
social support.*® Current methods are unable to account for the co-occurrence and
collinearity of these variables and their joint relationship with health outcomes over time.
Thus, current methodological approaches used to incorporate SDOH in statistical
models limit our understanding of the magnitude and timing of their impact on

CVH and CVD.

1.2 Objectives and Outline

It is unclear how individual and neighborhood-level SDOH, across all five
domains, may be associated with each other and may change over time. No single
variable or domain fully captures an individual’'s SDOH, therefore new, and easily
interpretable, methods for studying the effect of SDOH over time are necessary.?’4! In
addition, it is unknown how a set of SDOH may perform in the prediction of CVH. An
understanding of how multiple SDOH are associated with CVH and CVD events may
assist researchers and public health professionals in identifying new targets for
intervention on SDOH to improve population-level CVH. | therefore propose to

address these knowledge and methodological gaps and to examine how a
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broader array of SDOH perform in predictive models for CVH, and are associated
with mid-life CVH and CVD events over time. The primary objectives of this
dissertation are to identify patterns of SDOH exposure over time, create SDOH clusters
using a novel machine learning method, and determine whether the addition of SDOH
variables allows for better prediction of an individual's CVH status and are associated
with mid-life CVH (a critical milestone in CVH maintenance) and CVD events. The
primary hypothesis for this study is that a diverse set of SDOH up to age 45 will be
associated with and will improve prediction of CVH, subclinical CVD, and CVD events at
mid-life, independent of baseline CVH and other covariates.

To pursue these overall objectives, this dissertation begins with a general
introduction highlighting the current disparities in CVD, the need to focus on prevention-
based strategies, the current evidence linking SDOH and CVD, and the traditional
methods used to study SDOH and CVD. | also provide a conceptual model and highlight
the innovative components of this work. | then lead into the three chapters with distinct
objectives. In Chapter 2, | present a detailed description of the methods used to identify
the frequent time-dependent SDOH patterns and generate the novel SDOH clusters. |
also explore whether the SDOH clusters improve the prediction of mid-life CVH using
multiple regression-based and machine learning methods. Chapter 3 contains a more
detailed description of time-dependent individual- and neighborhood-level SDOH
exposure patterns and evaluates whether there is an association between the clusters
and mid-life CVH. In Chapter 4, | then evaluate whether the SDOH clusters are

associated with mid-life CVD events before and after adjustment for mid-life subclinical
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CVD and CVH, in order to understand potential pathways that may link upstream SDOH

and downstream health outcomes.

1.3 Conceptual Framework

This dissertation is primarily focused on identifying patterns of SDOH exposures
from young adulthood to middle age, generating clusters of the patterns, and then
examining whether the clusters are predictive of mid-life CVH, and associated with mid-
life CVH and CVD events. Figure 2 depicts the conceptual framework for the pathways
linking SDOH, CVH, subclinical CVD, and CVD events, as modified from the WHO
Commission on Social Determinants of Health Conceptual Framework.*? This
framework highlights the importance of the relationship between upstream SDOH and
CVH and health disparities; the social effects are directly felt by vulnerable populations
through stress, knowledge, and time.#3-#> Structural racism is a major SDOH, driver of

other SDOH, and a root cause of disease—including CVD.46-4®

1.4 Innovation

Novel methodology to create and understand impact of SDOH patterns and clusters

Studies of SDOH and their associations with various health outcomes to date
have been largely cross-sectional or examined change in a limited set of SDOH over a
short period. In this study, we examined patterns of SDOH exposure from all five
domains over time and created clusters of these trends. This approach has been used

for other health-related topics, such as grouping trends in physiologic variables among
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patients in the ICU#® and creating phenotypes of multiple organ dysfunction in
children®°, but it has not been used to study SDOH, CVH, and CVD events. We
simultaneously incorporated SDOH from all five SDOH domains, which is different from
existing approaches that often examine SDOH individually or as a limited set.
Additionally, CARDIA is a unique dataset in that it allowed us to examine SDOH across
all domains on both an individual and neighborhood level for the same participant. This
provided a broader understanding of the SDOH experienced by each participant
individually and in the larger environment where he/she lives. By understanding
longitudinal SDOH patterns and their clusters at individual and neighborhood levels, we
identified directions for potential future work focused on developing timely and multi-

component social, public health, and healthcare interventions and policies.

Application of machine learning and simultaneous incorporation of measures from all

five SDOH domains to study CVH

Machine learning algorithms have not been widely applied to problems within social
science research. This dissertation applied two newer supervised machine learning
classifiers and regression models. We were able to compare whether longitudinal
SDOH patterns and their corresponding subgroups offer improved prediction of CVH,
while also comparing more traditional statistical models with machine learning
algorithms as methods for prediction. Additionally, a limited set of SDOH variables have
been used to study the seven CVH component metrics individually; however, the

incorporation of variables representing all five SDOH domains as predictors for overall
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CVH is novel. This provided us with a better understanding of which exposure patterns
may be associated with and predictive of CVH, and at what time during young
adulthood. Findings from this study may help researchers, clinicians, and policymakers

better predict patients and populations at risk for low CVH during middle age.

Identification of SDOH trends that may be associated with and differ by race

Previous work has identified differences in SDOH cross-sectionally and also
disparities in overall CVH and CVH behaviors. In this study, we identified longitudinal
SDOH exposure patterns and clusters of these trends. We also stratified our predictive
models by race. An understanding of how our longitudinal SDOH exposures, clusters,
and models varied within race subgroups allowed us to generate hypotheses related to

the unique contribution of SDOH to CVH health disparities.

Associations of SDOH exposures with important CVD outcomes

Through the creation of our novel SDOH exposures, we were also able to examine
the longitudinal association of a representative set of key SDOH domains and issues
with subclinical CVD measures and CVD events. As mentioned, previous work
traditionally examined a one or just a few SDOH measures cross-sectionally or used
longitudinal statistical methodologies with limitations. We gained an improved
understanding of the longitudinal relationship between SDOH and important CVD health
outcomes. We also explored whether the association of SDOH with CVD events was

maintained after adjusting for subclinical CVD or CVH status. This helped us to
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determine whether there may be independent pathways through which SDOH influence
subclinical or clinical CVD. These findings will be helpful in informing future work

addressing health disparities through SDOH.
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CHAPTER TWO: APPLICATION OF A NOVEL SEQUENTIAL PATTERN MINING
METHOD TO STUDY LONGITUDINAL SOCIAL DETERMINANTS OF HEALTH: THE

CORONARY ARTERY RISK DEVELOPMENT IN YOUNG ADULTS (CARDIA) STUDY

2.1 Abstract

Objective: To identify patterns of social determinant of health (SDOH) exposure from
young adulthood to middle age, define exposure clusters among the cohort, and
evaluate whether the patterns and clusters improve prediction of mid-life cardiovascular
health (CVH).

Materials and Methods: We analyzed SDOH data from participants recruited in the
longitudinal prospective CARDIA study. Using subgraph augmented non-negative
matrix factorization (SANMF), we identified frequent, time-dependent patterns among
48 SDOH and psychosocial variables across four age windows from young adulthood to
middle age. We then generated and characterized clusters of the patterns and
examined whether they were predictive of mid-life CVH.

Results: Among the 3,522 participants included in the study, we identified 502 frequent
patterns of SDOH variables and generated five unique clusters. The clusters
incorporated patterns from the five SDOH domains and were interpretable. In predictive
modeling using multiple machine learning algorithms, the models incorporating the
SDOH patterns and clusters as unique predictors met or slightly exceeded predictive

performance of the base models.
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Discussion: Using the SANMF method, we were able to generate time-dependent
SDOH patterns and clusters that were associated with and predictive of mid-life CVH.
The SANMF model improves upon existing methods used to study SDOH by generating
interpretable clusters and predictors of multiple, varied SDOH variables over time.
Conclusion: The patterns and clusters reduce the complexity of SDOH exposures and,
following replication in other settings, may be used to develop targeted and time-specific
social interventions and policies to address adverse SDOH and potentially improve low

CVH in individuals and populations.
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2.2 Introduction

Over the past decade, there has been increased discussion around the influence
of social determinants of health (SDOH) on overall health and clinical outcomes.
Traditionally, researchers have focused on individual-level factors, including genetics
and access to healthcare, as major contributors to health. While these factors are
important, they may not be the main drivers of health.>1-52 In recent years, the 2010
Affordable Care Act, increasing health disparities, and the COVID-19 pandemic have
drawn attention to the influence of nonclinical, population-level factors on well-being,
and highlighted how social inequities lead to health disparities.>* These factors, defined
by the World Health Organization, are the historical and “structural determinants and
conditions in which people are born, grow, live, work, and age” shaped by the
distribution of money, power, and resources— known as SDOH.?3 The five key domains
of SDOH include economic stability, neighborhood and built environment, education,
social and community context, and health and health care.?* SDOH are the upstream
factors that drive institutional inequities, living conditions, risk behaviors, and ultimately
disease, morbidity, and mortality.4?:55

While increasing recognition of these factors is critical to design more targeted
health interventions and improve public health, methodological approaches to study
SDOH have been limited. Prior studies have generally focused on the cross-sectional
association between one or only a few social determinants, typically from the economic
stability or education domains, and one health outcome. However, there are complex

relationships between diverse SDOH that are not considered when only examining one
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SDOH variable within one domain.>°¢ There is also increasing recognition that SDOH
change over time and influence health outcomes differently over the life course.%® It is
important to consider which SDOH are most important, and at what time, when
assessing their impact on health outcomes. To accomplish this goal, new methods are
needed for defining and studying how patterns of SDOH across domains and over the
life course impact critical health outcomes.

Cardiovascular disease is a burdensome public health problem and the leading
cause of death in the United States.>” Reducing morbidity and mortality from
cardiovascular disease and improving cardiovascular health (CVH) has been a key
focus for the past decade.® CVH is a broader and more positive construct than
cardiovascular disease, and is a multi-component score made up of seven key health
factors and behaviors.® While there has been a focus on improving CVH, disparities
remain and may be due to differences in SDOH.?? Limited evidence demonstrates an
association between a selected set of SDOH and the individual CVH indicators, cross-
sectionally and longitudinally.2%3%46 Despite this existing work, data are sparse
regarding the associations and predictive power of the full spectrum of SDOH with

overall CVH.

2.3 Objectives
In this study, we aimed to identify time-dependent patterns of SDOH exposure
from young adulthood to middle age in the longitudinal Coronary Artery Risk

Development in Young Adults (CARDIA) Study using a novel sequential pattern mining



method.*°58 We created and characterized clusters of SDOH exposure patterns with
sparse non-negative matrix factorization (NMF), and determined whether the SDOH
patterns and clusters improved prediction of mid-life CVH using several analytic

approaches.

30
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2.4 Methods

2.4.1 Dataset, Predictors, and Outcome

The Coronary Artery Risk Development in Young Adults (CARDIA) study is a
prospective community-based cohort study with detailed information on cardiovascular
risk factors and disease in a geographically and racially diverse sample of young
adults.%® The cohort is comprised of 5,115 black and white men and women, ages 18-30
at baseline, recruited from four metropolitan areas: Birmingham, AL; Chicago, IL;
Minneapolis, MN; and Oakland, CA. Participants, originally recruited in 1985-1986, were
enrolled with similar numbers of people within self-identified race (Black or white), sex
(female or male), education (high school or less vs. more), and age (18-24 and 25-30)
groups at each of the four centers. CARDIA participants have undergone in-person
examinations at baseline (Year 0: YO) and at Y2, Y5, Y7, Y10, Y15, Y20, Y25, and Y30.
Retention rates among surviving participants at each in-person examination were 91%,
86%, 81%, 79%, 74%, 72%, 72%, and 71%, respectively, and >90% of participant have
been contacted within the last 5 years.

Primary predictor variables included 48 time-dependent SDOH and psychosocial
variables collected during the examination cycles. Data regarding both individual- and
neighborhood-level variables from all five SDOH domains were collected across seven
CARDIA exam years spanning ages 18-45 years. Individual-level SDOH were available
for all exams of interest. Neighborhood-level SDOH were available for Year 0 (YO0), Y7,

Y10, Y15, and Y20. Table 1 displays the individual-level and neighborhood-level SDOH
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variables by domain and two psychosocial variables that were also included in the
analysis.

The primary outcome for this study was CVH measured at age 45 years or older,
as defined by the American Heart Association, measured at age 45 years or older.®
High mid-life CVH is associated with many favorable cross-sectional and longitudinal
outcomes including markedly lower incidence of total mortality, CVD-related mortality
and non-fatal events, improved quality of life, and compression of morbidity.®10:1214 The
CVH construct incorporates seven metrics of current smoking, physical activity, diet,
body mass index, total cholesterol, blood pressure, and fasting glucose. In this analysis,
each component metric was categorized as poor, intermediate, or ideal status, as done
previously®®9, assigning either 0, 1, or 2 points, respectively. The status of each metric
was then summed to create the overall CVH score and then categorized into low (0-7
points), moderate (8-11 points), and high (12-14 points) CVH. We further dichotomized
the outcome into low vs. moderate/high CVH for our classification models.

For this analysis, we only included those participants who reached age 45 or
beyond during CARDIA and had a CVH measure at Y20 or later. For our outcome, we
also looked at the first CVH measurement at or after age 45. Diet, a key component of
the composite CVH metric, was only assessed at YO, Y7, and Y20. Because diet tracks
over time?, we used Y7 diet for those participants missing a Y20 assessment and/or
carried forward the Y20 assessment for those who reached age 45 at the Y25 or Y30

exam.



33

2.4.2 Overall Workflow

We followed the SANMF process as described in Luo et al.*® The overall
workflow is pictured in Figure 3. There were four primary steps to our analysis: 1) graph
construction; 2) frequent subgraph mining; 3) sparse non-negative matrix factorization
(NMF); and 4) predictive modeling. The SANMF method specifically encompasses
steps two and three and requires the SDOH variables to be represented as graphs,
necessitating pre-processing to discretize the time and measurement axes. The primary
outputs of SANMF are a set of time-dependent patterns or subgraphs (used

interchangeably for this chapter) and clusters representing groups of the subgraphs.

2.4.3 Graph Construction

In order to discretize the time axis, we created four age windows. Instead of
using the exam-based CARDIA design for our exposures, we assigned values based on
age rather than by exam year to more appropriately reflect the timing of exposures in
individuals, as has been done in numerous prior studies.%-¢? This approach allowed us
to identify potential critical periods when SDOH may be more predictive of CVH, and to
normalize our predictor windows. We used four age windows: 18-24, 25-34, 35-44, and
45 years or older. We focused on SDOH only up to the CVH measurement in the 45 or
older age window, in order to avoid issues of reverse causation (protopathic bias). If
there were multiple assessments of a variable within an age window, we averaged the

values for the continuous variables and took the earliest available value for the
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categorical variables. For the categorical variables, if the first assessment was missing,
we took the next available value.

To discretize the measurement axes, we took different approaches based on the
variable type. For the continuous values, we either created categories based on what
has been generally accepted in the literature, or created tertiles representing lower, mid-
range, and higher exposure categories. We took this approach because many of the
variables did not have externally validated categorizations representing lower or higher
exposure. For the categorical variables, we created categories based on what other
researchers have used or what we determined would aid in interpretability.

We generated graphs for each time-dependent SDOH variable by connecting the
adjacent discretized measurement values on the time axis. For the categorical variables
and continuous variables coded using external categorizations, we created edges to
represent the changes between adjacent nodes. For the categorical variables

discretized using the tertile method, we created edges labeled as “up,” “down,” and

“same” to encode the directionality of the graphs and changes between age windows.

2.4.4 |dentification of Time-Dependent SDOH Patterns with Frequent Subgraph Mining

We created node-edge lists for the 3,522 participants who met our inclusion
criteria in CARDIA. We used the Molecular Substructure Miner (MoSS) to identify
common subgraphs or patterns in the SDOH variables among the participants.®3 In
order to identify as many patterns as possible, we ran MoSS without a complement

group or pre-defined frequency threshold.
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We filtered out shorter subgraphs contained within larger subgraphs, as
described by Luo et al., in order to remove the redundant information.*® We also only
included subgraphs occurring in >5% of the participants, which was the chosen
threshold based on internal discussion identifying a meaningful prevalence for
intervention. Because we had subgraphs of lengths one, two, three, or four age
windows, the frequency threshold calculation varied based on which age windows were
represented in the subgraph, which is different from other previous applications of
SANMF. The numerator of the frequency calculation was always the number of
participants with the pattern. The denominator, however, was based on the number of
participants with data available in the age window. Because almost half of the
participants were enrolled at age 25 and later, there were a substantial number of
participants without information in the 18-24 age window. There were1,393 participants
with SDOH data available in the 18-24 age window, 3,504 in the 25-34 age window,
3,397 in the 35-44 age window, and 3,522 in the 45 and beyond age window. We used
the smallest denominator for the frequency threshold calculation in order to include the
most patterns possible, including the most patterns from each age window in the
creation of the clusters described below. For example, if the subgraph spanned all age
windows, 1,393 was used as the denominator. Following exclusion of the subgraphs,

the participant by subgraph matrix was used as the input for NMF.
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2.4.5 Creation of Clusters with Sparse Non-negative Matrix Factorization

NMF is a commonly used unsupervised machine learning method to cluster
patients or variables to create meaningful groups from a set of high-dimensional data.®4-
66 NMF serves as an ideal grouping method for analyzing count data that is non-
negative by providing simple and additive clusters, as opposed to k-means or principal
components analysis, which do not have the benefit of interpretability.*°

As presented in Figure 4, SANMF approximates the participant-by-subgraph
count matrix, X, the patterns matrix, (dimensions of P x S, number of participants by
number of subgraphs) into lower ranked matrices W and H.*® W, the features matrix, is

of dimension P x S (S, is the number of subgraph groups) and H, the coefficient matrix,
is of dimension S, x S. W identifies the participants with exposure to the patterns in each

cluster. H identifies the clusters, or the groups of common patterns in the SDOH
variables.

We randomly partitioned our cleaned dataset using a 70% training and 30% test
set ratio, stratified by the dichotomous CVH outcome. We examined descriptive
statistics for the training and test sets to ensure the datasets were similar across the
demographic and SDOH and psychosocial variables. Because there is no way to
evaluate the clusters independently, we determined the number of clusters by
evaluating their utility in predictive models. We assumed useful features will improve
predictive performance of our outcome, therefore we chose the number of clusters
based on area-under-the-curve (AUC) values from logistic regression modeling using

five-fold cross-validation on the training set.
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To conduct NMF, we used the projected gradient NMF solver®” implemented in
Scikit-learn.58 We implemented NMF on the training set enforcing sparsity using the
SNMF/R algorithm with Nonnegative Double Singular Value Decomposition (nndsvd)
seeding, as has been implemented and described previously.4%6%-t The SNMF/R
algorithm enforces sparsity on H matrix, minimizing the number of non-zero entries or
limiting the number of subgraphs with membership coefficients for each cluster. We
used 5-fold cross-validation to evaluate the predictive performance of the clusters of
size 2 through 10, using logistic regression models, controlling for maximum education
level, baseline CVH score, baseline age, sex, CARDIA center, and race. The models
included the specified covariates, in addition to the columns in the W matrices for each
NMF iteration representing the likelihood of each participant being exposed to the
SDOH patterns within each cluster. We chose the minimum number of clusters from the
model with the highest AUC value and continued with the analysis using the W and H

matrices from the NMF iteration for the chosen number of clusters.

2.4.6 Characterization of SDOH Clusters

We characterized the generated SDOH clusters by identifying the top ten
subgraphs by identifying the ten largest membership coefficients within each cluster, in
order to maintain interpretability. We did not force each participant into one SDOH
cluster based on the highest coefficient in W because we wanted to account for a
participant’s exposure to multiple clusters and the subgraphs within each cluster. The

subgraphs could be one node in length or up to four nodes in length, representing the
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four age windows under study. The subgraphs were categorized, a priori, by domain to

characterize the clusters by their unique subgraph makeup and domain.

2.4.7 Prediction of Cardiovascular Health

To determine whether SDOH improve longitudinal prediction of CVH statistically,
we used supervised machine learning methods to predict CVH from the identified
frequent subgraphs and generated SDOH clusters on the training and held-out test sets.
We utilized four predictor groups for modeling: 1) Base model: baseline age, sex,
CARDIA center, and race; 2) Base + CVH model: baseline CVH and base model
predictors; 3) Base + SDOH Clusters model: base model with all SDOH clusters as
independent features and maximum education achieved; 4) Base + CVH + SDOH
Clusters model: all SDOH clusters as independent features with Base + CVH model
predictors and maximum education achieved; and 5) Base + CVH + Subgraphs model:
all frequent subgraphs modeled as independent features with Base + CVH model
predictors and maximum education achieved. We included the subgraphs as
independent features in model five to further explore the added value of creating more
interpretable clusters of SDOH compared with modeling the subgraphs separately. To
understand the predictive utility of the SDOH clusters for CVH under diverse statistical
models and assumptions, we used logistic, Lasso, and Ridge regression, in addition to
machine learning classifiers including random forests and multi-layer perceptron neural
networks. All models were tuned on the training set using five-fold cross validation with

10 repeats. We applied the chosen NMF model to the held-out test set prior to



39
application of the final tuned models to create the clusters in the test set for utilization in
the Base + CVH + SDOH clusters models. We compared AUC values for all nested
models applied to the test set to assess their predictive performance above the base
model using Delong’s test for two correlated ROC curves.’? All predictive modeling was
conducted using R version 3.6.1.7® and the caret package.”

To assess how each predictor contributed to classification, we examined
permutation feature importance’® using classification error as the loss function on the
test set using the iml package.’® We also examined misclassification rates for the Base
+ CVH logistic regression model and conducted an error analysis with SHAP plots’’

from the iml package to determine the features driving misclassification.
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2.5 Results

There were 3,522 participants included in the study cohort, who were split into a
training and test set ensuring an equal distribution of participants in the dichotomous
CVH outcome categories as shown in Table 2. Characteristics of the training and test
set were similar. Following frequent subgraph mining of the 48 time-dependent SDOH
variables, we identified 502 frequent subgraphs of various lengths: 109 patterns
spanning one age window, 237 patterns spanning two, 134 spanning three, and 22
spanning four age windows. We ultimately chose five clusters for sparse NMF after
comparing AUC values from five-fold cross-validation on the training data with a range

of groups sizes: two through ten and 20 through 100 (at increments of ten) groups.

2.5.1 SDOH Clusters

Table 3 presents the top ten subgraphs identified within each SDOH cluster. The
clusters can be characterized as follows: Cluster 1) economically stable with less
psychologically demanding job, mid-range social support, zero health care access
barriers, and no change in residence; Cluster 2) economically stable with employment,
mid-range social support, and zero health care access barriers; Cluster 3) some
difficulty economically with lower status job, one change in residence during late 20s
and early 30s, and low social support; Cluster 4) no difficulty meeting demands, but with
vulnerable neighborhood environment, and Cluster 5) economically wealthy with high

status job, higher social support, and change in residence during late 20s and early 30s.
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2.5.2 Prediction of CVH

The results from predictive modeling are shown in Table 4 with the AUC values
for the training and held-out-test sets. Typically for prediction, an AUC of <0.70 is
considered inadequate discrimination, 0.70-0.79 is satisfactory, and 0.80-0.89 is
excellent.”® The Base + CVH model offered improved predictive performance over the
Base model (p<0.001) and satisfactory discrimination. The Base + SDOH Clusters
model improved the AUC by ~0.07 from the Base model (p<0.001) and offered
satisfactory discrimination over inadequate discrimination in the Base model. For the
Base + CVH + SDOH Clusters models, the logistic regression had the highest AUC
value and exceeded performance of both the Base and Base + CVH models, although
statistical significance was not achieved for comparison with the Base + CVH model
(p<0.001 and p=0.068, respectively). For the Base + CVH + subgraphs models, Lasso
regression offered the best performance (satisfactory discrimination) and exceeded
performance of the Base + CVH model somewhat, but not statistically significantly

(p=0.390).

2.5.3 Important Clusters and Subgraphs

In the Base + CVH + SDOH clusters logistic regression model, 0.10-unit greater
likelihood of being exposed (i.e., 0.10 SD greater likelihood of being exposed) to the
subgraphs in Clusters 1, 2, and 5 were associated with lower odds of low mid-life CVH
(adjusted Odds Ratio, 95% confidence interval: Cluster 1: 0.71, 0.60 — 0.83; Cluster 2:

0.83,0.71 — 0.97; Cluster 5: 0.75, 0.65 — 0.85). In Figure 5, the variable importance
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plots from the SDOH + CVH + Clusters logistic regression model highlight the predictive
power of the SDOH clusters. Clusters 5, 2, and 3 offered improved predictive
performance over some of the traditional predictors such as sex and age, and all of the
clusters offered improved predictive performance over self-identified race. In the Base +
CVH + Subgraphs Lasso regression model, seven subgraphs were identified in the top
ten most important variables (Figure 6). SDOH from all domains and one psychosocial
variable improved predictive performance.

The Base + CVH + SDOH clusters logistic regression model offered the best
predictive performance, correctly classifying 772 participants (75.5%), but it
misclassified 251 participants when applied to the test set; there were 184 participants
with low mid-life CVH who were predicted as having moderate or high mid-life CVH
status and 67 participants with moderate or high mid-life CVH who were predicted as
having low mid-life CVH. Among the misclassified participants, 61.8% were Black,
which is higher than the prevalence of self-identified Black participants in the test set
(46.6%). When examining SHAP plots for the misclassified participants, baseline CVH

score was the primary driver of prediction.
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2.6 Discussion

By applying the novel SANMF method to complex longitudinal SDOH data, we
were able to identify frequent patterns of SDOH variables and generate five clusters of
the time-dependent patterns. The subgraphs and clusters incorporated into predictive
models for CVH met and slightly exceeded performance above the base model without
the SDOH predictors, offered satisfactory discrimination, and better represented the
social exposures of the participants. We characterized and identified the important
clusters associated with CVH and patterns and clusters which improved classification of
the dichotomous CVH outcome. We were able to distinguish subgraphs and clusters
offering improved predictive performance of the CVH outcome, including those from all
five SDOH domains and psychosocial factors. In logistic regression modeling, three out
of the five clusters were associated with mid-life CVH.

This study represents the first time the SANMF method has been applied to
either the field of SDOH as an exposure or CVH as an outcome. SANMF has been
previously used in other longitudinal scenarios. Luo et al.*° used SANMF to group
patients admitted to the intensive care unit based on their temporal trends in multiple
physiologic variables, and Sanchez et al.*° created phenotypes of multiple organ
dysfunction in children. These use cases focused on stratifying patients into groups
based on similar types of exposures. In our current use case, we further widened the
applicability of the method by developing clusters using 48 categorical (hominal and
ordinal) and continuous individual- and neighborhood-level SDOH variables, the first

extension of this method to social and epidemiological science fields. We also did not
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assign participants exclusively to one SDOH exposure cluster, but rather kept the focus
on the SDOH exposure clusters—emphasizing that participants could be exposed to
multiple clusters—and included the clusters as unique predictors in modeling.

SANMF offers a novel approach for characterizing a diverse set of longitudinal
SDOH exposures from all five domains. Most traditional analyses focus on singular
SDOH, like poverty or education, which limits our understanding of the complex social
experiences of individuals and populations. If multiple SDOH are considered, they are
often represented as a composite index of socioeconomic status (SES) measures at
one time point in regression-based models.®’-3° These indices simplify analysis and
reduce multicollinearity between the SES exposures, but are difficult to interpret
because they are unit-less values and the association between the outcome and distinct
SES variables can no longer be interpreted. In regard to timing of the exposures, SES
variables are often assessed at the same time as a health outcome and not
longitudinally.3® SANMF allows for the analysis of longitudinal SDOH, from all five
domains and psychosocial factors, and illuminates the intersectionality SDOH factors.
The application of SANMF to SDOH data represents a step towards furthering our
understanding of the multiple, complex, and intersectional nature of SDOH in
association with CVH across the life course and points the way to its use in the context
of other health outcomes in the future.

Baseline CVH offered the greatest improvement in predictive performance for
mid-life CVH over the base model of demographic variables, with additional significant,

although modest, improvements in prediction of mid-life CVH after the addition of the
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SDOH clusters. We judge that there may be a few reasons why the SDOH predictors
did not offer greater improvement in the overall AUC value. The improvement in the
Base model after addition of CVH is not surprising; in biology and epidemiology, we
often observe that the best predictor of a future outcome is the baseline value, rather
than more proximal values.”®# It is important to note, however, that baseline CVH was
assessed when the study participants were between the ages of 18 and 30 and is
determined by several factors, including childhood SDOH exposures, prior to
observation in CARDIA.8182 This implies that future work should also focus on these
childhood exposures and their relationship with CVH throughout the life course. The
association between SDOH and CVH may also be primarily mediated, although not
fully, by the health factors and behaviors that make up the composite CVH score.43-46
We used a composite measure of CVH as our outcome instead of modeling the
individual health behaviors and factors as outcomes in separate models. SDOH may
offer improved prediction of certain CVH components over others, which should be
examined in future work.

Measurement of the predictors and use of the predictive models may be other
reasons why we did not see large improvements in the AUC values after addition of the
SDOH clusters. The SDOH captured in CARDIA are also primarily self-reported by the
participants. Because of this, the precision of the measurements may be lower than
expected, which would introduce noise into the models. In addition, there were
significant associations between Clusters 1, 2, and 5 and mid-life CVH, but relatively

large and precise measures of association for novel variables are needed to generate
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meaningful changes in AUC values with addition of those new variables.23 In clinical risk
prediction models, novel predictors rarely make large improvements in classification for
those at low or high risk from the base model. New predictors, however, are often most
useful for people in the intermediate risk category from baseline models when using a
sequential screening approach.?48 For example, we may use the Base + CVH model to
generate a pretest probability to identify participants at low, intermediate, and high-risk
for low mid-life CVH, and subsequently use the clusters to reclassify the risk of the
participants at intermediate risk of low mid-life CVH. Separate from the sequential
testing approach, we may need to create stratified models for the prediction of mid-life
CVH within race groups based on the error analysis and higher rates of misclassification
among the Black participants.

There are limitations to this work and the study cohort used. CARDIA is a unique
dataset with a population of Black and white men and women and detailed information
on individual- and neighborhood-level SDOH factors over time. Data capturing
exposures to the SDOH factors collected in CARDIA may not always be available in
other settings or within the chosen age windows, limiting the generalizability of the
clusters. Because the effects of SDOH are generally felt through stress, knowledge, and
time, wider age windows were best suited for this analysis, but may not be applicable to
other cross-sectional or short-term cohort studies. This work also first focused on
identifying frequent patterns of individual SDOH variables and then grouped the
patterns into clusters. We did not examine fully the complex relationships between the

patterns, which should be assessed in future work. We also selected five clusters by
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comparing AUC values to models with a different number of clusters and proceeded
with all subsequent analyses using five clusters. Future models, examining the
association of SDOH with other health outcomes, may benefit from a examining a
different number of clusters.

2.7 Conclusion

Using SANMF, we identified time-dependent patterns of 48 SDOH variables and
generated five SDOH exposure clusters. Predictive models for CVH incorporating
SDOH patterns and clusters as predictors met or exceeded the predictive performance
of our Base model, while also improving representative power. The SDOH patterns and
clusters that improved predictive performance may assist clinicians and public health
professionals in developing targeted and timely interventions for groups and populations
at risk for having low CVH in mid-life. Further work is needed to validate the SDOH
clusters in cohorts assessing CVH and other health outcomes. An understanding of
which social determinants cluster together may help in making inferences about SDOH
exposures observed among new study cohorts and their relationship with other social
exposures. The clusters may also be used in the prediction of other health outcomes,

helping to target those at risk of disease and to minimize health disparities.
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CHAPTER THREE: NOVEL TIME-DEPENDENT CLUSTERS OF SOCIAL
DETERMINANTS THROUGH YOUNG ADULTHOOD AND ASSOCIATIONS WITH

MID-LIFE CARDIOVASCULAR HEALTH: THE CARDIA STUDY

3.1 Abstract

Importance: Social determinants of health (SDOH) may be important contributors to

substantial disparities in mid-life cardiovascular health (CVH).

Objective: To identify frequent, time-dependent individual- and neighborhood-level
SDOH exposure patterns among young adults up to age 45, and to examine

associations of SDOH exposure clusters with mid-life CVH.

Design: Prospective cohort study.

Setting: The CARDIA study recruited young adult participants from Birmingham,

Alabama; Chicago, lllinois; Minneapolis, Minnesota; and Oakland, California in 1985-86.

Participants: 3,522 Black and white men and women ages 18-30 at enroliment who

had CVH measured at age 45 or older.

Exposures: Individual- and neighborhood-level SDOH exposure clusters through young
adulthood, generated via sequential pattern mining and non-negative matrix

factorization.
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Main Outcomes and Measures: The primary outcome was poor (vs. moderate/high)
CVH, a composite metric made up of seven health factors and behaviors, at age 45 or
older. Logistic regression analysis was used to adjust for baseline age, CVH score,

race, sex, and study site.

Results: Among 1,632 Black and 1,890 white participants, mean age at baseline was
25.3 years and 55.8% were female. From 48 SDOH variables measured repeatedly
over time, we observed 502 frequently occurring, time-dependent SDOH patterns.
Using machine learning methods, five data-driven clusters of those patterns were
identified and characterized. In the multivariable model, Cluster 1 (economically
stable/less psychologically demanding job/mid-range social support/no health care
access barriers/no change in residence), Cluster 2 (economically stable/mid-range
social support/no health care access barriers), and Cluster 5 (economically wealthy with
high status job/higher social support/change in residence during late 20s and early 30s)
were each associated with lower odds of poor mid-life CVH: Cluster 1 (adjusted odds
ratio 0.76, 95% confidence interval 0.67 — 0.87), Cluster 2 (0.78, 0.64 — 0.94), Cluster 5

(0.74, 0.65 — 0.84).

Conclusions and Relevance: We identified five clusters of time-dependent SDOH
patterns, defining novel patterns of social determinants that co-vary through young
adulthood and are associated with mid-life CVH. Patterns related to food security,

health care access, and ability to pay for medical care were common across the five
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clusters, indicating these SDOH may be especially important for targeted intervention to

preserve CVH.
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3.2 Introduction

In 2010, the American Heart Association defined a novel construct of
“cardiovascular health” (CVH),° which is a composite measure determined by seven
health factors and behaviors—smoking, body mass index, physical activity, diet, total
cholesterol, blood pressure, and fasting plasma glucose—that can be measured for
individuals and populations. CVH generally declines throughout the life course®’2¢, but
maintaining high CVH into mid-life has been associated with numerous highly favorable
health outcomes.10:12-14.16-18.20 [egpite the recent focus on improving CVH in all
Americans, major racial disparities remain and are not well understood.?28” For
example, non-Hispanic Black adults have the lowest prevalence (12%) of meeting >5 of
7 criteria for ideal CVH, compared with 26% of Asian adults, 20% of Non-Hispanic white
adults, and 13% of Hispanic adults.%’

Social determinants of health (SDOH) likely contribute to persistent CVH
disparities across self-reported race groups. SDOH are defined as the “structural
determinants and conditions in which people are born, grow, live, work, and age” that
affect health, functioning, and quality of life.? SDOH have commonly been stratified into
five key domains: economic stability, neighborhood and built environment, education,
social and community context, and health and health care.?* Recent National Heart,
Lung, and Blood Institute and American Heart Association statements highlight the
importance of understanding and addressing SDOH to improve CVH.2?846 There are
known cross-sectional associations between individual economic stability or education

variables and individual CVH health factors.293246 There is also some evidence that
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racial differences in modifiable CVH behaviors may be primarily mediated by
socioeconomic factors.® There may also be a link between neighborhood environment
and overall CVH.3%34 However, it is unclear how the complex interplay of individual- and
neighborhood-level SDOH exposures across all five domains changes across early life
and how these patterns of exposure may influence mid-life CVH. Furthermore, the types
of SDOH that impact CVH may vary by race and ethnicity, and more work is needed to

understand how SDOH vary by race and are associated with CVH.8

3.3 Objectives

In the longitudinal, biracial Coronary Artery Risk Development in Young Adults
(CARDIA) Study,*8 we elucidated and characterized time-dependent clusters of SDOH
exposure using novel, unsupervised machine learning methods to address the complex
covariate structure among SDOH factors over time. We further assessed associations
of SDOH clusters through young adulthood with mid-life CVH overall and by self-

identified race groups.
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3.4 Methods

3.4.1 Study Design and Population

CARDIAS®8 recruited 5,115 Black and white men and women aged 18 to 30 years
at baseline from four metropolitan areas: Birmingham, Alabama; Chicago, lllinois;
Minneapolis, Minnesota; and Oakland, California. Participants were enrolled in 1985-
1986, with a balance of participants across education, age, and self-identified race and
sex groups at each center. The study collected detailed information on health behaviors
and cardiovascular risk factors, in addition to SDOH, at nine exams over thirty years
(baselinelyear 0 (Y0), Y2, Y5, Y7, Y10, Y15, Y20, Y25, and Y30) with high levels of
retention at each in-person exam (e.g., >71% participation among surviving participants
at Y30). Contact is maintained with participants via telephone, mail, or email every 6
months, with annual interim medical history ascertainment. Since 2016, >90% of
surviving cohort members have been directly contacted, and follow up for vital status is
virtually complete. Each participant provided written informed consent at each study

visit, and the institutional review boards at each site approved the study annually.

3.4.2 Primary Exposures

SDOH Variables. The primary exposures included 48 individual- and neighborhood-
level SDOH variables from all five domains and psychosocial factors (Table 1) collected
throughout CARDIA’s nine in-person exam cycles (eTables 1 and 2). In order to reflect
exposures in the context of age, we used the rich repeated measures of SDOH and

CVH across time to assign values based on age at measurement; this provides a more
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appropriate means for representing exposures and outcomes that are related to age or
have critical periods of exposure.51-62 Four age intervals were used from young
adulthood to middle age: 18-24, 25-34, 35-44, and up to the determination of the CVH
outcome of interest (age 45 years or older). SDOH variable values were categorized as
listed in Table 1. Categorical variables were coded at each age interval based on
clinical thresholds or consensus among the authors for improved interpretability.
Continuous variables were split into tertiles representing lower, mid-range, and higher
exposure levels. Exposures were examined as time-dependent patterns (across the age
intervals) and grouped into exposure clusters, as described below.

Generation of SDOH Clusters. We used a novel method of machine learning, subgraph-
augmented nonnegative matrix factorization*® (SANMF) (Figure 7), to generate data-
driven clusters of SDOH from young adulthood to middle age. The SANMF process
occurred in two parts: first, sequential pattern mining was used to identify frequently
occurring (>5% of the cohort exposed) time-dependent SDOH patterns. Next, non-
negative matrix factorization (NMF) was used to group SDOH exposure patterns into
clusters, as has been done previously.*%:6469.70 We chose the number of clusters by
comparing area-under-the-curve values for models including two through ten clusters,
baseline CVH, and a set of covariates (described in detail below). As described in
Figure 7, the resulting NMF output was two matrices. W, the features matrix, contained
the likelihood values for each participant of being in each cluster. Participants were not
forced into one cluster and could have likelihood values for multiple clusters. We

standardized cluster likelihood values using z-scores and these values were used to
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represent a participant’s likelihood of being exposed to the SDOH patterns in each
cluster. Thus, the focus of analysis was SDOH cluster exposures, not individual
participant assignment to a given cluster. This allowed us to control for a participant’s
exposure to multiple clusters in regression modeling. H, the coefficient matrix, contained
the membership coefficients for each SDOH pattern in each cluster. Characterization of

the SDOH clusters is described in greater detail in the Supplement.

3.4.3 Primary Outcome

The primary outcome of interest was CVH status, as defined by the American
Heart Association,® at age 45 years or older. CVH is defined by seven component
metrics including current smoking, body mass index, physical activity, diet, total
cholesterol, blood pressure, and fasting plasma glucose. We assigned each metric 0, 1,
or 2 points for poor, intermediate, and ideal levels of each metric (eTable 3), as in prior
studies.>*%0 We then summed these points to create the overall CVH score (range, 0-14
points), and defined levels of poor (0-7 points), moderate (8-11 points), and high (12-14
points) CVH. For this analysis, the primary outcome was defined as poor CVH (vs.
moderate/high CVH). If there were multiple CVH measurements after age 45, we used
the first assessment because CVH status at age 45 is an important surrogate marker for
future health and longevity, regardless of later changes.® Because full dietary history
data needed to characterize CVH were only available at YO, Y7, and Y20, we restricted
our sample to those with mid-life CVH measured at Y20 or later. If the participant

reached age 45 or beyond at Y25 or Y30, the diet data were carried forward from Y20 to
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the later exams. Additionally, for those without a diet assessment at Y20, we carried
forward diet from Y7 because diet score is known to track over time.®

3.4.4 Statistical Analysis

All analysis was conducted using R version 3.6.1.72 To standardize the
participants’ likelihood values of being in each cluster, we created z-scores. We
performed bivariate logistic regression analysis to examine the unadjusted association
of the clusters with the dichotomous CVH outcome measured at age 45 years or after.
We performed multivariable logistic regression adjusting for covariates with a two-tailed
P value of <0.05 to determine statistical significance.

We evaluated the association of SDOH clusters with CVH in mid-life. Each
cluster was incorporated as a continuous variable represented as a z-score likelihood
value for each participant being exposed to the SDOH patterns in each cluster. We
assessed models with different sets of predictor variables: 1) unadjusted models with
each cluster evaluated separately; 2) Base models: each cluster separately, plus
maximum education level, baseline (Y0) age, sex, CARDIA center, and race; 3) Base +
CVH models: base models, in addition to baseline (Y0) CVH score, as a secondary
analysis to assess whether baseline CVH attenuated the individual associations of the
SDOH clusters with mid-life CVH; 4) Full models: all clusters, maximum education level,
baseline CVH score, baseline age, sex, CARDIA center, and race, to determine how the
individual cluster associations were attenuated after adjustment for the other four
clusters; and 5) Full models (removing race as a covariate) stratified by race to assess

the association between the clusters, created among all participants, and CVH within
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race groups. We also examined the coefficient matrix to better understand the likelihood
of exposure to the patterns in each cluster in race and sex groups, defined by having a
standardized likelihood value greater than one standard deviation (SD) above the mean.

In sensitivity analyses, we included average Center for Epidemiological Studies-
Depression (CES-D) values across all age intervals as a covariate because
psychosocial variables such as depression score did not achieve inclusion in any of the
clusters. We also examined the Pearson correlation coefficients among each of the
standardized likelihood values for each cluster. Finally, we included cluster pairs,
triplets, and quadruplets in the Base + CVH model to better understand how correlation

between the clusters may have affected our outcomes.
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3.5 Results

3.5.1 Study Sample

There were 3,522 participants in the study sample (eFigure 1), including 1,632
(46.3%) Black and 1,890 (53.7%) white participants. There were modest differences
between the participants excluded and the final cohort included for analysis (eTable 4).
Excluded participants were more likely to be Black, have lower baseline CVH, and less
favorable SDOH. Participant demographic information, education, and CVH measures
are presented in Table 5 and eFigure 2 for all participants and stratified by self-reported
race groups. Among all participants, the mean age at baseline was 25.3 years and
55.8% were female. For the entire cohort, there were 30.4% participants in the high
CVH category at baseline, falling to 13.7% at age 45 and beyond. There were fewer
Black than white participants in the high CVH category at baseline (18.1% vs. 40.9%),
and this disparity persisted at mid-life (4.4% vs. 21.7%). As demonstrated in eFigure 3,
there were also differences in the CVH component metrics by race at baseline and
outcome assessment. There were also differences in time-dependent SDOH variables
between the Black and white participants (eTables 5 through 8), further underscoring

the need for stratified analyses.

3.5.2 Characterization of Clusters

For each of the five SDOH clusters identified in the total cohort, the general
description and the top 10 time-dependent SDOH patterns within each cluster are

depicted in Figure 8. Psychosocial measures did not load highly into any cluster
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because there were only two variables in the psychosocial domain and they were not
prevalent among the full cohort. There were three SDOH patterns that appeared in
multiple clusters: high food security (Clusters 1, 2, and 5), zero health care access
barriers (Clusters 1, 2, 4, and 5), and no difficulties paying for medical care (Clusters 1,

2, and 5) from age 35 years until CVH assessment.

3.5.3 Associations of SDOH Clusters with Mid-Life CVH

When examining each cluster separately in unadjusted and adjusted models
(eFigure 4), Cluster 1 and Cluster 5 were significantly associated with lower odds of
poor CVH in mid-life in the Base + CVH models (adjusted Odds Ratio [aOR], 95%
confidence interval [Cl]): Cluster 1 (0.83, 0.75 — 0.92) and Cluster 5 (0.76, 0.68 — 0.85)).
Cluster 3 was significantly associated with higher odds of poor CVH in mid-life (1.37,
1.26 — 1.49). The aOR represent the odds of poor CVH in mid-life per one standard
deviation (SD) difference in the likelihood of being exposed to that cluster. In other
words, there were 17% and 24% lower odds of having poor CVH in mid-life associated
with a one-SD higher likelihood of being exposed to Cluster 1 and 5 SDOH patterns,
respectively. Conversely, the odds of having poor CVH in mid-life were 1.37 times
higher for a one-SD higher likelihood of being exposed to Cluster 3 SDOH patterns.

When examining the aOR from the full model with all five clusters, the
association between Cluster 3 and mid-life CVH was attenuated after adjustment for the
other clusters, and Cluster 2 became significantly associated with lower odds of poor

mid-life CVH in the full model (Table 6).
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We also evaluated the five SDOH clusters created among all participants in
models that included only white or Black participants (Table 7). Among the Black
participants, Clusters 1, 2, 4, and 5 were significantly associated with lower odds of poor
mid-life CVH. Among the white participants, Clusters 1 and 5 were significantly
associated with lower odds of poor mid-life CVH. The prevalence of exposure to the
patterns in each cluster were different by race and sex groups (eTable 9). For example,
Black participants were somewhat more likely to be exposed to Cluster 3 patterns than
white participants, and white participants were more likely to be exposed to Cluster 1
and 5 patterns.

In our sensitivity analyses, results remained consistent. Adjustment for CES-D
score did not change overall associations substantially in overall or race-specific
analyses. Correlation coefficients between the clusters were generally modest, with
most <0.31, and two somewhat higher (Clusters 1 & 2: -0.52, Clusters 3 & 5: -0.38). We
also did not see qualitative evidence of first-order or higher-order interactions between
the clusters (eFigures 5, 6, and 7) when analyzing cluster pairs, triplets, and

guadruplets in the full model.
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3.6 Discussion

Using novel methods to account for complex SDOH exposure patterns, we
observed five unique time-dependent clusters through young adulthood among CARDIA
participants. The clusters encompassed variables from different SDOH domains across
the life course. There were significant associations between several clusters and mid-
life CVH. The strength of the associations varied modestly when evaluated in race-
specific models, and we may be underpowered to assess significant differences in the
effect of SDOH on CVH across race groups.

The observed clusters represent SDOH patterns that were frequent (>5% of
participants) and tended to occur together. We observed that economic stability, higher
social support, and increased health care access often occur in tandem, in addition to
the converse—lower economic stability with lower social support and decreased health
care access. There were SDOH patterns that consistently appeared in the five clusters
because of their high prevalence (patterns occurred in 60-64% of participants), including
high food security, zero health care access barriers, and no difficulties paying for
medical care from age 35 years to the participant's CVH outcome. We also observed a
cluster (Cluster 4) primarily comprised of variables indicating a vulnerable neighborhood
environment. This finding highlights how vulnerable neighborhood environments may
need additional resources across a variety of SDOH domains including education,
income, employment, and overall investment to increase housing unit values. It also

draws attention to a potential lack of social mobility among some participants; there
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were participants who lived in consistently vulnerable neighborhoods throughout young
adulthood.

All of the clusters were significantly associated with mid-life CVH—except for
Cluster 4 (the neighborhood-focused cluster)—in either unadjusted or full models.
Clusters 1, 2, and 5 are made up of SDOH patterns that confer benefit to the
participants (higher economic stability, mid-range to high social support, and no health
care access barriers). These clusters were associated with lower odds of poor mid-life
CVH. Cluster 3, consisting of SDOH patterns that may cause vulnerability for
participants (lower occupation status, some economic difficulties, lower social support,
and health care access barriers), was associated with higher odds of poor mid-life CVH.
The directionality of the cluster associations with CVH is consistent with previous
research linking lower socioeconomic status, lower social support, and health care
access barriers with higher CVD risk factors and disease.*6:90-92

Our results suggest that clusters of SDOH may act differently within race groups,
but this finding needs to be explored further. The neighborhood cluster (Cluster 4),
when evaluated in race-specific models, was significantly associated with poor mid-life
CVH among Black but not white participants, suggesting that neighborhood-level factors
may be more of a contributor to poor CVH among Black than white participants. There
were also differences in strengths of association with mid-life CVH by race. Cluster 1
was associated with lower odds of poor mid-life CVH among both race groups, but the
beneficial association was stronger among Black participants. Effect estimates do

overlap among Black and white participants, indicating the clusters created among all
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participants are appropriate for characterizing SDOH exposures among both Black and
white populations.

Our study is novel and has numerous strengths because of the distinct nature of
the CARDIA dataset and our methodological approach. CARDIA contains longitudinal
SDOH data across all five SDOH domains encompassing a critical period for loss of
CVH. SDOH are also assessed both on an individual and neighborhood level for the
same set of participants. Additionally, the longitudinal nature of the study and biracial
study cohort allow for the examination of the effects of SDOH over time and within Black
and white participants. Our methodological approach allowed us to leverage the
complexity of CARDIA’s data structure to identify frequent, time-dependent SDOH
exposures, with 48 variables across all five SDOH domains, and cluster them among
the full cohort to examine their associations with CVH overall and by race. Existing
methods that examine many SDOH variables together often do so by creating
composite scores, which are limited in their ability to examine the association of distinct
SDOH variables and their longitudinal patterns with the outcome of interest.2’=3° We did
not restrict each participant to one cluster, emphasizing the fact that different individuals
can be exposed to multiple types of SDOH clusters. In our analysis, the clusters
contained variables that were most frequent and occurred concurrently, which is
beneficial for identifying SDOH factors that may be targeted for improvement.
Additionally, by first generating the clusters and later assessing their association with

CVH, the SDOH clusters can be used to assess a variety of health outcomes.
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Our study does have limitations. The data from CARDIA are limited to two race
groups—Black and white participants—from four geographic centers, which may limit
the generalizability of our findings. Although CVH at age 45-50 years is an important
surrogate marker for longevity and healthy longevity during the remainder of the life
course,® we used only the first available measure of CVH at age 45 and beyond, which
may limit our findings. Excluded participants had greater prevalence of adverse SDOH,
which may indicate we are underestimating true associations with our findings. We were
also limited to the SDOH that were collected in CARDIA. Half of the participants did not
have SDOH information in the 18-24 years age window because they were recruited at
baseline between the ages of 25 and 30. Our approach, and algorithm applied, focused
on examining longitudinal patterns of each SDOH variable. We did not look at the
interplay between the SDOH variable patterns and how these changed over time, which

should be considered in future work.

3.7 Conclusions

In this study, we used novel methods to elucidate, characterize, and evaluate five
novel SDOH clusters not previously described, made up of distinct, data-driven time-
dependent SDOH patterns. These clusters, representing changes in SDOH exposure
from young adulthood to middle age, were associated significantly with mid-life CVH,
which is itself an important indicator of remaining longevity and health. Our approach is
novel in its ability to identify longitudinal SDOH patterns across all five domains and

define exposure clusters that have an association with CVH. Further work is needed to
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validate these clusters in other settings and explore potential causal pathways linking
SDOH and CVH, especially within racial groups.

Ultimately, these data may inform efforts to target improvements in SDOH at
critical periods in order to increase CVH across the life course and reduce the burden of
disparities in major health outcomes. We observed frequent patterns related to food
security, health care access, and ability to pay for medical care in our clusters. These
findings would support natural experiments and policy interventions examining effects of
social policies related to these patterns like increasing minimum wage, expanding
eligibility criteria for the Supplemental Nutrition Assistant Program, and working towards

universal healthcare coverage and greater access to quality longitudinal health care.
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3.8 Supplement

Methods Appendix

Characterization of SDOH Clusters. In order to characterize the clusters, we examined
the top ten time-dependent SDOH patterns with the highest membership coefficients
within each cluster. In the NMF results, SDOH patterns were not restricted to
membership in only one cluster, and patterns may span only one or up to four of the
age intervals across young adulthood.

After performing frequent subgraph mining on the 48 SDOH variables and
excluding the rare and redundant patterns, we observed 502 time-dependent SDOH
patterns occurring in 25% of participants. There were 109 variables representing
exposures from one age interval, 237 from two age intervals, 134 from three age
intervals, and 22 from all four age intervals. We performed sparse NMF on the total
cohort using the counts of the 502 time-dependent SDOH variables as the input, which

resulted in the five main exposure clusters, using methods as described previously. 13



eTable 1: Timing of assessment of individual-Level SDOH variables from

CARDIA, by domain and exam
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SDOH Domains and Issues

| yo|vy2][Yys]|Yy7]Y10]Y15]Y20] Y25 ] Y30

Education

Education

[ X [xIx[x][ x [ x [ x[x][Xx

Economic Stability

Income

X

X

X

Home Ownership

X

X

X

X
X

X
X

X
X

X
X

Hard to Meet Demands

Hard to Pay For Basics

X

X

X

X

X

X

Trouble Making Ends Meet

XXX

XXX

Hard to Pay For Medical Care

Assets

Debt

Food Security

Employment Status

XXX | XX

XXX | XX

Occupation Status- TSEI

XX

XXX |[X| XX

XXX [X| XX

Karasek Job Strain Questionnaire

XXX

XXX

Social And Community Context

Household Size

Children

Marital Status

XXX

XXX

XXX

XXX

XXX

XXX

XXX

Social Support Questionnaire

XXX | X

XXX | X

Discrimination

Social Network

Subjective Social Standing

Social Support and Conflict Questionnaire

XXX |[X

XXX

Neighborhood and Built Environment (Self-Reported by

Part

icipant)

Change in Residence

X

X

X

Neighborhood Cohesion

X

Neighborhood Environment

Health and Health Care

Health Care Barriers

Health Insurance Coverage

Psychosocial

Material and Psychological Wellbeing
(CES-D)

X

X

X

X

X

Chronic Burden

X

X

X

Abbreviations: CES-D = Center for Epidemiologic Studies Depression Scale; SDOH = Social
Determinants of Health; TSEI = Total-based Socioeconomic Index;



eTable 2. Neighborhood-level SDOH variables assessed in CARDIA?

Percent Population White Race

Percent Population Education < High School

Percent Population <150% Federal Poverty Level

Median Income

Percent Population Professional/Management Occupation

Percent Population Unemployed

Median Rent

Percent Owner-Occupied Housing Units

Percent Vacant Housing Units

Aggregate Value Housing Units

Racial Segregation (Gi* statistic)

SES Deprivation Score

Fast Food and Convenience Stores

Supermarkets

Physical Activity Facilities

aAll Neighborhood-Level information was available during exams YO, Y7, Y10,
Y15, and Y20
Abbreviations: SDOH = Social Determinants of Health;
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eTable 3: Definitions of poor, intermediate, and ideal for cardiovascular
health seven component metrics

Poor Intermediate Ideal
(0 points) (1 point) (2 points)
Current smoking Yes Former 212 Never or quit >12
months months
Body mass index 230 kg/m? 25-29.9 kg/m? <25 kg/m?
1-149 min/wk .
moderate or 1-74 m(?c]eSr?atrg '2?’2;5
minfwk vigorous | i ik vigorous
Physical activity None or 5150 9 Wk
1-149 minjwk | O = 9% Minw
moderate + 2x moderate + 2x
vigorous vigorous
Healthy diet pattern,
No. of components <2 2-3 4-5
(AHA diet score)?
Total cholesterol, 5240 200-239 or <200

mg/dL

treated to goal

Blood pressure

SBP 2140 mm Hg
or DBP 290 mm

SBP 120-139 mm
Hg or DBP 80-89

<120 mm Hg/<80

H mm Hg or treated mm Hg
9 to goal
Fasting plasma >126 100-125 or <100

glucose, mg/dL

treated to goal

Abbreviations: AHA = American Heart Association; DBP = Diastolic Blood

Pressure; SBP = Systolic Blood Pressure;
aDiet based on 5 components: consume 24.5 cups/day of fruits and vegetables, =2

servings/week of fish, and =3 servings/day of whole grains and no more than 36
ounces/week of sugar-sweetened beverages and 1500 mg/day of sodium
Adapted from Lloyd-Jones et al.!
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5,115 Participants
Originally Enrolled in
CARDIA

Excluded 3 Participants
- 2 transgender
- 1 withdrawal

v

5,112 Participants

I!:ﬁlllsd;g slgt E)_ccluded 1224 Participants
without Age 2 45 at

Exam Y20 or Later

- 297 passed away

»|- 11 Age 45 at Exam Y15

then not examined in-

A 4 person at later exams

- 916 not examined in-

3,888 Participants person at = 45 years
Age 2 45 at

Exam Y20 or Later

Excluded 366 Participants
without CVH Outcome

- Missing at least one CVH
Y component metric

3,522 Participants
with CVH Outcome
from Age 2 45 at
Exam Y20 or Later

A 4

eFigure 1: STROBE Diagram outlining cohort for inclusion. Abbreviations: CVH =
Cardiovascular Health;
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eTable 4: Characteristics of included and excluded participants:
demographics, cardiovascular health measures, and select SDOH variables

overall and by cohort

Excluded - Excluded -
Included - - .
Participants Part_|C|pants Pgrtlmpants
with CVH without without Age
Outcome CVH 245 at Exam
(CVH) Outcome Y20 or Later
(NoCVH) (No45)
N=3,522 N=366 N=1,224
Race
Black 46.3% 65.0% 62.7%
Sex
Female 55.8% 61.5% 48.4%
Mean Age at Baseline 25.3,3.5 24.7,3.7 23.7,3.7
(years, SD)
Mean Age at Outcome 48.1, 2.3 49.9. 3.5 .

Measurement (years, SD)
Cardiovascular Health at Baseline, Ages 18-302

Score- mean, SD, 10.4, 1.8 9.9,1.9 9.8,1.9
out of 14 points
Low (0-7 points) 6.8% 10.5% 10.2%
Moderate (8-11 points) 62.9% 65.2% 70.5%
High (12-14 points) 30.4% 24.2% 19.4%
Cardiovascular Health Components at Baseline, Ages 18-30°
Poor Physical Activity 19.2% 22.1% 21.6%
Poor Body Mass Index 11.1% 14.6% 12.6%
Poor Smoking 26.5% 36.9% 39.9%
Poor Diet 30.0% 35.0% 40.4%
Poor Blood Pressure 1.9% 2.2% 3.4%
Poor Total Cholesterol 4.1% 5.5% 4.5%
Poor Fasting Plasma 0.5% 0.0% 1.9%
Glucose
Cardiovascular Health at Outcome Measurement, Ages 245
Score- mean, SD,
out of 14 points 89,23 N N
Low (0-7 points) 28.8% - -
Moderate (8-11 points) 57.5% - -
High (12-14 points) 13.7% - -
Cardiovascular Health Components at Outcome Measurement, Ages 245
Poor Physical Activity 20.4% 23.6% --

Poor Body Mass Index 40.9% 48.1% -



Poor Smoking 18.1% 27.4% -

Poor Diet 22.3% 30.7% --
Poor Blood Pressure 11.6% 16.0% --
Poor Total Cholesterol 7.7% 12.2% --

Poor Fasting Plasma

5.8% 10.2% -
Glucose
Highest Degree Earned
Elementary/Jr. High/
Soms Higﬁ]’ Schoc?l 2.0% 4.4% 7.4%
High School Graduate 11.8% 23.2% 28.8%
Some College 29.7% 34.4% 38.2%
College Graduate (4-Year) 23.0% 17.5% 13.8%
Graduate School 33.5% 20.5% 11.9%
Economic Stability- Income¢
<5k to $15,999 18.8% 27.7% 29.8%
$16k to $34,999 36.1% 34.9% 37.5%
$35k to $49,999 19.4% 17.2% 15.4%
$50k to $74,999 15.3% 13.4% 11.3%
2§75k 10.4% 6.7% 6.0%
Social and Community
Context- Mean Household 3.0,1.7 3.3,1.7 3.2,1.8
Size (people, SD)®
Neighborhood and Built
Environment- Mean Percent 0.3,0.2 0.3, 0.2 0.3,0.2

<150% Federal Poverty
Level (percent, SD)f
Health and Health Care-
Health Care Barriers?

0 Barriers 70.1% 74.4% 65.1%
Psychosocial- CES-D
Questionnaire"

Yes- Depressed

0 0 0
(CES-D 216) 22.1% 31.4% 29.0%

Data are % unless otherwise

noted.

Abbreviations: CES-D = Center for Epidemiologic Studies Depression Scale; CVH
= Cardiovascular Health; SD = Standard Deviation;

aParticipants missing CVH at Baseline: All- 101, NoCVH- 15, No45- 46;
bParticipants missing CVH Component Values at Baseline: Physical Activity: All-
1, NoCVH- 0, No45- 1; Body Mass Index: All- 14, NoCVH- 2, No45- 8; Smoking:
All- 22, NoCVH- 3, No45- 11; Diet: All- 4, NoCVH- 0, No45- 0; Blood Pressure:
All- 0, NoCVH- 0, No45- 1; Total Cholesterol: All- 28, NOCVH- 2, No45- 19;
Fasting Plasma Glucose: All- 51, NoCVH- 8, No45- 22;
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¢Participants missing CVH Component Values at Outcome: Physical Activity:
NoCVH- 57; Body Mass Index: NOCVH- 17; Smoking: NoCVH- 52; Diet: NoCVH-
226; Blood Pressure: NOoCVH- 9; Total Cholesterol: NoCVH- 38; Fasting Plasma
Glucose: NOoCVH- 44;

dParticipants missing income at Y5: CVH- 252, NoCVH- 128, No45- 463;
€Participants missing household size at YO: CVH-1, NoCVH- 1, No45- 2;
Participants missing percent population in census tract at <150% of federal
poverty level at YO: CVH-25, NoCVH- 3, No45-6;

9Participants missing health care barriers at Y7: CVH- 271, NoCVH- 206, No45-
587;

hParticipants missing CES-D questionnaire at Y5: CVH- 239, NoCVH- 121, No45-
463;
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100%

90% 18.1
30.4
80% 40.9

70%

60%
0

S0% High

40% ® Moderate

B Poor
30%
20%

10%

4.1
All Black  White All Black  White

CVH at Baseline CVH at Outcome Measurement
Ages 18-30 Ages 245

0%

eFigure 2: Prevalence of poor, moderate, and high cardiovascular health (CVH) by
race at baseline and outcome measurement.
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eFigure 3: Prevalence of poor status for the cardiovascular health (CVH) component metrics by race at baseline
and the outcome measurement. Abbreviations: BMI = Body Mass Index; BP = Blood Pressure; FPG = Fasting Plasma
Glucose; PA = Physical Activity; SMK = Smoking; TC = Total Cholesterol;
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eTable 5: Economic Stability SDOH variables at baseline, overall and by race?

All Black White
Participants Participants
N=1,632 N=1,890
N=3,522 (46.3%) (53.7%)
Income (Y5)
<5k to $15,999 18.8% 27.6% 11.8%
$16k to $34,999 36.1% 40.0% 33.0%
$35k to $49,999 19.4% 16.6% 21.6%
$50k to $74,999 15.3% 12.0% 17.9%
>$75k 10.4% 3.8% 15.8%
Home Ownership (Y5)
Owned or Being Bought 47.5% 38.5% 54.8%
Renter for Money 48.1% 56.0% 41.7%
Occupied without Payment 4.0% 5.1% 3.1%
Other 0.3% 0.3% 0.3%
Hard to Meet Demands (YO0)
Very Hard 2.7% 2.8% 2.7%
Hard 10.3% 7.7% 12.5%
Somewhat Hard 35.3% 31.1% 38.8%
Not Very Hard 51.7% 58.4% 45.9%
Hard to Pay for Basics (YO0)
Very Hard 3.7% 5.2% 2.4%
Hard 6.6% 6.9% 6.4%
Somewhat Hard 22.8% 26.3% 19.8%
Not Very Hard 66.9% 61.6% 71.5%
Trouble Making Ends Meet (YO0)
Frequent Trouble 7.4% 8.3% 6.6%
Occasional Trouble 41.4% 47.1% 36.5%
Hardly Ever Trouble 29.5% 28.2% 30.5%
Never Trouble 21.7% 16.4% 26.4%
Hard to Pay for Medical Care (Y10)
Very Hard 6.4% 8.7% 4.5%
Hard 4.5% 5.9% 3.4%
Somewhat Hard 11.9% 12.0% 11.8%
Not Very Hard 77.2% 73.5% 80.3%
Assets (Y15)
<$500-$4,999 14.8% 24.8% 7.0%
$5k - $19,999 10.8% 14.5% 7.9%
$20k - $49,999 9.3% 10.4% 8.4%

$50k - $99,999 14.0% 16.4% 12.1%



$100k - $199,999

$200k - $499,999

>$500k
Debt (Y15)

<$500

$500 - $4,999

$5k - $9,999

$10k - $19,999

$20Kk - $49,999

>$50k
Food Security (Y15)

Enough Food and Kinds

Not Always Enough or Kinds
Employment Status (YO0)

Employed

Unemployed
Mean Occupation Status (YO0),
(TSEI, SD)
Mean Job Decision Latitude
(Y2), (mean score, SD)
Mean Psychological Job
Demands (Y2),
(mean score, SD)

15.3%
21.2%
14.6%

25.2%
29.0%
16.4%
14.3%
10.4%
4.7%

86.5%
13.5%

73.4%
26.6%

37.2,185

35.6, 6.5

32.0,6.3

15.4%
13.9%
4.5%

15.7%
33.3%
19.3%
17.0%
11.1%
4.0%

80.4%
19.6%

62.6%
37.4%

30.8, 14.9

34.2,6.3

31.2,6.3

15.2%
27.0%
22.4%

32.7%
25.8%
14.1%
12.2%
9.9%
5.3%

91.4%
8.6%

82.7%
17.3%

42.5,19.4

36.7,6.5

32.5,6.2

e

aWe selected exams as close to YO as possible for the baseline measure.

Data are % unless otherwise noted.

Abbreviations: SD = Standard Deviation; SDOH = Social Determinants of Health;
TSEI = Total-based Socioeconomic Index;



eTable 6: Social and community context SDOH variables at baseline, overall
and by race?

Al Black White
Participants Participants
N=1,632 N=1,890
N=3,522 (46.3%) (53.7%)
Mean Household Size (Y0),
(people, SD) 3.0,1.7 3.6,1.8 24,14
Children or Step-Children (Y5)
Yes 50.2% 64.4% 38.5%
Children or Step-Children Living
in House (Y5)
Yes 87.9% 84.8% 92.0%
Hard 10.3% 7.7% 12.5%
Hard to Pay for Basics (Y0)
Very Hard 3.7% 5.2% 2.4%
Marital Status (YO)
Marriage-Like Relationship 10.6% 9.3% 11.7%
Married 24.0% 21.3% 26.3%
Never Married 58.4% 60.6% 56.5%
Separated or Divorced 6.7% 8.4% 5.4%
Widowed 0.3% 0.4% 0.2%
Mean Instrumental Support (Y0),
(mean score, SD) 5.8, 2.7 5.7,2.9 5.8,2.6
Mean Emotional Support (YO0),
(mean score, SD) 1.7,1.0 15,1.0 1.8,0.9
Mean Network Adequacy (YO0),
(mean score, SD) quacy (Y0) 105, 2.1 10.6, 2.3 10.5, 2.0
Any Discrimination (Y7)
0 Domains 25.1% 14.8% 33.5%
1-2 Domains 34.8% 29.7% 39.0%
=3 Domains 40.1% 55.5% 27.5%
Racial Discrimination (Y7)
0 Domains 48.8% 21.9% 70.8%
1-2 Domains 28.2% 30.9% 25.9%
=3 Domains 23.1% 47.2% 3.3%
Social Network (Y15)
0-3 Ties 16.0% 19.7% 13.0%
4-7 Ties 22.8% 23.9% 21.9%
8-10 Ties 25.4% 22.5% 27.7%
11-14 Ties 22.7% 22.7% 22.8%

215 Ties 13.1% 11.3% 14.6%



79

Mean Supportive Interactions
(Y15), (mean score, SD) 14.1,2.3 13.8,25 14.3,2.0
Mean Negative Interactions 82,25 8.6,2.7 79,23

(Y15), (mean score, SD)

aWe selected exams as close to YO as possible for the baseline measure.

Data are % unless otherwise noted.
Abbreviations: SD = Standard Deviation; SDOH = Social Determinants of Health;



eTable 7: Neighborhood and built environment SDOH variables at baseline, overall and by race?

Al Black White
Participants Participants
N=3,522 N=1,632 (46.3%) '?';31'7%2()3
Self-Reported by Participant
Mean Change in Residence (Y0), (moves, SD) 1.0,15 0.8,1.3 11,16
Mean Neighborhood Cohesion (Y15), 3607 3.4 0.7 38 0.7
(cohesion score, SD) T T T
Mean Neighborhood Environment Resources (Y20), 53 1.7 55 15 5219

(resources, SD)

Census Tract Level?

Mean Percent Population White Race (percent, SD) 0.6,0.3 0.6,0.3 0.6,0.3
Mean Percent Population Education < High School

0.3,0.2 0.3,0.2 0.3,0.2
(percent, SD)
Mean Percent Population <150% Federal Poverty Level
(percent, SD) 0.3,0.2 0.3,0.2 0.3,0.2
Mean Median Income (dollars, SD) 42,195, 18,292 42,477, 18,594 41,950, 18,028
Mean Percent Population Professional Occupation 0.2,0.1 03,01 0201
(percent, SD)
Mean Percent Population Unemployed (percent, SD) 0.1,0.1 0.1,0.1 0.1,0.1
Mean Median Rent (dollars, SD) 694, 223 694, 229 695, 217
Mean Percent Owner-Occupied Housing Units 0.5, 0.2 0.5, 0.2 0.5, 0.3

(percent, SD)

08



Mean Percent Vacant Housing Units (percent, SD) 0.1,0.0 0.1,0.0 0.1,0.0

Mean Aggregate Value Housing Units 63.7, 74.6 64.2, 75.8 63.4, 73.4
(dollars- millions, SD)

Mean Racial Segregation (Gi* statistic) (z-score, SD) 19,35 4.7, 3.0 -04,1.8

Mean SES Deprivation Score (first factor score, SD) 0.2,1.1 0.2,1.1 0.2,1.1

Mean Percent Fast Food/Convenience Stores w/in 3km 0.0, 0.0 0.0, 0.0 0.0, 0.0

(percent, SD)

Mean Percent Supermarkets with 5km (percent, SD) 0.0,0.0 0.0,0.0 0.0,0.0

Mean Physical Activity Facilities with 3km (count, SD) 47.2,30.9 45.4, 26.8 48.7, 33.9

Abbreviations: SD = Standard Deviation; SDOH = Social Determinants of Health; KM = Kilometers;
aWe selected exams as close to YO as possible for the baseline measure.
bAll census tract level variables were reported at YO.

T8
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eTable 8: Health and health care and psychosocial SDOH variables at baseline,
overall and by race?

All Black White
Participants Participants
N=1,632 N=1,890
N=3,522 (46.3%) (53.7%)
Health and Health Care
Health Care Barriers (Y7)
0 Barriers 70.1% 70.9% 69.4%
1 Barrier 19.7% 18.3% 20.9%
2 Barriers 7.9% 8.5% 7.4%
3 Barriers 2.3% 2.3% 2.4%
Mean Time Without Health
Insurance Coverage (Y7), 15.8, 8.2 17.3,7.7 14.4,85
(months, SD)
Psychosocial
CES-D Questionnaire (Y5)
Yes- Depressed (CES-D 216) 22.7% 29.0% 17.5%
Mean Chronic Burden Scale
(Y15), (num domains stress, 13,13 1.2,1.3 14,13
SD)

aWe selected exams as close to YO as possible for the baseline measure.

Data are % unless otherwise noted.

Abbreviations: CES-D = Center for Epidemiologic Studies Depression Scale; SD =
Standard Deviation; SDOH = Social Determinants of Health;
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Among All Participants: Odds Ratio by Cluster and Model

Cluster 1 Cluster 2 Cluster 3 Cluster 4 Cluster 5
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eFigure 4: Multivariable-adjusted logistic regression analysis of poor
cardiovascular health incorporating each cluster created among all participants
separately in unadjusted (U), Base (B), and Base + Cardiovascular Health
(B+CVH) models.



eTable 9: Prevalence of exposure to the patterns in each cluster by race and sex groups
(standardized likelihood values 2 1SD in the coefficient matrix)

Black Female
N = 965 (27.4%)

Black Male

N = 667 (18.9%)

White Female
N =1,002 (28.4%)

White Male

N = 888 (25.2%)

Cluster 1
Cluster 2
Cluster 3
Cluster 4
Cluster 5

171 (17.7%)
292 (30.3%)
231 (23.9%)
133 (13.8%)
38 (3.9%)

119 (17.8%)
192 (28.8%)
157 (23.5%)
83 (12.4%)
39 (5.8%)

216 (21.6%)
250 (25.0%)
106 (10.6%)
139 (13.9%)
241 (24.1%)

161 (18.1%)
222 (25.0%)
94 (10.6%)
137 (15.4%)
252 (28.4%)

Abbreviations: SD = Standard Deviation;

¥8
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Among All Participants: Pairwise Odds Ratio by Cluster

Cluster 1 Cluster 2 Cluster 3 Cluster 4 Cluster 5
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eFigure 5: Multivariable-adjusted logistic regression analysis of poor
cardiovascular health (adjusting for age, sex, center, education, baseline
cardiovascular health score, and race) incorporating each cluster created among
all participants separately with one other cluster. The odds ratios (OR) shown
represent the changes in the primary cluster OR (represented by the cluster
identified in the top grey bar) when including one other cluster in the model
(identified on the X axis).



Among All Participants: Triplet Odds Ratio by Cluster
Cluster 1 Cluster 2 Cluster 3 Cluster 4 Cluster 5
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eFigure 6: Multivariable-adjusted logistic regression analysis of poor

Model

<+ 12
% 13
4 14

cardiovascular health (adjusting for age, sex, center, education, baseline
cardiovascular health score, and race) incorporating each cluster created among

all participants separately with two other clusters. The odds ratios (OR) shown
represent the changes in the primary cluster OR (represented by the cluster
identified in the top grey bar) when including two other clusters in the model

(identified on the X axis).
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Among All Participants: Quadruplet Odds Ratio by Cluster
Cluster 1 Cluster 2 Cluster 3 Cluster 4 Cluster 5
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eFigure 7: Multivariable-adjusted logistic regression analysis of poor
cardiovascular health (adjusting for age, sex, center, education, baseline
cardiovascular health score, and race) incorporating each cluster created among
all participants separately with three other clusters. The odds ratios (OR) shown
represent the changes in the primary cluster OR (represented by the cluster
identified in the top grey bar) when including three other clusters in the model
(identified on the X axis).
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CHAPTER FOUR: TIME-DEPENDENT CLUSTERS OF SOCIAL DETERMINANTS OF
HEALTH IN YOUNG ADULTHOOD AND MID-LIFE CARDIOVASCULAR DISEASE
EVENTS: THE CORONARY ARTERY RISK DEVELOPMENT IN YOUNG ADULTS

(CARDIA) STUDY

4.1 Abstract

Background: Social determinants of health (SDOH) may be factors contributing to CVD
disparities, and warrant additional attention in research. SDOH are traditionally studied
in isolation, limiting our understanding of the complex associations between SDOH
factors and their associations with disease, and need to be studied using new methods
accounting for the relationships between social exposures.

Methods: Our primary objective was to create time-dependent SDOH clusters using a
novel machine learning method, Subgraph-augmented Non-negative Matrix
Factorization (SANMF), and evaluate whether the clusters were associated with mid-life
CVD events before and after adjustment for mid-life subclinical CVD and cardiovascular
health (CVH). We used data from the bi-racial CARDIA study, a prospective cohort
study with detailed longitudinal information on individual- and neighborhood-level SDOH
and CVD risk factors and disease. We included 4,853 Black men and women in our
cohort with CVD events or follow-up time through age 45 or later. Cox proportional
hazards modeling was used to fit unadjusted models and models adjusted for baseline
age, CVH score, race, sex, and subsequently education, coronary artery calcification

(CAC), left-ventricular mass index (LVMI), and mid-life CVH status.
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Results: In the CVD Events cohort, there were 2,460 Black and 2,393 white
participants with a mean age at baseline of 24.9 years, of whom 55.6% were female.
After sequential pattern mining of 48 SDOH variables with repeated measures over
time, we identified 353 frequently occurring time-dependent SDOH patterns, and
created five unique and data-driven SDOH clusters of the patterns. In the multivariable
model adjusting for baseline CVH score, baseline age, sex, race, and maximum
education, Cluster 3—representing SDOH exposures of lower assets but food secure,
rented home, lower job decision latitude job, mid-range neighborhood cohesion, no
children, higher discrimination, lower social support, and higher chronic burden—was
significantly associated with 13% higher hazards for CVD events (adjusted hazard ratio,
95% confidence interval: 1.13, 1.01 — 1.27). After adjustment for mid-life subclinical
CVD and CVH status in separate models, the clusters were no longer significantly
associated with mid-life CVD events.
Conclusions: We identified five novel SDOH clusters that were associated with mid-life
CVD events that appear to be associated with CVD largely through known intermediary
pathways of risk factors and subclinical disease development. This may lend further
support for a primordial prevention strategy, specifically addressing upstream SDOH to
prevent the development of subclinical and clinical CVD and development of health

disparities.
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4.2 Introduction

Although there was a sharp decline in cardiovascular disease (CVD) mortality
rates since the 1970s, recent mortality rates are stagnant and the overall prevalence of
CVD is rising, with major racial, ethnic, economic, and geographic disparities.>~* Non-
Hispanic Black Americans are especially vulnerable to CVD with higher prevalence and
levels of traditional risk factors and higher mortality rates compared with non-Hispanic
whites.579394 The social determinants of health (SDOH) have received increasing
attention in the past decade as modifiable, non-clinical factors that may confer benefit or
harm among those at risk for CVD. SDOH are commonly defined as the “structural
determinants and conditions in which people are born, grow, live, work, and age” and
are made up of five key domains: economic stability, education, neighborhood and built
environment, social and community context, and health and health care.?®?* Limited
data suggest that SDOH are associated with CVD incidence, treatment, and outcomes
and may help to explain some of the persistent CVD disparities.*®

It is well established that individual SDOH variables from the economic stability
and education domains are associated with CVD risk factors,3°:3! subclinical CvVD,%>-98
and CVD events cross-sectionally and longitudinally.?46.99.100 | ess attention has been
paid to studying SDOH from all five domains, the complex relationships between SDOH,
and their associations with CVD. SDOH are traditionally examined in isolation, which
only provides a narrow picture of an individual’s social experiences and environment,
and may prevent a true understanding of the co-occurrence and interactions between

many SDOH and their associations with health outcomes. Additionally, the
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physiological, behavioral, and biological pathways linking SDOH and CVD are complex
and not fully understood. For example, racial differences in the modifiable and
behavioral CVD risk factors may be primarily explained by differences in socioeconomic
status, but behavioral factors do not fully account for the ultimate disparities in CVD
outcomes.?4¢ It is unclear how multiple SDOH from all five domains are associated with
CVD over time and whether there are unique pathways linking SDOH and CVD outside

of the traditional CVD risk factors and subclinical disease.

4.3 Objectives

Using the longitudinal, biracial Coronary Artery Risk Development in Young
Adults (CARDIA) study cohort, we created clusters of time-dependent SDOH exposures
through young adulthood by applying a novel machine learning method, Subgraph-
Augmented Non-Negative Matrix Factorization (SANMF), and evaluated whether these
clusters were associated with mid-life CVD events. Our secondary objective was to
assess whether associations between young adult SDOH and mid-life CVD events
persisted after adjustment for cardiovascular health (CVH) status or presence of

subclinical CVD in middle age.
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4.4 Methods

4.4.1 Study Design and Population

We used data from CARDIA,® a longitudinal cohort study with detailed
information on cardiovascular risk factors and disease in a sample of 5,115 Black and
white men and women aged 18 to 30 years at baseline from four metropolitan areas:
Birmingham, Alabama; Chicago, lllinois; Minneapolis, Minnesota; and Oakland,
California. Participants were originally enrolled between 1985 and 1986, and balanced
across education, age, and self-identified race and sex groups at each center.
Information on SDOH and CVD risk factors and disease was collected at nine exams
over 30 years (baseline/year 0 (Y0), Y2, Y5, Y7, Y10, Y15, Y20, Y25, and Y30). Over
71% of surviving participants were present at the Y30 exam. Between exams,
participants are contacted by telephone, mail, or e-mail every 6 months and medical
history is ascertained every year. We included all participants with events or follow-up
information at age 45 and later. In secondary analyses, we included participants with
subclinical CVD and CVH measures as close to age 45 as possible and prior to a CVD

event.

4.4.2 Exposures

To generate the time-dependent SDOH clusters, we used a novel machine
learning method, subgraph-augmented non-negative matrix factorization (SANMF),4°
and followed the same process as performed in Chapters 2 and 3 using the full cohort

with CVD events. We included the same 48 individual- and neighborhood-level SDOH
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from all five domains and psychosocial factors, as described in the Table 1. Instead of
four age-intervals, we used three age-intervals: 18-24, 25-34, and 35-44 to ensure all
SDOH were measured prior to all mid-life subclinical CvD, CVH, and CVD event
outcome measures, and consistent with the primary and secondary analyses.

Our ultimate output from SANMF was two matrices: W, the features matrix, and
H, the coefficient matrix. W contained the likelihood of each participant being exposed
to the SDOH patterns from young adulthood through middle age in each cluster. These
values were standardized into z-scores for interpretability during modeling. As in the
previous chapters, our focus was on defining different clusters of SDOH exposure
versus forcing each participant into a certain cluster. H contained the membership
coefficients for each SDOH pattern in each cluster and was used to characterize the
clusters based on the patterns with the top ten highest membership coefficients in each

cluster.

4.4.3 OQutcomes

The primary outcome for this study was CVD events at age 45 or later. CVD
events were defined as the first occurrence of any of: 1) nonfatal myocardial infarction
or stroke, (2) hospitalization for acute coronary syndrome not resulting in infarction,
heart failure, or transient ischemic attack, (3) hospitalization for heart failure, (4)
revascularization for or demonstration of obstruction of carotid arteries or peripheral
arterial disease on angiographic or ultrasonographic findings, or (5) underlying cause of

death of CVD, as defined previously.1%* Study participants were contacted annually
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about hospitalizations or procedures and vital status was assessed every 6-months.0?
For any CVD events, medical records were adjudicated by two physicians and any
conflicts were addressed in a full committee review.°! Over 90% of the surviving
CARDIA participants have been contacted directly in the last 5 years, and vital status
ascertainment is virtually complete through these methods and periodic queries of the
National Death Index.

In order to understand the role of potential intermediary pathways between
SDOH and CVD events, we also adjusted for mid-life CVH and subclinical CVD in
secondary analyses. Subclinical CVD was measured in two ways: 1) presence or
absence of coronary artery calcification (CAC) and 2) continuous left ventricular mass
index (LVMI). CAC, LVMI, and CVH were measured as close to age 45 as possible and
prior to any CVD events. CAC is highly correlated with the degree of coronary
atherosclerosis and strongly associated with CVD risk factors and the rate of future
cardiovascular events.192-104 |n CARDIA, CAC was measured by computed tomography
(CT) of the chest at year 20 and 25.%°1%° Scan data from two sequential
electrocardiogram-gated scans were transmitted to the CARDIA CT Reading Center
and examined by a trained technician using image-processing software. The technician
identified presence of calcified plaque. An expert examined and adjudicated any
discordant scan pairs. LVMI is associated with traditional CV risk factors, and is a
known risk factor for CVD events.106-109 | \/ structure and function was measured with 2-

dimensional echocardiography at years 25 and 30.%%° For our outcome, LVMI was

measured in the units of g/mz'7 to index for height. Mid-life CVH was measured as a
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continuous score, as defined by the American Heart Association.® CVH is made up of
seven clinical and behavioral factors including current smoking, body mass index,
physical activity, diet, total cholesterol, blood pressure, and fasting plasma glucose.
Each factor was assigned 0, 1, or 2 points based on cutpoints for poor, intermediate,
and ideal levels of each factor yielding a composite CVH score (range 0-14 points), as

has been done in other studies.>9:60

4.4 .4 Statistical Analysis

We used R version 3.6.1 for all analyses.”® We performed unadjusted and
adjusted Cox proportional hazards modeling, ensuring the proportional hazards
assumption was met prior to analyses. We censored participants who died from causes
other than a CVD event on their date of death and those who did not have an event
during the follow-up period on their last contact date. In multivariable models, a two-
tailed P value of <0.05 was used to determine statistical significance.

For the primary analyses, we created two sets of models to assess the
associations between the SDOH clusters and CVD events. The SDOH clusters were
modeled as continuous z-scores representing each participant’s standardized likelihood
of exposure to the SDOH patterns in each cluster. In set one, we compared models with
the SDOH clusters 1) unadjusted, 2) adjusted for age at baseline, sex, and self-reported
race, and 3) adjusted for age at baseline, sex, self-reported race, and maximum years
of education achieved. In set two, we built upon the models in set one, but adjusted for

baseline CVH in addition to the other covariates. We also conducted race-stratified
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analyses to understand whether associations identified in the primary analyses were
consistent among Black and white participants.

In secondary analyses, we modeled the association between the SDOH clusters
and CVD events, after adjustment for mid-life subclinical CVD and CVH. In order to
understand whether SDOH clusters retained independent associations with CVD after
adjustment for intermediary markers of disease pathogenesis, we created three models
including the SDOH clusters, maximum years of education achieved, and covariates
(baseline CVH, baseline age, sex, race), with further adjustment for CAC, LVMI, and

CVH in separate models.
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4 .5 Results

4.5.1 Study Sample

There were 4,853 total participants at risk for a CVD event at age 45 and older
and analyzed in the primary analysis (eFigure 1). For the secondary analyses, 3,100
participants were included when adjusting for mid-life CAC, 3,349 participants when
adjusting for mid-life LVMI, and 3,448 participants when adjusting for mid-life CVH.
Table 8 reflects the demographic, CVD risk factor, and SDOH characteristics of each
cohort. A summary of the CVD events, subclinical CVD, and CVH measures by cohort
are presented in Table 9. Those in the primary CVD events sample were similar to all
CARDIA participants across all measures. Participants excluded from the CAC, LVMI,
and CVH cohorts were more likely to be people who were Black, smokers, and had less

favorable SDOH.

4.5.2 Characterization of SDOH Clusters

There were 353 total time-dependent SDOH patterns found after frequent pattern
mining in the CVD events cohort. Among the 353 patterns, 112 spanned one age
interval, 175 spanned two age intervals, and 66 spanned three age intervals. Following
non-negative matrix factorization, the five SDOH clusters identified are represented and
described in Figure 9. All domains other than education, which was included in
modeling as a separate covariate, were represented in at least one cluster. All clusters
except Cluster 5 had SDOH patterns spanning multiple age intervals. Cluster 2 was

characterized by patterns primarily among the 18-24 age interval and the remaining four
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clusters had patterns primarily from the 25-34 and 35-44 age intervals. There were
three patterns from the 35-44 age interval present in multiple clusters: 1) patterns
related to having enough food and kinds of food (Clusters 1, 3, and 4); 2) patterns
related to no difficulties paying for medical care (Clusters 1, 4, and 5); and zero
healthcare access barriers (Clusters 1, 4, and 5).

Different race and sex groups were more likely to be exposed to the SDOH
patterns in certain clusters, as shown in eTable 1. For example, more white males and
females were exposed to Cluster 1, whereas more Black males and females were

exposed to Cluster 3.

4.5.3 Primary Analyses of SDOH-CVD Event Associations

For the CVD Events cohort, there were 252 total events during a median follow-
up time of 33.8 years, for an unadjusted event rate of 1.56 events per 1,000 person-
years. On average, the age at the participants’ first CVD event was 52.4 years in this
young adult cohort at inception. Unadjusted event rates were slightly different across
race and sex subgroups and SDOH clusters, as shown in Figure 10. In the initial
unadjusted analyses presented in Table 10, Clusters 1 and 3 were significantly
associated with incident CVD events (p=0.004 and p=0.006, respectively). Cluster 1
was associated with lower risk, indicating that a one standard deviation higher likelihood
of being exposed to the patterns in Cluster 1 was associated with 19% lower unadjusted
hazards for CVD events. For Cluster 3, a one standard deviation higher likelihood of

being exposed to the patterns in the cluster was associated with 17% higher unadjusted
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hazards for CVD events. After adjusting for age at baseline, sex, and race in Model 2,
the results were consistent. In Model 2, self-reported Black race compared to white race
was significantly associated with 38% higher hazard of CVD events even with the
SDOH clusters in the model (p=0.022). In Model 3, adjustment for education along with
the existing covariates from Model 2, Cluster 3 and race were no longer significantly
associated with CVD events, but one-year greater education attainment was
significantly associated with 10% lower adjusted hazards for CVD events.

In Table 11, we present the results after further adjustment for the baseline CVH
score along with age, sex, and race in Model 4 and also education in Model 5. Across
both models, Cluster 3 was significantly associated with higher hazards for CVD events
(p=0.038 in Model 4 and p=0.039 in Model 5). A one standard deviation greater
likelihood of being exposed to the patterns in Cluster 3 was associated with 13% higher
hazards for CVD events in both models, independent of baseline CVH score and the
additional covariates. In Models 4 and 5, race was no longer significantly associated
with CVD events.

In the race-stratified analyses presented in Table 12, Cluster 3 was significantly
associated with higher hazards for CVD events among Black participants (fully-adjusted
hazard ratio (aHR): 1.17, 95% Confidence Interval (Cl): 1.01 — 1.35). Among white
participants, Cluster 1 was significantly associated with lower hazards for CVD events in
the partially adjusted model (aHR, 95% CI: 0.76, 0.62 — 0.93), but this relationship was

no longer significant after adjustment for baseline CVH score and education.
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4.5.4 Secondary Analyses Adjusting for Mid-life CVH and Subclinical CVD

Table 13 presents the secondary analyses of the SDOH-CVD event associations
after adjustment for mid-life CAC, LVMI, and CVH in separate models. Presence or
absence of CAC at mid-life and a one g/m?7 higher LVMI were both significantly
associated with greater hazards for CVD events (aHR, 95% CI for CAC: 2.28, 1.62 —
3.19; and for LVMI: 1.03, 1.02 — 1.04). Additionally, a one point higher mid-life CVH
score was significantly associated with lower hazards for CVD events (aHR, 95%: 0.82,
0.75, 0.89). There were, however, no significant associations between the SDOH

clusters and CVD events after adjusting for mid-life CVH and subclinical CVD.
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4.6 Discussion

In this study, we identified five clusters of SDOH exposures made up of different
time-dependent SDOH patterns from multiple domains through young adulthood. There
were significant associations between Clusters 1 and 3 and incident CVD events;
exposure to the patterns in Cluster 1 was associated with lower CVD risk, and Cluster 3
with higher risk for CVD events. In race-stratified analyses, we observed that
associations between Cluster 3 and mid-life CVD events were primarily seen among the
Black participants, whereas the white participants drove the Cluster 1 associations. We
may, however, be underpowered to detect the different associations between the SDOH
clusters and CVD events within race groups.

As part of our secondary objective, we sought to understand potential pathways
linking the SDOH clusters and mid-life CVD events. Prior to adjustment for education,
and after adjustment for the SDOH clusters, self-identified race was still significantly
associated with incident CVD events. Further exploration is warranted as to whether
there may be other modifiable pathways linking race and mid-life CVD events outside of
the SDOH from young adulthood through middle age. Of note, after adjustment for
baseline CVH, Cluster 3 was still significantly associated with mid-life CVD events.
Baseline CVH was assessed when participants were between the ages of 18 and 30
and was influenced by childhood SDOH, indicating that early life exposures may not
fully determine future incident CVD events in mid-life.81:82 This finding suggests that
attention should still be paid to SDOH exposures from young adulthood through middle

age, as they may modify the risk of mid-life CVD events.



105

When including mid-life CVH and subclinical CVD, the SDOH clusters were no
longer significantly associated with incident CVD events in mid-life. Thus, the
relationship between young adult SDOH exposures and mid-life CVD events may work
primarily through pathways mediated by mid-life subclinical CVD and/or mid-life CVH
risk factors, which are more proximal indicators.

Our findings further support a broad emphasis on primordial prevention, defined
as the maintenance of high CVH and the prevention of the development of CVD risk
factors, in combating CVD disease.''*'1? |f SDOH primarily work through mid-life risk
factors and subclinical disease, preventing the development of risk factors and
subsequent subclinical and clinical disease by addressing SDOH could be an effective
disease prevention strategy. As shown previously, treating risk factors back to optimal
levels cannot restore risk of CVD to ideal levels and there is a point of no return after
which damage to the cardiovascular system may not be fully reversible.''® Because
SDOH are known to impact risk factors through stress, knowledge, and time, it is critical
to reverse these stressors before they begin.*3449 By moving further upstream to
create interventions and policies targeted towards SDOH that confer risk, like structural
racism, we may achieve lower CVD event rates.

Our study has distinct strengths, separate from what has been mentioned in
Chapters 2 and 3. This is the first study, to our knowledge, which has examined
longitudinal SDOH exposures, incorporating factors from all five domains, in relation to
incident CVD events in mid-life. Because of the rich measures collected in CARDIA, we

were able to assess how the SDOH-CVD event associations changed or were
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maintained by adjustment for subclinical CVD and CVH status. We were also able to
adjust for baseline CVH status, which differentiates the effect of early-life SDOH and
other factors from young adult and later factors. While we may not be powered to fully
understand SDOH-CVD event associations within and between Black and white groups
differentially, this study does indicate that SDOH are associated with the development
of CVD events in both groups.

There are also limitations to this study. We focused on mid-life CVD events
because of the length of follow-up in the younger CARDIA cohort, and the importance of
mid-life CVH as a marker for health and longevity for the remainder of the life course.®
Future studies should examine later-life CVD events and their relationship with SDOH.
As in Chapters 2 and 3, we may be underpowered in the race-stratified analyses. In
secondary analyses, those excluded from the CAC, LVMI, and mid-life CVH cohorts
generally had a higher prevalence of SDOH that confer harm, meaning we may be
underestimating the effect of the SDOH on CVD events. We were also limited by when
the subclinical CVD and CVH measures were collected. Because we were concerned
about reverse causality, we excluded all participants without subclinical CVD and CVH
measured prior to a CVD event after age 45 or later, restricting our sample size for

analysis.

4.7 Conclusions
Using the novel SANMF method, we generated and characterized five SDOH

clusters, each made up of time-dependent SDOH patterns from multiple SDOH domains
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through young adulthood. The clusters were significantly associated with mid-life CVD
events, even after adjustment for baseline covariates and CVH status. Race-stratified
analyses indicate the clusters may be useful for both Black and white populations. After
consideration of mid-life CVH and subclinical CVD status, the SDOH clusters were no
longer associated with CVD events, indicating the pathways linking SDOH and incident
CVD are primarily through detectable intermediate subclinical disease.

This work further underscores the need to focus on primordial prevention of CVD
risk factors and focus on upstream SDOH to minimize CVD disparities. As in Chapters 2
and 3, food security, paying for medical care, and health care access were three
patterns present in multiple SDOH clusters. Natural experiences of interventions and
policies focused on these three SDOH exposures may be the best place to start to

address SDOH that may substantially influence CVD risk factors and disease.



4.8 Supplement
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eFigure 1: STROBE diagram for included and excluded participants
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eTable 1. Prevalence of SDOH clusters overall and by race and sex groups (cluster likelihood values 2 1SD)*

Overall Black Female Black Male White Female White Male

N = 4,853 N = 1,415 (29.2%) N=1045(121.5%) N=1,283(26.4%) N=1,110 (22.9%)
Cluster 1 953 (19.6%) 113 (8.0%) 81 (7.8%) 384 (29.9%) 375 (33.8%)
Cluster 2 1,223 (25.2%) 397 (28.1%) 265 (25.4%) 297 (23.1%) 264 (23.8%)
Cluster 3 851 (17.5%) 294 (20.8%) 229 (21.9%) 181 (14.1%) 147 (13.2%)
Cluster 4 1,070 (22.0%) 432 (30.5%) 204 (19.5%) 262 (20.4%) 172 (15.5%)
Cluster 5 863 (17.8%) 240 (17.0%) 165 (15.8%) 235 (18.3%) 223 (20.1%)

Abbreviations: SD = Standard Deviation;

*Percentages do not add up to 100%. There can be multiple clusters where likelihood of exposure to the patterns in
each cluster are 2 1SD

60T
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CHAPTER FIVE: CONCLUSION AND FUTURE DIRECTIONS

This work was motivated by a desire to understand the complex nature of SDOH
and their associations with important health outcomes, in order to begin to determine
effective interventions to lower the burden and disparities of cardiovascular disease.
While there is existing literature describing the associations between a limited set of
SDOH, most often from the economic stability and education domains, and CVD, data
and research are sparse linking complex SDOH exposures from multiple domains with
CVH and CVD over time. Additionally, the methods used to study SDOH and CVD are
limited, and do not allow for a clear understanding of how multiple SDOH are associated

with CVH and CVD over time.

5.1 Principal Findings

The dissertation contains three chapters that support our original hypothesis: 1)
we can use SANMF, a novel machine learning method, to identify time-dependent
SDOH patterns from young adulthood to middle age and create novel SDOH clusters of
the patterns and 2) the clusters were predictive of mid-life CVH and associated with
mid-life CVH status and CVD events. The data-driven sets of SDOH clusters that we
observed were interpretable and unique, representing frequent patterns of SDOH from
the economic stability, neighborhood and built environment, social and community
context, and health and health care domains, along with psychosocial factors. The
clusters also represented patterns of exposure from different age intervals from young

adulthood to middle age. Food security, access to medical care, and the ability to pay
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for medical care were three patterns that consistently appeared in the clusters,
indicating interventions and policies targeting these SDOH exposures may be important
for improving population-level CVH.

Without the SANMF method, we would not have been able to understand the
complexity of the 48 different individual- and neighborhood-level social exposure
variables over time. Certain clusters were associated with mid-life CVH and did offer
modest improvement in the prediction of mid-life CVH along with baseline CVH. The
clusters were associated with mid-life CVD events, but this association became no
longer significant after adjustment for mid-life subclinical CVD and mid-life CVH status,
suggesting that SDOH may ultimately work through traditional risk factors and known
disease pathways. In Chapters 3 and 4, we explored race-stratified analyses; while we
may be underpowered to assess significant differences of the effect of SDOH on mid-
life CVH or CVD events across race groups, our initial findings indicate the clusters are

associated with health outcomes within both groups.

5.2 Methodological Approach

There are similarities and differences between the three manuscripts in this
dissertation. We used the same SANMF method to generate the novel time-dependent
SDOH clusters within different study cohorts across the three chapters. By applying
SANMF, we identified frequent patterns of SDOH from young adulthood through middle
age and clustered the patterns into meaningful groups in order to better represent the

complex associations between longitudinal social exposures from multiple domains. We
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used the same mid-life CVH outcome in Chapters 2 and 3, but split the study cohort into
a training and test set for predictive modeling in Chapter 2. We then used CVD events
as our outcome, and introduced mid-life subclinical CVD measures for adjustment, in
our Chapter 4 models. The broad goals of Chapter 2 and Chapters 3 and 4 were
different; we focused on prediction in Chapter 2 and then associations in Chapters 3
and 4. Chapter 2 allowed us to think more about how we might target high-risk
populations to improve or maintain their CVH status based on their social exposures,
whereas Chapters 3 and 4 assisted in helping to improve our understanding of the
complex nature of SDOH, the magnitude of the associations between SDOH and

CVH/CVD events, and the pathways linking SDOH with CVH and CVD.

5.2.1 Strengths and Limitations

The strengths of this dissertation come from the rich data, the overall study
design, and the methods applied. Whereas many previous studies have used single,
cross-sectional SDOH measures to examine associations with health outcomes, we
used SDOH data from young adulthood through middle age, representing exposures
from all five SDOH domains. This allowed for a broader view of the longitudinal
influences of social exposures on health outcomes during mid-life. As mentioned
repeatedly in this work, examining SDOH in isolation does not provide the complete
picture of how social exposures work to shape health outcomes. Our novel
methodological approach, leveraging the complexity of the CARDIA data, allows a more

comprehensive look at how 48 different SDOH, on both an individual- and
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neighborhood-level, may influence mid-life CVH. Additionally, we focused on a critical
period of CVH during mid-life, which determines an individual’s remaining lifetime risk of
cardiovascular disease. This work also allowed for the generation of hypotheses to be
explored further in future studies. In Chapter 4, we explored whether there were
potentially independent pathways linking SDOH and CVD outside of subclinical CVD
and CVH during mid-life. Although we did not perform formal statistical mediation
analysis, which has its own inferential limitations, our data indicate that the association
of younger adult SDOH exposures with mid-life CVD events is attenuated by
intermediate factors such as CVH status and presence of subclinical CVD, the usual
pathways from health to CVD incidence. And leveraging CARDIA's biracial cohort, we
conducted an initial set of race-stratified analyses to understand whether the
relationships between the novel SDOH clusters, CVH, and CVD events were consistent
among Black and white subgroups. We believe this work lays the foundation for future
studies described below.

Despite the strengths listed above, this dissertation has potential limitations. The
CARDIA dataset is unique, which may limit generalizability. Participants were recruited
from four specific geographic areas with a focus on balancing the composition of the
cohort by sex, race, educational attainment, and age subgroups. Data were only
collected among Black and white participants, and it would be useful to extrapolate our
findings more broadly in other race groups. However, the 48 individual- and
neighborhood-level SDOH collected at nine exams over 30 years may not be captured

in other settings. While many studies are utilizing neighborhood-level measures by
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geocoding participant addresses to study SDOH, the self-reported SDOH information on
the individual-level is much less widely available outside of traditional observational
studies. Moreover, there are very few cohort studies with detailed information on SDOH
and well-adjudicated CVD outcomes.

Despite the strengths of the CARDIA dataset, there were other limitations related
to the timing of the measures and our study design. We were limited by the windows in
which SDOH were collected. Each SDOH measure was not collected across all nine
exams and age windows; half of the participants did not have information in the 18-24
age window because they were recruited initially between the ages of 25 and 30. We
only used the first measurement of CVH and CVD events as our outcomes in each
chapter, which limits our understanding of the effect of SDOH on repeated outcomes
measures. The application of SANMF to study SDOH and CVD was novel, but still has
its own boundaries on improving our understanding. For example, we focused on
examining longitudinal patterns for each SDOH variable but did not examine the
interplay of the SDOH patterns and subsequent changes in the patterns over time. The
clusters of the patterns improved our understanding of the complexity inherent in SDOH
exposures but may introduce some difficulty in implementing simple solutions to

address SDOH that confer harm.

5.3 Implications
The primary implications of this work are three-fold: 1) machine learning can be

beneficial to understand the complexity and intersectionality of SDOH exposures, 2)
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incorporating the longitudinal nature of SDOH is important to understand their effect on
health outcomes, and 3) a focus on primordial prevention will continue to be a critical
strategy to minimize the burden of CVD. By applying SANMF to SDOH factors, we
generated novel clusters representing the frequent SDOH patterns that occurred
concurrently. This emphasizes the intersectional nature of these factors; for example, a
participant may not just be low-income, but may be exposed to low social support and

low neighborhood cohesion that may have implications for health outcomes.

5.3.1 Intersectionality of SDOH exposures

Kimberlé Crenshaw, an African-American feminist and legal scholar, first coined
the term “intersectionality” in 1989 to draw attention to the interactions of race and
sex/gender in an individual’s lived experience.'*® This dissertation demonstrates one
new method to study the intersectionality and complexity of SDOH exposures. Using
our data-driven approach, the clusters generated were made up of unique SDOH
patterns from various age intervals. Our findings suggest the need to focus on the
complexity of the SDOH exposures, and also when they occur and how social

exposures change over time to determine how to intervene.

5.3.2 SDOH as causal factors for CVH and CVD

Dr. Thomas McKeown, a British physician, first used the term “determinants of
health” in 1972 during his thesis attributing increases in life expectancy during the 19t

century to modern medical advancements, including antibiotics and intensive care units,
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and improved living conditions from enhancements in nutrition, sanitation, and clean
water.114115 There is a large body of evidence demonstrating the association between
individual social factors and a variety of health outcomes.2346:115.116 The causal
pathways, however, between SDOH and health are still being explored more broadly
and by health condition. Multiple conceptual frameworks have been developed linking
SDOH with morbidity and mortality, highlighting the relationship between macrosocial
conditions and political contexts, individual socioeconomic position (shaped by the
distribution of money, power, and resources), and the development of risk factors and
behaviors and disease.?°4%5 If we assume CVH status is causal for CVD and mortality
(since it consists of 7 risk factors that are each individually causal), this dissertation
demonstrates that there is an association between SDOH and CVH, which provides
evidence to support existing conceptual models linking upstream social factors with
downstream disease through risk factors and subclinical disease. This dissertation
provides support for other Bradford Hill criteria for causation’ including: the temporality
criterion based on the distinct timing of the exposures and their associations with CVH
and CVD events, and also the plausibility criterion as demonstrated by support for the
causal pathway linking SDOH and CVD events through risk factors and subclinical
disease. This first body of work sets the stage for future studies to help us understand
causality by intervening on SDOH and subsequently studying the short and long-term
effects on CVH and disease outcomes. As mentioned in the Introduction, there is
existing evidence supporting the idea that intervening on SDOH can improve CVH, but

more work is needed in this area.3536
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5.3.3 Support for a primordial prevention strategy

As highlighted in Chapter 4, this dissertation also supports a primordial
prevention strategy to address upstream SDOH before they lead to loss of CVH (onset
of CVD risk factors), subclinical CVD, and future CVD events. Once risk factors are
present, it is very difficult to minimize the risk of future disease, even with effective
treatment.13119 public health professionals, clinicians, and researchers will need to
collaborate to develop targeted interventions and policies to address SDOH. Described
further below, natural experiments may be the first steps toward this ultimate goal of

creating impactful SDOH interventions and policies.

5.4 Future Research

While this dissertation adds to the literature, there are remaining knowledge gaps
and future research left to explore. The CARDIA study incorporates very detailed
measures of over 48 individual- and neighborhood-level SDOH. Some previously
validated instruments were used to capture the SDOH variables, but other instruments
are specific to CARDIA and were designed by the CARDIA investigators. There is a
need to standardize measurement of SDOH variables more broadly, primarily in
relatively unexplored social and community context, neighborhood and built
environment, and health and health care domains. This will allow researchers to
continue to monitor and understand the effects of SDOH based on standardized and
widely disseminated definitions. Traditional epidemiologic studies currently are the best

source for SDOH asked directly of participants, but there has been a push in recent
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years to systematically collect SDOH in electronic health records.?%121 These efforts
will be critical as we continue to study SDOH and intervene to address social risks.

We must also continue to focus on the intersectionality of SDOH and health
outcomes more broadly. Recently, there has been a call to incorporate intersectionality
research and methods in public health research.1??122 SANMF is just one of many
methods that can be applied to understand the complexity of social exposures. It will be
important to describe quantitatively how social factors interact and affect health
outcomes, but there is no consensus on the best methods to use for this type of
research. As highlighted throughout this dissertation, we must continue to fund research
focused on upstream SDOH. We did see in our work that they have significant, and
potentially causal associations with health outcomes, but there are many questions left
unexplored. For example, we saw a potential time dependency of the effects of SDOH.
While we focused on SDOH from young adulthood to middle age, it is unclear how
early-life SDOH impact mid-life health outcomes. As shown by Allen et al., there are
distinct and identifiable CVH trajectories beginning as early as age 8.86 Havranek et al.
highlighted the need to not only focus on early-life SDOH, but to also study the
intergenerational transmission of social advantage and to examine the effects on
CVD.46

Having identified and described five unique SDOH clusters, obvious questions
are whether we can now go back with a reductionist approach to find simple, easily
measured variables that carry a similar information content and whether timing of the

SDOH exposures was an important aspect of our main findings. We plan on exploring
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whether the clusters created are associated more strongly with some individual CVH
components than others to determine whether there are one or a few components
driving the cluster associations with the composite CVH measure. In this initial set of
chapters, we used all 48 variables and all frequent patterns of the variables to create
the clusters. We would like to refine the clusters and determine whether there is a
minimum number of variables that offer the same level of information. In future work,
other approaches—such as term frequency-inverse document frequency*?* (TF-IDF)—
can be used to create clusters of less frequent, but unique SDOH patterns to target a
smaller group of individuals at highest risk for low CVH. A reduction in the number of
variables used to define the clusters may help with extrapolation to other settings. It is
also possible that screening for food security, access to medical care, and the ability to
pay for medical care may help to allow for streamlined screening for social risks in
clinical settings. By screening for these factors, and understanding which SDOH occur
concurrently in the clusters, these variables may provide insight into the other SDOH
domains. By focusing on these three SDOH exposures, we are not moving back to the
traditional approach of studying SDOH isolation, but are instead identifying which SDOH
factors may be most important in determining CVH and CVD outcomes in the context of
all other social exposures.

We may also wish to quantitatively assess whether timing of the SDOH exposure
matters. In practice, an understanding of the timing of exposure to given SDOH and
their associations with CVH and CVD is helpful to create timely and targeted

interventions to address SDOH; however, it is unclear whether incorporation of the
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SDOH exposure timing offers improved predictive performance. Empirically, timing did
matter because we showed distinct timing of exposures in the clusters that were
associated with CVH and CVD events. The next goal will be to validate the clusters in
other settings, so that they may be used for streamlined screening of social risks and to
examine their association with other health outcomes.

Ultimately, we want this work to inform the design, implementation, and
evaluation of timely and multi-component social interventions and policies to address
SDOH in order to improve CVH and reduce the burden and disparities of incident CVD.
There are very clear distinctions between the interventions needed to address SDOH,
social risk factors, and social needs. As highlighted by Green and Zook, interventions
targeting SDOH “can be categorized as an upstream, communitywide intervention to
address the root causes and conditions (for example, economic instability) that
contribute to poor health.”*?> Natural experiments, such as policy implementations, may
assist researchers and public health professionals in identifying the interventions which
address SDOH and minimize the burden of CVD.3536.126.127 For example, Rehkopf et al.
have demonstrated an association between Earned Income Tax Credit funds and a
decrease in diastolic blood pressure in the short-term.%¢ As part of the Biden
Administration’s American Rescue Plan Act, signed into law in March 2021, the Child
Tax Credit was expanded, impacting all families except the families in the highest
income categories.*?® The tax credits were increased by $1,000 for children under age
18 and by $1,600 for children under age 6. All children 17 years old and younger now

qualify, as opposed to 16 years old and younger previously. This type of broad policy
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intervention may have direct impacts on public health and cardiovascular health.
Columbia University estimates that this plan could cut child poverty by more than half,
but the cardiovascular health implications for parents and children in the short- and
long-term are unclear.*?® Policy models, such as the validated microsimulation IMPACT
Model developed at the University of Liverpool,'3%13! can help in simulating the long-
term impact of certain interventions and policies on CVD outcomes and assess whether
the potential benefits or harms differ by demographic groups.'32 This work is much
needed to generate support for new social policies, and the expansion of existing

policies, to decrease the public health burden of CVD and minimize health disparities.

5.5 Summary

This dissertation demonstrates that a novel machine learning method can be
used to understand the complexity of SDOH exposures over time. The novel clusters
representing patterns of SDOH from young adulthood to middle age were predictive of
mid-life CVH and associated with mid-life CVH status and CVD events. More work must
be done to validate these clusters in other settings, with the ultimate goal of informing
programs looking to develop targeted, timely, and multi-component interventions to

address SDOH and improve CVH.



TABLES AND FIGURES

Table 1: Variable descriptions for each of the 48 individual- and neighborhood-level social determinant of
health (SDOH) and psychosocial variables assessed in CARDIA participants

SDOH Domain Variable Description
Maximum value of highest grade completed across all
Education Maximum Education Achieved exams.

Range: 1 — 20+

Economic Stability

Income

Total combined gross family income for the past 12
months from all sources.

Categories: <$5k to $15,999; $16k to $34,999; $35k to
$49,999; $50k to $74,999; $75k and greater;

Home Ownership

Type of ownership for participant’s current home.
Categories: Owned or Being Bought; Rented for Money;
Occupied without Payment; Other;

Hard to Meet Demands

Self-reported difficulty meeting demands from job,
family, friends, or school.

Categories: Very Hard; Hard; Somewhat Hard; Not Very
Hard;

Hard to Pay for Basics

Self-reported difficulty paying for basics like food,
medical care (separate question after Exams YO, Y2,
Y7), and heating.

Categories: Very Hard; Hard; Somewhat Hard; Not Very
Hard,

Trouble Making Ends Meet

Self-reported trouble making ends meet (MEM).
Categories: Frequent Trouble MEM; Occasional Trouble
MEM; Hardly Ever Trouble MEM; Never Trouble MEM,;

Hard to Pay for Medical Care

Self-reported difficulty paying for medical care for
participant and family.
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Categories: Very Hard; Hard; Somewhat Hard; Not Very
Hard,
All assets including family’s checking and savings
accounts, any stocks and bonds, and real estate
Assets (including principal home).
Categories: <$500-$4,999; $5k-$19,999; 20k-$49,999;
50k-$99,999; 100k-$199,999; 200k-$499,999; 500k+;
Total family debt from household for things like credit
card charges, medical or legal bills, and loans from
Debt banks or relatives.
Categories: <$500; $500-$4,999; 5k-$9,999; 10k-
$19,999; 20k-$49,999; 50k+;
Self-reported food security related to amount of food
and kinds of food.
Categories: Enough Food and Kinds; Not Always
Enough or Kinds;
Self-report of being unemployed, laid off, or looking for
Economic Stability Employment Status work.!
Categories: No; Yes;
The Stevens and Cho total-based Socioeconomic Index
(TSEI) was used to measure occupational class as a
“predicted prestige ranking” linked to each occupation
code (higher scores indicate higher predicted prestige
rankings).?*
Categories: Lower, Mid-Range, Higher;
Job “decision latitude” is based on a sum of the
composite skill discretion and decision authority scores.
The skill discretion score is a weighted sum of the
responses to questions about learning new things on
the job, being creative on the job, the job requiring a

-

Food Security

Occupation Status- TSEI

Karasek Job Strain
Questionnaire- Job Decision
Latitude

high level of skill, doing a variety of things on the job,
w



and opportunities for developing one’s own special
abilities on the job. The decision authority score is a
weighted sum of the responses to questions about the
job allowing one to make a lot of his/her own decisions,
having a lot of say about what happens on the job, and
having freedom to decide how to do one’s job.*
Categories: Lower, Mid-Range, Higher;

Karasek Job Strain
Questionnaire- Psychological
Job Demands

“Psychological job demands” is based on the weighted
sum of questions related to working fast, working hard,
excessive amounts of work, enough time to get the job
done, and freedom from conflicting demands of others.*
Categories: Lower, Mid-Range, Higher;

Social and Community
Context

Household Size

Number of people currently living in participant’s the
household, including the participant.
Categories: 1 Person; 2 People; 3-5 People; >6 People;

Children- Yes/No

Yes or no to having children or step-children.
Categories: No; Yes;

Children- Living in House

Children or step-children living in the participants home;
Categories: No; Yes;

Marital Status

Current marital status.
Categories: Marriage-Like Relationship; Married; Never
Married; Separated or Divorced; Widowed,;

Social Support Questionnaire-
Instrumental Support

Self-reported instrumental support focused on if
participants have support of friends, spouse/mate,
and/or family member when needing help with
household tasks, a ride, help when too sick to take care
of themselves, and a loan of money.®

Categories: Lower, Mid-Range, Higher;

Social Support Questionnaire-
Emotional Support

Self-reported emotional support focused on if
participants have support of friends, spouse/mate,
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Social and Community
Context

and/or family member when worried about personal
problems.®
Categories: Lower, Mid-Range, Higher;

Social Support Questionnaire-
Network Adequacy

Self-reported network adequacy focused on how
frequently participants feel lonely, find themselves
wishing someone would comfort them with a hug or
other physical sign of affection, feel other people really
care for them, and wish they had more close friends.®
Categories: Lower, Mid-Range, Higher;

Discrimination- Any
Discrimination

Number of domains where participants experienced any
discrimination (based on gender, race, social class,
sexual preference, religion, weight, or age). Domains
include at school, getting a job, at work, getting housing,
getting medical care, and on the street or in a public
setting.®

Categories: 0 Domains; 1-2 Domains; >3 Domains;

Discrimination- Racial
Discrimination

Number of domains where participants experienced
racial discrimination. Domains include at school, getting
a job, at work, getting housing, getting medical care,
and on the street or in a public setting.®

Categories: 0 Domains; 1-2 Domains; >3 Domains;

Social Network

Self-reported social network size (number of close
friends and relatives).’

Categories: 0-3 Ties, 4-7 Ties; 8-10 Ties; 11-14 Ties;
>15 Ties.

Subjective Social Standing

Perceived rank on social hierarchy in the United States.
Participants were shown a picture of a ladder with 10
rungs representing where people stand in the United
States; the top represented those who were the best-off
and have the most money, education, and the most
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respected jobs. Participants were asked to place
themselves on the ladder.®
Categories: Lower, Mid-Range, Higher;

Social Support and Conflict
Questionnaire- Supportive
Interactions

Frequency of exposure to supportive social interactions.
Questions were related to how much family or friends
care about you, how much they understand the way you
feel, how much you can rely on them if you need to talk
about worries, and how much you can open up to them
if you have a serious problem.?

Categories: Lower, Mid-Range, Higher;

Social Support and Conflict
Questionnaire- Negative
Interactions

Frequency of exposure to negative social interactions.
Questions were related to how much family and friends
criticize you, let you down when you are counting on
them, and get on your nerves.®

Categories: Lower, Mid-Range, Higher;

Neighborhood and Built
Environment- Self-
Reported by Participant

Change in Residence

Number of times the participant changed residence in
the past two years or since last exam.
Categories: 0 Times; 1 Time; 2 or more times;

Neighborhood Cohesion

Perceived neighborhood cohesion based on whether
people are willing to help neighborhoods, whether it's a
close-knit neighborhood, whether people can be trusted,
whether people don'’t get along, and whether people do
not share the same values.*°

Categories: Lower, Mid-Range, Higher;

Neighborhood Environment

Number of resources available in participants
neighborhood (within 10-15 minute walk from home)
including exercise facilities, parks, grocery stores, fast
food restaurants (reverse coded), sit-down restaurants,
subway/bus/trolley stops, sidewalks, walking/bike
paths.t?
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Categories: 0-3 Resources; 4-6 Resources; 7-8
Resources;

Neighborhood and Built
Environment- Census
Tract Level

Neighborhood and Built
Environment- Census
Tract Level

Percent Population White Race

Percent of population in participant’s census tract who
identify as white race.?
Categories: Lower, Mid-Range, Higher;

Percent Population Education
<High School

Percent of population in participant’s census tract with
less than high school education among those aged 25
and older.?

Categories: Lower, Mid-Range, Higher;

Percent Population <150%
Federal Poverty Level

Percent of population in the participant’s census tract
with income below 150% of the federal poverty level.'?
Categories: Lower, Mid-Range, Higher;

Median Income

Median income in the participant’s census tract.'?
Categories: Lower, Mid-Range, Higher;

Percent Population
Professional/Management
Occupation

Percent of population in participant’s census tract in
professional or management occupations among those
ages 16 years or older.1?

Categories: Lower, Mid-Range, Higher;

Percent Population Unemployed

Percent unemployed in participant’s census tract among
those ages 16 years and older.*?
Categories: Lower, Mid-Range, Higher;

Median Rent

Median gross rent (renter-occupied housing) in
participant’s census tract.'?
Categories: Lower, Mid-Range, Higher;

Percent Owner-Occupied
Housing Units

Percent owner-occupied housing units out of all
occupied housing units in participant’s census tract.'?
Categories: Lower, Mid-Range, Higher;

Percent Vacant Housing Units

Percent vacant housing units out of all housing units in
participant’s census tract.'?
Categories: Lower, Mid-Range, Higher;
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Neighborhood and Built
Environment- Census
Tract Level

Aggregate Value Housing Units

Aggregate value of owner-occupied housing units in
participant’s census tract.'?
Categories: Lower, Mid-Range, Higher;

Racial Segregation (Gi*
Statistic)

Own-group racial segregation measured as the local
Getis-Ord Gi* statistic. The Gi* statistic is a z-score
indicating how many standard deviations the
participant’s census tract and its neighboring tracts is
from the racial composition of the larger metropolitan
area or county.'®

Categories: <0 SD- Lower own-group representation in
census tract compared to larger area; 0-1.96 SD- Racial
integration or similar own-group representation in
census tract compared to larger area: >1.96 SD-
Greater own-group representation in census tract
compared to larger area,;

SES Deprivation Score

SES deprivation score calculated as the first factor
score from a principal component analysis of four tract-
level indicators from participant’s census tract: median
household income, proportion of the population at or
below the 150% federal poverty level, proportion of the
population aged 25 or greater with less than a high
school education, and proportion of the population aged
25 or greater with a college degree or higher.'4
Categories: Lower, Mid-Range, Higher;

Fast Food and Convenience
Stores

Percent of all stores in participant’s census tract that are
fast food or convenience stores within 3km.°
Categories: Lower, Mid-Range, Higher;

Supermarkets

Percent of all food facilities that are supermarkets within
5km of participant’s census tract.'®
Categories: Lower, Mid-Range, Higher;
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Physical Activity Facilities

Count of physical activity facilities within 3km of
participant’s census tract.'*
Categories: Lower, Mid-Range, Higher;

Health and Health Care

Health Care Barriers

Numbers of barriers reported for health care: insurance
barrier (lack of coverage), regular care barrier (no usual
source of care), or expense barrier (did not seek care
because it was too expensive or health insurance did
not cover it).1®

Categories: 0 barriers; 1 barrier; 2 barriers; 3 barriers;

Health Insurance Coverage

Number of months without health care coverage in the
past two years.*®

Categories: 1-6 months; 7 months — 1 year; >1 - 2
years;

Psychosocial

Material and Psychological
Wellbeing- CES-D
Questionnaire

Score from Center for Epidemiologic Studies
Depression (CES-D) scale. The score ranges from 0 to
60 and higher scores indicate more depressive
symptoms. The score was dichotomized to indicate
depression (=16 score) or not.1":18

Categories: No; Yes;

Chronic Burden Scale

Number of domains where stress reported for longer
than 6 months. Domains include 1) personal serious
ongoing health problem, 2) serious ongoing health
problem of parents, child, or others close to you, 3)
ongoing difficulties with job or ability to work, 4) ongoing
financial strain, and 5) ongoing difficulties in a
relationship with someone close to you.%2°

Categories: 0 domains; 1 — 2 domains; 3 — 5 domains;
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Table 2: Summary of demographic, education, cardiovascular health, and select SDOH characteristics for train
and test sets among CARDIA study participants

Train Test Overall Cohort
N=2,467 N=1,055 N=3,522

Race

Black 1,140 46.2% 492 46.6% 1,632 46.3%

White 1,327 53.8% 563 53.4% 1,890 53.7%
Sex

Female 1,386 56.2% 581 55.1% 1,967 55.9%

Male 1,081 43.8% 474 44.9% 1,555 44.1%
Highest Degree Earned

Elementary/Jr. High/Some High School S7 2.3% 14 1.3% 71 2.0%

High School Graduate 285 11.6% 131 12.4% 416 11.8%

Some College 715 29.0% 332 31.5% 1,047 29.7%

College Graduate (4-Year) 565 22.9% 244 23.1% 809 23.0%

Graduate School 845 34.3% 334 31.7% 1,179 33.5%
Age at Baseline

mean SD 25.3 3.5 25.1 3.5 25.3 3.5
Age at Outcome

mean SD 48.1 2.3 48.1 2.3 48.1 2.3
Cardiovascular Health at Baseline, Ages 18-302

Score, mean SD (Range 0-14 points) 104 1.9 10.4 1.9 10.4 1.8

Prevalence of Low CVH 162 6.8% 69 6.7% 231 6.8%

Prevalence of Moderate/High CVH 2,232 93.2% 958 93.3% 3,190 93.3%

Cardiovascular Health at Outcome, Ages 245
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Score, mean SD (Range 0-14 points)
Prevalence of Low CVH

Prevalence of Moderate/High CVH
Income at Y5P

<$5k to $15,999
$16k to $34,999
$35k to $49,999
$50k to $74,999
$75k and greater
Household Size at Baseline, mean SD°¢

Neighborhood Population <150% FPL at
Baseline, mean SD %¢
Healthcare Access Barriers at Y7¢

0 Barriers
1 Barrier

2 Barriers
3 Barriers

8.9
710
1,757

431
818
450
350
235
29

29.0%

1589
441
184

54

2.3
28.8%
71.2%

18.9%
35.8%
19.7%
15.3%
10.3%
1.7

17.0%

70.1%
19.4%
8.1%
2.4%

8.8
303
752

185
364
183
149
105
3.0

29.0%

689
200
72
22

2.3
28.7%
71.3%

18.8%
36.9%
18.6%
15.1%
10.7%
1.7

17.0%

70.1%
20.4%
7.3%
2.2%

8.9
1,013
2,509

616
1,182
633
499
340
3.00

29.0%

2,278
641
256

76

2.3
28.8%
71.2%

18.8%
36.2%
19.4%
15.3%
10.4%
1.7

17.0%

70.1%
19.7%
7.9%
2.3%

Data are N % unless otherwise noted.

Abbreviations: CVH = Cardiovascular Health; SDOH = Social Determinants of Health; SD = Standard Deviation; FPL =

Federal Poverty Level,

aParticipants missing CVH at Baseline: Training- 73, Testing- 28

bParticipants missing Income at Y5: Training- 183, Testing- 69

¢Participants missing Household Size at Baseline: Training- 1, Testing- 0

dParticipants missing proportion <150% Federal Poverty Level at Baseline: Training- 18, Testing- 7

€Participants missing Healthcare Access Barriers at Y7: Training- 199, Testing- 72
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Table 3: Characterization of the five SDOH clusters with their top 10 time-dependent SDOH patterns from NMF

Cluster 1
Domain

ES

NBE

SCC

HHC
Cluster 3
Domain

ES

NBE

SCC

Cluster 5
Domain

ES

NBE

MC
2.49
1.59
1.88
1.79
1.86
2.00
2.01
2.08
1.81
2.09

MC
1.13
1.26

151
1.27

1.12
1.59
1.26
1.36
1.46
1.26

2.00
157

2.13

2.11
1.55
1.59

Pattern
Not Very Hard to Meet Demands
Lower Psychological Job Demands
Food Security: EFK — EFK
Paying for Medical Care: NVH — NVH
No Change in Residence
Mid-Range Network Adequacy
Mid-Range Subjective Social Standing
Mid-Range Subjective Social Standing
Higher Supportive Interactions
Health Care Access Barriers: Zero — Zero

Pattern
Somewhat Hard to Meet Demands
Lower Job Decision Latitude

Occasional Trouble Making Ends Meet
Occupation Status: Lower — Lower
One Change in Residence

Lower Emotional Support
Lower Instrumental Support
Lower Network Adequacy
Higher Negative Interactions
Higher Negative Interactions

Pattern
Higher Job Decision Latitude
Occupation Status: Higher — Higher

Food Security: EFK — EFK
Paying for Medical Care: NVH — NVH

Home Ownership: Owned -- Owned — Owned

One Change in Residence

Cluster 2
Domain MC
1.81
1.75
ES 1.39
1.32
1.56
1.91
1.39
Sce 1.46
1.30
HHC 1.59
Cluster 4
Domain
ES 1.19
2.02
1.73
1.57
NBE 1.98
1.65
1.17
1.22
1.41
SCC 1.09
Key

Pattern
Not Very Hard to Meet Demands
Food Security: EFK — EFK
Paying for Medical Care: NVH — NVH
Paying for Basics: NVH — NVH — NVH — NVH
Employed: Yes — Yes — Yes — Yes
Mid-Range Network Adequacy
Mid-Range Emotional Support
Mid-Range Instrumental Support
Mid-Range Subjective Social Standing
Health Care Access Barriers: Zero — Zero

Pattern
Not Very Hard to Meet Demands
% HS Graduates: Higher — Higher — Higher
% Below 150% Poverty: Higher — Higher —
Higher
Median Income: Lower — Lower — Lower
% Professional Occupations: Lower — Lower —
Lower
SES Deprivation: Higher — Higher — Lower
% Unemployed: Higher — Higher — Higher
Housing Unit Value: Lower — Lower — Lower
Median Rent: Lower — Lower — Lower
Higher Supportive Interactions

Abbreviations: SDOH = Social Determinants of Health; NMF =
Non-negative Matrix Factorization; MC = Membership
Coefficient; EFK = Enough Food & Kinds; NVH = Not Very
Hard; HS = High School; SES = Socioeconomic Status;

Age Windows: 18-24, 25-34, 35-44, 45 up to outcome

Domains:

ES: Economic Stability
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SCC

HHC

2.22
1.56
1.82
1.55

Higher Subjective Social Standing

Higher Supportive Interactions

Higher Subjective Social Standing

Health Care Access Barriers: Zero — Zero

NBE: Neighborhood and Build Environment
SCC: Social and Community Context
HHC: Health and Health Care

eeT



Table 4: Predictive performance (discrimination) of selected models for mid-
life cardiovascular health by predictor group

134

Predictor Group Model Set AUC

Base Logistic Regression Train 0.648

Test 0.635

Base + CVH Logistic Regression Train 0.768

Test 0.764

Base + SDOH Clusters Logistic Regression Train 0.713

Test 0.703

Logistic Regressiona Train 0.784

Test 0.776

Base + CVH + SDOH Clusters Neural Network Train 0.801

Test 0.770

Random Forest Train 1.000

Test 0.759

Neural Network Train 0.875

Test 0.734

Random Forest 'I_;_raT 33(1)3

Base + CVH + Subgraphs Te§ 0.862
Ridge Regression rain :

Test 0.738

Lasso Regression® Train 0.805

Test 0.770

Abbreviations: CVH = Cardiovascular Health; AUC = Area Under the Curve;
aHighest AUC value for the Base + CVH + Clusters models
bHighest AUC value for the Base + CVH + Subgraphs models



Table 5: Summary of demographic and education measures overall and by race

All Black White
Participants Participants
N=1,632 N=1,890
N=3,522 (46.3%) (53.7%)
Sex
Female 55.8% 59.1% 53.0%
Highest Degree Earned
Elementary/Jr. High/Some High School 2.0% 2.9% 1.2%
High School Graduate 11.8% 16.2% 8.0%
Some College 29.7% 40.1% 20.7%
College Graduate (4-Year) 23.0% 20.2% 25.4%
Graduate School 33.5% 20.6% 44.6%
Mean Age at Baseline (years, SD) 25.3,35 24.7, 3.7 25.7,3.3
Mean Age at Outcome Measurement (years, SD) 48.1,2.3 48.1, 2.4 48.0, 2.1

Data are % unless otherwise noted.
Abbreviations: SD = Standard Deviation;

GET
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Table 6: Multivariable-adjusted logistic regression analysis of associations of
SDOH clusters through young adulthood with poor CVH status in middle age

among all participants

MV-Adjusted?

SDOH Odds Ratio P-Value
Cluster for Poor CVH
(95%CI)
SDOH
Cluster 1 0.76 (0.67 - 0.87) <0.001
SDOH
Cluster 2 0.78 (0.64 - 0.94) 0.008
SDOH
Cluster 3 1.05(0.95-1.17) 0.377
SDOH
Cluster 4 0-91(0.81-1.01)  0.080

Time-Dependent Patterns in SDOH
Cluster

Cluster representing individual factors of
being able to meet demands, lower
psychological job demands, enough food to
eat, being able to pay for medical care, zero
health care access barriers, no change in
residence, mid-range network adequacy,
mid-range subjective social standing, and
higher supportive interactions.
Cluster representing individual factors of
being able to meet demands, enough food
to eat, being able to pay for medical care,
being able to pay for basics, being
employed, zero health care access barriers,
mid-range network adequacy, mid-range
emotional support, mid-range instrumental
support, and higher supportive interactions.
Cluster representing individual factors of
having some trouble meeting demands,
lower job decision latitude, occasional
trouble making ends meet, lower occupation
status, >1 to 2 years without health
insurance coverage, lower emotional
support, lower instrumental support, lower
network adequacy, higher negative
interactions, lower and subjective social
standing.
Cluster representing individual factors of
being able to meet demands and zero
health care access barriers, and
neighborhood-level factors of higher
percentage of high school graduates, higher
percentage below 150% of poverty, lower
median income, lower percentage with
professional occupations, higher and later
lower socioeconomic deprivation, higher
percentage unemployed, lower housing unit
value, and lower median rent.
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Cluster representing higher job decision
latitude, higher occupation status, enough
food to eat, being able to pay for medical

0.74 (0.65-0.84) <0.001 care, owning a home, one change in
residence, zero health care access barriers,
higher subjective social standing, and higher

supportive interactions.

SDOH
Cluster 5

aAdjusted for age, sex, race, center, education, and baseline CVH score
Abbreviations: Cl = Confidence Interval; CVH = Cardiovascular Health; MV =
Multivariable; SDOH = Social Determinants of Health;



Table 7: Multivariable-adjusted logistic regression analysis of associations of SDOH
clusters (created using all participants) through young adulthood with poor CVH status in
middle age among Black and white participants

Black Participants White Participants

MV-Adjusted? Odds Ratio MV-Adjusted? Odds Ratio

SDOH Cluster "¢ 'boor CVH (95%Cl) P for Poor CVH (95%Cl) P

SDOH Cluster 1 0.71 (0.59 - 0.85) <0.001 0.81 (0.66 - 0.99) 0.041
SDOH Cluster 2 0.72 (0.56 - 0.92) 0.008 0.83 (0.61 - 1.13) 0.238
SDOH Cluster 3 1.04 (0.91 - 1.20) 0.553 1.07 (0.89 - 1.29) 0.453
SDOH Cluster 4 0.86 (0.75 - 0.99) 0.043 0.95 (0.80 - 1.13) 0.591
SDOH Cluster 5 0.82 (0.67 - 1.00) 0.049 0.71 (0.59 - 0.86) <0.001

aAdjusted for age, sex, center, education, and baseline CVH score

Abbreviations: Cl = Confidence Interval; CVH = Cardiovascular Health; MV = Multivariable;
SDOH = Social Determinants of Health;

Cluster Summaries:

Cluster 1) economically stable with less psychologically demanding job, mid-range social support,
zero health care access barriers, and no change in residence;

Cluster 2) economically stable with employment, mid-range social support, and zero health care
access barriers;

Cluster 3) some difficulty economically with lower status job, low social support, and years without
health insurance,;

Cluster 4) no difficulty meeting demands, with vulnerable neighborhood environment, and

Cluster 5) economically wealthy with high status job, higher social support, and change in
residence during late 20s and early 30s.
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Table 8: Summary of demographic, education, CVD risk factor, and social determinants of health measures

overall and by cohort

All CVDEvents  -rccohort  LVMICohort  CVH Cohort
Participants Cohort
N=5112 N=4.853 N=3.100 N=3.349 N=3.448

Race
Black
White

Sex
Female
Male

Baseline Age in Years

(mean, SD)

Highest Degree Earned
Elementary/Jr. High/
Some High School
High School Graduate
Some College
College Graduate (4-Year)
Graduate School

Smoking at Baseline
Current Smoker
Former Smoker > 12 months
Never or Quit 2 12 months

Diabetes Prevalence at

Baseline

Total Cholesterol- mg/dL

(mean, SD)

HDL Cholesterol- mg/dL

(mean, SD)

SBP- mmHg (mean, SD)

Hypertension Medication Use

2,637 (51.6%)
2,475 (48.4%)

2,785 (54.5%)
2,327 (45.5%)

24.8 (3.7)

177 (3.5%)

853 (16.7%)
1,640 (32.1%)
1,042 (20.4%)
1,400 (27.4%)

1,544 (30.4%)
676 (13.3%)
2,856 (56.3%)

32 (0.6%)
176.8 (33.5)

53.2 (13.2)

110.4 (11.0)
115 (2.2%)

2,460 (50.7%)
2,393 (49.3%)

2,698 (55.6%)
2,155 (44.4%)

24.9 (3.7)

154 (3.2%)

771 (15.9%)

1,553 (32.0%)
1,007 (20.8%)
1,368 (28.2%)

1,431 (29.7%)
642 (13.3%)
2,747 (57.0%)

20 (0.4%)
176.7 (33.1)

53.3 (13.2)

110.2 (10.8)
102 (2.1%)

1,384 (44.6%)
1,716 (55.4%)

1,763 (56.9%)
1,337 (43.1%)

25.9 (3.1)

62 (2.0%)

357 (11.5%)

927 (29.9%)

703 (22.7%)
1,051 (33.9%)

835 (27.1%)
458 (14.9%)
1,788 (58.0%)

13 (0.4%)
178.3 (32.9)

53.6 (13.0)

110.0 (10.7)
67 (2.2%)

1,578 (47.1%)
1,771 (52.9%)

1,930 (57.6%)
1,419 (42.4%)

25.1 (3.5)

57 (1.7%)

395 (11.8%)

978 (29.2%)

775 (23.1%)
1,144 (34.1%)

866 (26.0%)
463 (13.9%)
2,003 (60.1%)

9 (0.3%)
176.7 (32.7)

53.8 (12.7)

109.7 (10.6)
58 (1.7%)

1,589 (46.1%)
1,859 (53.9%)

1,940 (56.3%)
1,508 (43.7%)

25.2 (3.5)

66 (1.9%)

399 (11.6%)
1,025 (29.7%)
796 (23.1%)
1,162 (33.7%)

904 (26.4%)
468 (13.7%)
2,055 (60.0%)

14 (0.4%)
177.2 (32.9)

53.5 (12.9)

110.1 (10.7)
66 (1.9%) 3



Prevalence at Baseline
CVH Score at Baseline
(mean, SD)*
Income at Y5

<$5k to $15,999

$16k to $34,999

$35k to $49,999

$50k to $74,999

$75k and greater
Household Size at Baseline,
mean SD
Neighborhood Population
<150% FPL at Baseline,
mean SD %
Healthcare Access Barriers
at Y7

O Barriers
1 Barrier

2 Barriers
3 Barriers

10.2,1.9

909 (21.3%)
1,550 (36.3%)
791 (18.5%)
617 (14.5%)
402 (9.4%)

3.1,1.7

29.6%, 17.1%

2,812 (69.5%)
801 (19.8%)
341 (8.4%)

94 (2.3%)

10.3,1.9

842 (20.6%)
1,486 (36.4%)
766 (18.8%)
595 (14.6%)
396 (9.7%)

3.0,1.7

29.6%, 17.1%

2,705 (69.6%)
770 (19.8%)
318 (8.2%)

92 (2.4%)

104,19

499 (17.5%)
1,008 (35.3%)
583 (20.4%)
462 (16.2%)
305 (10.7%)

2.9 (1.7)

29.2%, 17.0%

1,963 (70.7%)
536 (19.3%)
210 (7.6%)

67 (2.4%)

10.5,1.8 10.4,1.8

574 (18.9%)
1,074 (35.3%)
591 (19.4%)
470 (15.5%)
332 (10.9%)

3.0 (1.7)

597 (18.6%)
1,156 (36.1%)
627 (19.6%)
486 (15.2%)
338 (10.5%)

3.0 (1.7)

29.3% (17.1%) 29.4% (17.1%)

2,111 (71.1%)
569 (19.2%)
220 (7.4%)

68 (2.3%)

2,235 (70.2%)
623 (19.6%)
250 (7.9%)

74 (2.3%)

Data are N (%) unless otherwise noted.
Abbreviations: CVD = Cardiovascular Disease; CVH = Cardiovascular Health; CAC = Coronary Artery Calcification;
LVMI = Left Ventricular Mass Index; SD = Standard Deviation; HDL = High-density Lipoprotein; SBP = Systolic Blood

Pressure; Y = Exam Yeatr;

*Range of CVH Score at Baseline is 0-14.
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Table 9: Summary of CVD events, subclinical CVD, and CVH measures by cohort

CVD Events CAC Cohort LVMI Cohort CVH Cohort
Cohort
N=4,853 N=3,100 N=3,349 N=3,448
CVD Events Outcome
CVD Event 252 (5.2%) 160 (5.2%) 108 (3.2%) 149 (4.6%)
Censored 4,601 (94.8%) 2,940 (94.8%) 3,241 (96.8%) 3,289 (95.4%)
Age at Event (mean, SD) 52.4,4.3 53.8,4.2 54.6,4.1 53.6,4.1
Age for Censored Participants (mean, SD) 58.4, 3.8 59.6, 3.2 58.9,3.5 58.9, 3.6
CAC Outcome
Presence of CAC -- 716 (23.1%) -- --
Absence of CAC -- 2,384 (76.9%) -- -
LVMI Outcome- g/m?7 (mean, SD) -- -- 40.1, 11.6 --
Mid-Life CVH Outcome (mean, SD)* - -- -- 8.9,2.3

Abbreviations: CVD = Cardiovascular Disease; CVH = Cardiovascular Health; CAC = Coronary Artery

Calcification; LVMI = Left Ventricular Mass Index; SD= Standard Deviation;
*Range of CVH Score at Outcome is 0-14.
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Table 10: Hazard ratios for CVD events, unadjusted and adjusted for age at baseline, sex, race, and education

Model 1 Model 2 Model 3
Unadjusted HR Adjusted HR Adjusted HR
(915% C) P-Value (195% CI) P-Value (195% C) P-Value

SDOH Clusters

Cluster 1 0.81(0.71-0.94) 0.004 0.85(0.73-0.99) 0.039 0.93(0.80-1.09) 0.385

Cluster 2 0.86 (0.71-1.06) 0.153 1.06(0.83-1.37) 0.633 1.10(0.85-1.41)  0.470

Cluster 3 1.17(1.05-1.31) 0.006 1.17(1.03-1.31) 0.009 1.16(1.03-1.30) 0.012

Cluster 4 0.99 (0.88-1.12) 0.913 1.01(0.89-1.15) 0.857 1.01 (0.89 - 1.15) 0.849

Cluster 5 0.99 (0.82-1.19) 0.923 0.87(0.71-1.07) 0.188 0.88(0.73-1.08)  0.230
Age at Baseline Exam 111 (1.04-1.20) 0.004 1.13(1.05-1.22) <0.001
(per 1 year higher) -- --
Sex

Female - - 0.54 (0.42 -0.70) <0.001 0.57(0.44-0.73) <0.001

Male - -- 1.0 (ref) -- 1.0 (ref) -
Race

Black -- -- 1.38 (1.05-1.81) 0.022 1.23 (0.93 - 1.62) 0.149

White - -- 1.0 (ref) -- 1.0 (ref) -
Maximum Years of - - 090(0.85-095) <0.001

Education (per year)

Abbreviations: HR = Hazard Ratio; Cl = Confidence Interval;
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Table 11: Hazard ratios for CVD events, adjusted for baseline CVH score, age at baseline, sex, race, and

education
Model 4 Model 5
Adjusted HR (95% Cl) P-Value Adjusted HR (95% CI) P-Value

SDOH Clusters

Cluster 1 0.97 (0.83 - 1.14) 0.745 1.00 (0.85-1.17) 0.975

Cluster 2 1.05 (0.81 - 1.36) 0.693 1.06 (0.82 - 1.37) 0.648

Cluster 3 1.13(1.01-1.27) 0.038 1.13(1.01-1.27) 0.039

Cluster 4 0.99 (0.87 - 1.13) 0.897 0.99 (0.87 - 1.13) 0.899

Cluster 5 0.88 (0.72 - 1.09) 0.239 0.89 (0.72 - 1.09) 0.254
Baseline CVH Score 0.71 (0.66 - 0.77) <0.001 0.72 (0.68 - 0.78) <0.001
Age at Baseline Exam (per 1 year higher) 1.08 (1.00 - 1.16) 0.045 1.08 (1.01-1.17) 0.035
Sex

Female 0.54 (0.42 - 0.70) <0.001 0.54 (0.42 - 0.71) <0.001

Male 1.0 (ref) -- 1.0 (ref) --
Race

Black 1.10 (0.83 - 1.45) 0.519 1.07 (0.81 - 1.43) 0.625

White 1.0 (ref) -- 1.0 (ref) --
Maximum Years of Education (per year) -- -- 0.97 (0.92 - 1.03) 0.251

Abbreviations: HR = Hazard Ratio; Cl = Confidence Interval;
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Table 12: Race-stratified analyses partially and fully adjusted by covariates

Black Participants

Partially Adjusted Fully Adjusted

Adjusted HR Adjusted HR
(195% CI) P-Value (195% cI) P-Value

SDOH Clusters

Cluster 1 0.99(0.79-1.24) 0922 1.11(0.87-1.41) 0.419

Cluster 2 1.01(0.73-1.42) 0.934 0.98(0.69-1.39) 0.916

Cluster 3 1.20(1.04-1.39) 0.014 1.17(1.01-1.35) 0.042

Cluster 4 1.01(0.86-1.19) 0.915 1.03(0.87-1.22) 0.737

Cluster 5 0.92(0.71-1.20) 0555 0.92(0.71-1.20) 0.559
Age at Baseline Exam
(per 1 year higher) 1.12(1.02-1.23) 0.014 1.07(0.98-1.18) 0.131
Sex

Female 0.65(0.47-0.90) 0.009 0.58(0.41-0.81) 0.002

Male 1.0 (ref) -- 1.0 (ref) --
Baseline CVH Score -- -- 0.74 (0.67 - 0.81) <0.001
Maximum Years of - - 0.99 (0.92-1.07) 0.837

Education (per year)

White Participants

Partially Adjusted

Fully Adjusted

Adjusted HR Adjusted HR
(195% c) P-Value (195% Cl) P-Value

SDOH Clusters

Cluster 1 0.76 (0.62-0.93) 0.006 0.93(0.75-1.14) 0.484

Cluster 2 1.09(0.74-1.61) 0.656 1.14(0.77-1.69) 0.505

Cluster 3 1.11(0.92-1.35) 0.268 1.08(0.88-1.31) 0.471

Cluster 4 1.00(0.81-1.22) 0.962 0.91(0.73-1.13) 0.385

Cluster 5 0.78(0.56-1.08) 0.136 0.78(0.55-1.11) 0.164
Ageat BaselineExam 15 97.125) 0141 1.11(097-127) 0.119
(per 1 year higher)
Sex

Female 0.42 (0.28-0.62) <0.001 0.50(0.33-0.76) 0.001

Male 1.0 (ref) -- 1.0 (ref) --
Baseline CVH Score - -- 0.72 (0.65-0.79) <0.001
Maximum Years of
Education -- -- 0.94 (0.87-1.02) 0.132
(per year)

Abbreviations: HR = Hazard Ratio; Cl = Confidence Interval;



Table 13: Secondary analyses for SDOH-CVD event associations adjusting for mid-life CVH and subclinical

CVD
Model 6 Model 7
Adjusted HR i Adjusted HR i
(95% Cl) P-Value (95% Cl) P-Value

SDOH Clusters SDOH Clusters

Cluster 1 0.97 (0.79 - 1.20) 0.785 Cluster 1 0.95(0.74 - 1.23) 0.725

Cluster 2 0.87 (0.62 - 1.21) 0.412 Cluster 2 1.07 (0.74 - 1.56) 0.708

Cluster 3 1.08 (0.92 - 1.26) 0.373 Cluster 3 1.14 (0.93 - 1.39) 0.195

Cluster 4 0.97 (0.83 - 1.15) 0.737 Cluster 4 1.10 (0.90 - 1.34) 0.349

Cluster 5 0.82 (0.62 - 1.08) 0.154 Cluster 5 0.83(0.58 -1.19) 0.320
Baseline CVH Score 0.75(0.69-0.82) <0.001 Baseline CVH Score 0.83 (0.74 - 0.92) <0.001
Age at Baseline Exam i Age at Baseline Exam i
(per 1 year higher) 0.98 (0.88 - 1.10) 0.776 (per 1 year higher) 0.92 (0.80 - 1.05) 0.198
Sex Sex

Female 0.62 (0.44 - 0.87) 0.006 Female 0.44 (0.29 - 0.66) <0.001

Male 1.0 (ref) -- Male 1.0 (ref) --
Race Race

Black 1.26 (0.87 - 1.82) 0.216 Black 0.95 (0.61 - 1.49) 0.835

White 1.0 (ref) - White 1.0 (ref) -
Maximum Years of Maximum Years of
Education (per year) 0.98 (0.91 - 1.05) 0.492  Education (per year) 1.00(0.92- 1.09) 0.977
CAC at Mid-life I(_g\jmlz-%t Mid-lite 1.03(1.02-1.04)  <0.001

Presence 2.28 (1.62 - 3.19) <0.001

Absence 1.0 (ref) --

Model 8
Adjusted HR
(95% CI) P-Value

SDOH Clusters

Cluster 1 1.06 (0.85-1.31) 0.614
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Cluster 2

Cluster 3

Cluster 4

Cluster 5
CVH Score at Mid-Life
Baseline CVH Score
Age at Baseline Exam
(per 1 year higher)
Sex

Female

Male
Race

Black

White
Maximum Years of
Education (per year)

0.81 (0.57 - 1.13)
1.09 (0.92 - 1.29)
0.98 (0.83 - 1.16)
0.85 (0.64 - 1.13)
0.82 (0.75 - 0.89)
0.80 (0.73 - 0.89)

0.99 (0.89 - 1.11)

0.59 (0.42 - 0.82)
1.0 (ref)

1.13(0.78 - 1.62)
1.0 (ref)

1.00 (0.94 - 1.07)

0.216
0.306
0.822
0.270
<0.001
<0.001

0.925

0.002

0.521

0.990

Abbreviations: HR = Hazard Ratio; Cl = Confidence Interval; CAC = Coronary Artery Calcification; LVMI = Left

Ventricular Mass Index;

CVH = Cardiovascular Health;
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Figure 3: Subgraph augmented non-negative matrix factorization (SANMF)
workflow
Abbreviations: CVH = Cardiovascular Health; SDOH = Social Determinants of Health;
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Figure 4: Subgraph augmented non-negative matrix factorization model
Abbreviations: SDOH = Social Determinants of Health;
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Figure 5: Variable importance plot from the Base + CVH + SDOH clusters logistic
regression model

Importance is measured as the classification error in the model when the feature is
permuted vs. the original, non-permuted, model. Abbreviations: CVH = Cardiovascular
Health; SDOH = Social Determinants of Health;
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Figure 6: Variable importance plot from the Base + CVH + Subgraphs Lasso
regression model

Importance is measured as the classification error in the model when the feature is
permuted vs. the original, non-permuted, model.

Description of subgraphs in order of importance:

1) Baseline CVH- Baseline cardiovascular health;

2) High Neighborhood Resources- 7-8 resources available in a participant’s
neighborhood including exercise facilities, parks, grocery stores, bus stops, etc. in the
45 and beyond age window;

3) Maximum Education level across all age windows;

4) Race;

5) Mid-Higher Fast Food- Mid-range availability to fast food and convenience stores in a
participant’s neighborhood in the 25-34 age window and then Higher availability in the
34-44 age window;

6) Depression 25-44- Depression in the 25-34 and 35-44 age window;

7) Separated or Divorced- Separated or divorced marital status in the 25-34 age
window;

8) NVH Pay Medical- Not very hard to pay for medical care in the 35-44 and 45 and
beyond age windows;

9) Lower Negative Interactions- Lower negative interactions in the 35-44 age window.
10) Depression 35+- Depression in the 34-44 and 45 and beyond age windows;
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Figure 7: Subgraph-augmented non-negative matrix factorization (SANMF)
methodology to create and characterize social determinants of health (SDOH)

clusters
(Adapted from Sanchez-Pinto et al.>%)
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Figure 8: Characterization of the five social determinants of health (SDOH)

clusters created among all participants.

We present each cluster’s top 10 time-dependent SDOH patterns. Abbreviations: HS =

High School; SES = Socioeconomic Status; The five clusters can be described as

follows: Cluster 1) economically stable with less psychologically demanding job, mid-

range social support, zero health care access barriers, and no change in residence;

Cluster 2) economically stable with employment, mid-range social support, and zero
health care access barriers; Cluster 3) some difficulty economically with lower status
job, low social support, and years without health insurance; Cluster 4) no difficulty

meeting demands, with vulnerable neighborhood environment, and Cluster 5)
economically wealthy with high status job, higher social support, and change in

residence during late 20s and early 30s.
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Figure 9: Characterization of SDOH clusters presenting patterns with the top ten highest membership
coefficients

The five clusters can be described as: Cluster 1) higher job decision latitude, financially stable, higher neighborhood
cohesion, no children, higher social support, no healthcare access barriers, and some chronic burden; Cluster 2) stable g



employment throughout early to mid-life, some difficulty making ends meet, one or more changes in residence, and lower
to mid-range social support; Cluster 3) lower assets but food secure, rented home, lower job decision latitude job, mid-
range neighborhood cohesion, no children, higher discrimination, lower social support, and higher chronic burden; Cluster
4) financially stable and owned home, mid-range neighborhood cohesion, children who are living in the home, mid-range
to higher social support, zero healthcare access barriers, and some chronic burden; Cluster 5) none or some economic
difficulties, lower job decision latitude, one change in residence, lower to mid-range social support, and zero healthcare
access barriers;

9GT
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Figure 10: CVD event rates per 1,000 person-years by race and sex subgroups

and SDOH cluster
Cluster event rates were based on participants with likelihood values for each SDOH

cluster >1 standard deviation. Dashed line indicates overall unadjusted event rate (1.56
CVD events per 1,000 person-years).
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