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Abstract

Background: Efforts to explain the burden of cardiovascular disease (CVD) often focus on
genetic factors or social determinants of health. There is little evidence on the comparative
predictive value of each, which could guide clinical and public health investments in measuring
genetic versus social information. We compared the variance in CVD-related outcomes explained
by genetic versus socioeconomic predictors.

Methods: Data were drawn from the Health and Retirement Study (N=8,720). We examined
self-reported diabetes, heart disease, depression, smoking, and body mass index, and objectively
measured total and high-density lipoprotein cholesterol. For each outcome, we compared the
variance explained by demographic characteristics, socioeconomic position (SEP), and genetic
characteristics including a polygenic score for each outcome and principal components (PCs)
for genetic ancestry. We used R-squared values derived from race-stratified multivariable linear
regressions to evaluate the variance explained.

Results: The variance explained by models including all predictors ranged from 3.7% to 14.3%.
Demographic characteristics explained more than half this variance for most outcomes. SEP
explained comparable or greater variance relative to the combination of the polygenic score and
PCs for most conditions among both white and Black participants. The combination of SEP,
polygenic score, and PCs performed substantially better, suggesting that each set of characteristics
may independently contribute to prediction of CVD related outcomes.
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Conclusions: Focusing on genetic inputs into personalized medicine predictive models, without
considering measures of social context that have clear predictive value, needlessly ignores relevant
information that is more feasible and affordable to collect on patients in clinical settings.
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INTRODUCTION

Cardiovascular disease (CVD) is the leading cause of death in the United States.’
Conceptual frameworks guiding efforts to reduce the burden of CVD are often motivated
around either a precision medicine approach primarily focused on genetics or a social
determinants of health perspective that discounts the potential relevance of genetic

factors. Precision medicine typically focuses on precisely tailoring treatment based on an
individual’s genetic and other biomedical characteristics.? In contrast, social determinants
frameworks emphasize the importance of addressing social factors, such as components
of socioeconomic position (SEP), to reduce CVD burden and disparities at the population
level.3 Although these need not be competing frameworks, in practice precision medicine
is rarely used to motivate strategies leveraging social determinants of health, and social
determinants of health initiatives rarely engage with biomarker or genetic metrics. To date,
there is little evidence on whether more relevant predictive information is likely to be
derived from genetic data or social factors, because few studies have included both types of
data as explanatory variables in the same models.

Given the decrease in price, a whole genome assay is currently feasible as a routine part

of clinical care and a precision medicine framework would suggest the information derived
from such genetic data could be used to identify risk strata for clinical care.* Genetic
information is already being used to guide some treatment decisions.>® At the same time,
some have proposed routinely incorporating information on social determinants of health
into clinical records.” Social determinants data may be useful to identify high-risk groups
and guide clinical decisions based on the social context faced by the patient, although this is
not widespread practice in the U.S. For example, closely related work has evaluated adding
social characteristics (like SEP) to clinical risk prediction algorithms,8-10 and this is now
common practice in some international settings (e.g., the ASSIGN score in Scotland) but not
in the U.S.11

Integrating any type of new information into clinical care entails costs related to collecting,
storing, and creating user-friendly access to the data. Given this, if we want to maximize
our ability to anticipate high risk of CVD, what information is in fact most important

to collect? Is there substantial added value of genetic tests in explaining the variation in
CVD outcomes, over and above standard questions on demographics? Similarly, is there
added value in assessing social determinants? Would the two types of data in combination
substantially outperform either in isolation? There are increasing calls in population health
research for a more robust engagement between genetic research and social epidemiology to
address this gap in our understanding.12
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In this study, we help to answer these questions by leveraging longitudinal data on a large
sample of U.S. older adults. We examine the variance in CVD and related risk factors that
is explained by demographic, genetic, and socioeconomic predictors. We do not attempt to
identify causal determinants of CVD and related risk factors in our analysis or develop a
clinical prediction model; instead, we focus here on the relative importance of prediction in
the context of a precision health approach to disease prevention.

Our sample was drawn from the U.S. Health and Retirement Study (HRS), a longitudinal
cohort study that has been conducted biennially since 1992 among a nationally
representative sample of men and women over 50 years of age and their spouses (N =
37,495). Additional details on the survey design have been described previously.13 We used
data through the 2014 survey wave, the latest available at the time data analysis began.
Neighborhood-level socioeconomic characteristics at the census tract level were drawn from
the 2000 Decennial Census,1# linked to HRS based on census tract of residence in 2000.

We restricted the sample to individuals who participated in genetic testing and for whom
valid data were available on the polygenic scores of interest (N = 12,367, details on
genetic testing below). We also restricted the sample to individuals for whom data were
available on neighborhood of residence (N = 9,909). Finally, we restricted the sample

to self-reported non-Hispanic white participants (N = 7,522, which HRS labels as those
with “European ancestry” for the purposes of their genetic data) and self-reported Black
participants (N = 1,198, which HRS labels as those with “African ancestry”). HRS has
released polygenic scores—derived from prior genome-wide association studies—only for
these two populations (see details below), and there are few individuals of other racial/
ethnic subgroups in HRS. Because the majority of genome-wide association studies are
done among European-ancestry populations, polygenic scores constructed from these data
may not necessarily have the same predictive capacity for populations of non-European
ancestry.1% In addition, Black and white participants may be of mixed genetic ancestry
despite how they are categorized in HRS.

Outcomes—In each survey wave, HRS asks respondents whether they have ever been
diagnosed with a list of specific conditions. We selected self-reported and objectively
measured CVVD outcomes and risk factors for which prevention or treatment is available
in a clinical setting, and for which information on demographic and other characteristics
may influence clinical guidelines. We also required that a relevant polygenic score for
these outcomes was available in HRS. For self-reported outcomes, we defined someone as
having that condition if they ever reported that they had the condition in any survey wave.
These included self-reported measures of diabetes, heart disease, smoking, and body mass
index (BMI) based on self-reported height and weight. We also included depression risk,
as depression and poor mental health have been repeatedly documented as risk factors for
CVD.18.17 We determined depression risk based on whether an individual ever scored 3 or
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more on the shortened 8-item Center for Epidemiologic Studies Depression scale used by
HRS.18 Finally, we included objectively measured serum markers of total cholesterol and
high-density lipoprotein (HDL, “good”) cholesterol that were collected in the 2006-2012
survey waves for a subset of study participants. For individuals who provided a blood
sample in more than one survey wave, we took the mean of the observed values.

Demographic Characteristics—Demographic characteristics included a range of
measures that have been associated with CVD: gender, foreign-born status, birth year, and
census region of residence (Northeast, Midwest, South, and West). Census region was drawn
from the first wave in which the subject participated in HRS, to reduce confounding by
health status. Birth year was included as a cubic spline to account for possible non-linear
relationships with the outcomes. Because age and birth year are highly correlated in our data
due to the nature of the HRS sampling, we did not include both variables in the models.

Socioeconomic Position—To measure SEP as comprehensively as possible, we
included variables that captured multiple socioeconomic dimensions at both the individual
and neighborhood levels. The individual-level variables included educational attainment
(less than high school, high school, some college, college or more), assets, income,
longest held occupation (manager/professional versus other), and an index of childhood
SEP. Household assets and income were drawn from the first wave in which the subject
participated, to reduce confounding by health status (i.e., worsened CVD in early survey
waves might lead to reduced income and assets in later waves), and the variable was
transformed with a natural logarithm for our analysis due to variable skew. The childhood
SEP index was constructed and validated in HRS data in prior work, and included measures
of childhood social capital, financial capital, and human capital.19

Neighborhood socioeconomic status was captured using 16 census tract characteristics,
drawn from the 2000 Decennial Census! and linked based on census tract of residence in
2000 (see eAppendix). To reduce the dimensionality of these data, we conducted principal
components analysis, similar to the construction of composite measures of neighborhood-
level disadvantage used in prior work.20-21 Based on graphical examination of the elbow
(i.e., kink) in the resulting scree plot,22 we selected the first five principal components (PCs)
to include in subsequent regressions.

Genetic Characteristics—Genetic data were collected from HRS participants during the
2006-2012 waves using a mouthwash technique. Genotyping was conducted by the NIH
Center for Inherited Disease Research using the Illumina Human Omni-2.5 Quad beadchip,
which includes roughly 2.4 million single-nucleotide polymorphisms (SNPs). Additional
details are available from HRS.23

Using genome-wide association study data, HRS constructed genome-wide polygenic scores
for a range of phenotypes, aggregating thousands to millions of SNPs across the genome
and weighting them by effect sizes derived from genome-wide association study data.

HRS defined weights by the odds ratio or beta estimate from the genome-wide association
study meta-analysis files corresponding to the phenotype of interest, and additional details
are available in HRS documentation.23 Using genome-wide polygenic scores is preferred

Epidemiology. Author manuscript; available in PMC 2023 January 01.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Hamad et al.

Page 5

over including only SNPs deemed significant in prior genome-wide association studies,

as the former are thought to explain more variance in the phenotype of interest.24 Each
polygenic score therefore estimates an individual’s genetic risk of developing the disease of
interest. HRS provides separate polygenic scores for self-reported white participants (which
it labels as those with “European ancestry”) and self-reported Black participants (which it
labels as those with “African ancestry”). For each participant, we used the polygenic score
corresponding with their self-reported race, although it should be noted that racial identity is
a social construct, and that systematic biological/health differences between Black and white
adults reflect the embodiment of social inequalities and systemic racism targeting Black
people in the U.S. context.

Using these SNPs, HRS also constructed race-specific PCs (i.e., separately for white and
Black participants) to represent genetic ancestry.23 We included the first 10 components in
regression models to account for population stratification.2

Data Analysis

We first tabulated characteristics of the sample. We then constructed a series of models,

to test how different combinations of covariates altered the variance explained for each
outcome. Model 1 regressed each health outcome of interest (e.g., diabetes) on the
demographic characteristics above. Model 2 included demographic characteristics and
measures of SEP. Model 3 included demographic characteristics and PCs for genetic
ancestry. Model 4 included demographic characteristics and the disease-specific polygenic
score (e.g., for diabetes). Model 5 included demographic characteristics and both PCs and
the polygenic score. Finally, Model 6 included all predictors: demographic characteristics,
SEP, PCs, and the polygenic score.

We assessed variance explained using adjusted R-squared, defined as the variance in the
outcome explained by predictions from the estimated model divided by the total variance in
the outcome, or fraction of the variance explained by the model. This metric has been used
to quantify prediction in prior related work.26:27 Since R-squared (or an appropriate analog)
is not available with an equivalent interpretation for logistic regressions,28:2% ordinary least
squares linear regressions were used for both continuous and binary outcomes, to allow
comparability of the measure of variance explained across all outcomes. Robust standard
errors were clustered at the household level to account for correlated observations among
spouses.

We also examined the additional variance explained by SEP, PCs, and the polygenic score,
individually and in combination, over and above the variance explained by demographic
characteristics alone. To do so, we subtracted the R-squared for Model 1 from the R-squared
for Models 2-6, as Model 1 is nested within (i.e., has a subset of the covariates from)
Models 2—6. We approximated confidence intervals for the R-squared values using the
Fisher’s z-transformation and approximate standard error for a correlation coefficient.30

Finally, we conducted formal evaluations of model performance for binary outcomes by
calculating sensitivity, specificity, accuracy, and Brier scores for each set of models, (see
eAppendix). For logistic regression models with binary outcomes, we also computed
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likelihood ratio tests, comparing each model with the base model that included only
demographic predictors.

Ethics Approval

RESULTS

Approval for this study was provided by the institutional review board of the first author’s
institution (15-18340).

Sample Characteristics

More than half the sample was female, with a mean birth year of 1935 (SD 9.0) among
white participants and 1937 (SD 8.8) for Black participants (Table 1). About half of white
participants and two-thirds of Black participants had a high school education or less. Mean
annual household income was $56,914 (SD $57,299) for white participants and $35,133
(SD $35,855) for Black participants. Nearly a third of white participants and 16% of Black
participants were managers or professionals in their longest held occupations.

Nearly a quarter of white participants and 41% of Black participants self-reported diabetes,
41% of white participants and 34% of Black participants reported heart disease, and 38%
of white participants and 53% of Black participants met criteria for high risk of depression.
Over half were ever-smokers. Mean BMI was 27 (SD 4.9) among white participants and 29
(SD 5.6) among Black participants, mean total cholesterol was 196 (SD 38) among white
participants and 195 (SD 37) among Black participants, and mean HDL was 54 (SD 15)
among white participants and 55 (SD 16) among Black participants.

Variance in CVD Explained by Demographic Characteristics

R-squared values for regressions models incorporating only demographic characteristics
(i.e., gender, foreign-born status, birth year, and census region of residence) ranged from
1% (for diabetes) to 8% (for total cholesterol) among white participants (blue diamonds in
Figure 1A), and from 2% (for heart disease) to 8% (for BMI) among Black participants
(blue diamonds in Figure 1B). The total variance explained when including all categories
of predictors was below 15% for all outcomes, ranging from 4% for diabetes to 14% for
BMI among white participants (Figure 1A), and from 6% for HDL to 11% for BMI among
Black participants (Figure 1B). For heart disease, smoking, and total and HDL cholesterol,
demographic factors accounted for at least half of the variance that could be explained by
all predictors combined among white participants. Among Black participants, demographic
factors accounted for at least half of the total variance explained by all predictors for
smoking, BMI, and total and HDL cholesterol.

Additional Variance in CVD Explained by Socioeconomic and Genetic Characteristics

The additional variance explained by the addition of SEP, genetic PCs, and polygenic scores
over and above the model including only demographic predictors differed across outcomes
and for white and Black participants (Figure 2, eTables 1-2). Among white participants, PCs
for genetic ancestry consistently contributed the /eastamount of explained variance (green
triangles in Figure 2A), such that estimates for R-squared were not different from models
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including only demographic characteristics (eTable 1). This was followed by polygenic
scores for all conditions except BMI and total cholesterol (purple circles). Among Black
participants, the polygenic score contributed the least amount of explained variation for all
conditions except for BMI (purple circles in Figure 2B), such that estimates for R-squared
were not significantly different from models including only demographic characteristics
(eTable 2). This was followed by PCs for genetic ancestry (green triangles).

When including both sets of genetic predictors—genetic PCs and polygenic scores (blue
squares in Figures 2A, 2B)—the additional variance explained increased relative to the
variance explained by demographic characteristics alone, and was comparable to the
variance explained by SEP (eTables 1-2). For depression, however, SEP characteristics
explained a higher percentage of the variance than the combination of PCs and polygenic
scores for both white (7%, 95%CIl: 6, 8 for SEP versus 4%, 95%CI: 3, 5 for PCs and
polygenic scores) and Black participants (9%, 95%Cl: 6, 13 for SEP versus 4%, 95%Cl: 2,
6 for PCs and polygenic scores) (eTables 1-2). For BMI among white participants, PCs and
polygenic scores together explained a higher percentage of the variance (13%, 95%CI: 11,
14) than SEP characteristics (8%, 95%Cl: 7, 9).

For nearly all outcomes, among both white and Black participants, there was substantially
more variance explained when all three of SEP, PCs, and polygenic scores were included in
the models (orange circles in Figures 2A, 2B; eTables 1-2). This suggests that SEP is not
collinear with the genetic factors, and that they each may contribute to prediction of CVD
and related risk factors, although the magnitude of this additional prediction varied by risk
factor.

Finally, likelihood ratio tests for binary outcomes demonstrated that adding predictors to the
base model increased the goodness-of-fit of the model for the White sample for all outcomes
(i.e., diabetes, heart disease, depression, and smoking). For the Black sample, only models
that included SEP improved the goodness-of-fit for diabetes, heart, disease, and smoking,
while all predictors increased the goodness-of-fit for depression (eTable 3).

DISCUSSION

This study is among the first to compare the variance explained by demographic,
socioeconomic, and genetic characteristics across a range of CVD-related outcomes and
risk factors, with the goal of informing investments in measuring genetic and social
information for predictive modeling in clinical care settings. Despite the excitement and
substantial investment in genetic testing and personalized medicine, this study demonstrated
that in many cases SEP explained a greater or comparable amount of the variance in CVD
and related risk factors relative to polygenic scores, and it was particularly important in
explaining the variation in depression risk.

The predictive capacity of polygenic scores was lower among Black participants, even
though we used scores that were specific to this population. This is likely due to the fact
that the genome-wide association studies used to create these scores have been conducted
predominantly in white populations and thus the samples for creating the scores specific
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to Black participants are less well powered.3! This leads to worse calibration of polygenic
score-based models for Black people and could contribute to disparities in appropriate
treatment if incorporated into routine clinical decisions. More generally, HRS only provides
PC and polygenic score data stratified by race, which is itself a sociopolitical construct.
Survey documentation from HRS indicates that this is “to control for confounding from
population stratification, or to account for any ancestry differences in genetic structures
within populations that could bias estimates,”23 although this does not account for the fact
that biological differences within racial categories may be more important to consider than
those between individuals of different races.32-34 For example, PCs may be associated with
skin color, state of residence, and related experiences of racism for Black participants,
which is known to affect health. Part or all of the effect attributed to genetic ancestry in
Black participants could be therefore related to social factors. Practically speaking, this
precluded our ability to carry out an analysis in the overall sample. Efforts are underway

to diversify the samples included in genome-wide association studies, and future work
should replicate this study when more genome-wide association study data from a larger
number of Black participants become available. Racial inequalities in cardiovascular health
are stark in the U.S., and by stratifying our models on race, we obscure one of the largest
demographic predictors. This does not modify interpretations of what could be offered by
adding genetic or SEP information over and above the demographic-only models. Given
the national priority of addressing racial disparities in health, we consider the stratified
models most relevant for prioritizing new sources of information. For Black participants,
the addition of SEP matched or outperformed the addition of genetic information for all
outcomes except total and HDL cholesterol.

A handful of prior studies have conducted analyses similar to those in this study. One prior
study determined that a polygenic score for obesity improved prediction of BMI over and
above demographic and socioeconomic characteristics. It also found that the predictive value
of the polygenic score was not as great as that of SEP and concluded that it would likely
have limited clinical utility.26 Of note, this prior study’s measure of SEP consisted solely

of a categorical variable for educational attainment. As in our study, it also found that the
polygenic score had limited utility in Black participants. Another study of schizophrenia
compared the variance explained by a polygenic score, SEP, and an individual’s family
history, finding them to be roughly comparable, although the polygenic score included

only highly significant SNPs, and the measure of SEP was limited to information on each
individual’s parents’ socioeconomic status in the year prior to his/her birth.2” This study was
conducted in Denmark and racial heterogeneity was not examined.

In general, in our population sample of community-residing adults, the total variance
explained for each outcome was still small, with R-squared values of less than 15% for

all conditions even when including all of the covariates that represented a broad array of
measures of demographics, SEP, and genetic characteristics. This modest percentage reflects
the role of measurement error of constructs included, and other unmeasured factors, both
genetic and socioeconomic. For example, whole genome sequencing and examination of
rare variants has shown promise for prediction,3° as have prior generation measurements

of SEP.36 However, the possibility remains that the majority of unexplained variation may
be due to randomness.3” For most outcomes, more than half of the variation that could
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be explained with measured covariates was explained by demographic characteristics alone
(i.e. gender, age, place of birth, and census region of residence) which likely represents the
tremendous importance of age as a predictor and likely causal determinant of CVD and
related risk factors.

This study has several limitations. First, it was restricted to a sample of white and Black
participants due to lack of availability of PCs and the small sample size for other racial/
ethnic groups in HRS. Similarly, due to the use of HRS, there may be selection bias

due to the inclusion of only older adults and possibly higher-SEP individuals that are

likely to participate in surveys and genetic testing,38 and the size of the sample precluded
the ability to conduct rigorous tests of overfitting. However, there are very few data sets
other than HRS—particularly in the U.S.—that include this level of detail on demographic,
socioeconomic, as well as genetic characteristics; future studies can replicate these analyses
when data become available on younger, lower-SEP populations, and larger samples.
Additionally, it is important to note that these models are not focused on determining

the causal determinants of CVD and related risk factors, although predictive modeling is
often a first step in understanding causal relationships. Thus, while social factors may be

a direct target of intervention in clinical settings and in sectors outside of healthcare to
reduce disease burden and disparities,3° this work does not necessarily speak to the possible
effectiveness of such strategies. It is also unclear how the current results would generalize
to health conditions other than CVD and its related risk factors, as we demonstrated
heterogeneity in the variance explained by demographics, SEP, and genetic characteristics
even among the handful of related outcomes included in this study. Of note, most outcomes
were self-reported and likely correspond to prevalent cases. The use of prevalent outcomes
will mix prediction of incidence and survival, and misclassified outcomes are likely to
reduce the ability of the predictors to be useful. Additionally, for some of the health
outcomes examined, more recent polygenic scores may have been developed, but these
were not available for analysis in HRS. Finally, we did not evaluate interactions between the
various categories of predictors, which might improve predictive capacity.

In conclusion, this is among the first studies to compare the variance explained by
demographic, socioeconomic, and genetic characteristics for CVD and related risk factors.
Social factors explained a large amount of variance in CVD-related outcomes, independent
of genetic factors. However, polygenic scores also typically added to predictive precision.
To focus only on incorporating genetic information into personalized medicine models,
without considering social context, is needlessly ignoring relevant information that may

be more feasible and affordable to gather in many cases. These findings may help to
inform conversations about investments in measuring genetic versus social information for
predictive modeling so that clinics and public health practitioners can more effectively
identify risk at both the individual and the population level.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Figure 1. Percent of variance explained by demographic, socioeconomic, and genetic covariates
Note: N = 7,522 white participants and 1,198 Black participants. Percent of variance

explained is the R-squared value from a multivariate linear regression of the given outcome
on the given combination of covariates. BMI: body mass index; HDL.: high-density
lipoprotein cholesterol; PCs: principal components for genetic ancestry; PGS: polygenic
score specific to relevant health condition; SEP: socioeconomic position.
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Panel B: Black Participants

10
9
i &
=
g @
g 7
=3
[:i
s 9§
<
g
-E 5
=
St
e @
= @
2
5 @ o)
& . e
2 a8
B
. & = g
l A = @ l ' !
® e ®
0 T @ T T L T A T T 1
5 S & < S > V.
QO N o
& 3 b‘c'g' &é—} & Q$ ef‘}'e Qs)
Q S KR “‘,)& \\0\
& Q \°
> D
&0
Outcome

Figure 2.
Additional percent of variance explained by socioeconomic and genetic covariates, relative

to demographic covariates alone

Epidemiology. Author manuscript; available in PMC 2023 January 01.



Page 16

Hamad et al.

Author Manuscript

(97) 56 (ST) ¥S ((@s) ueaw “1p/Bu) josarsajoyo utsjosdodi) Ansusp-ybiH
(2€) g6T (8€) 96T ((as) ueaw “1p/Buu) |0J31S3I0YD [BI0L
(9°9) 62 67) 12 ((as) ueaw *,w/Bx) xeput ssew Apog
65 85 (%) Jo¥ows Jen3
€5 8¢ (%) uoissaida@
e 134 (%) asessIp eaH
44 14 (%) seveqelQ
SOUISLIBNIRIRYD YI|BaH
(98°0) 520~ (180220 ((@s) ueaw) xaput 435 POOUPIIYD
9T 6C (%) euoissajoudysabeuew uonednaaO
(ss8'se) €eT'SE (662'25) ¥16'95 ((@s) ueaw *‘asn) awoou|
(¥10'597T) ¥09'6L (€19'ev9) £68'LTE ((as) uesw ‘asn) siessy
14> o4 alow Jo abs|j0D
LT €C aba)]00 swos
43 ov 100yds ybiH
or ¥T 1ooyds ybiy ueys ssa
(%) uswiurene [euoneonp3
SIIISIISIOBIRLI IILIOUOIFOII0S
9 LT 159\
99 9€ yinos
0¢ 6¢ 1SOMPIA
8T JAS 1Se3YLION
(9%) 8ouapisal Jo uoibai snsua)
(8'8) L€6T (0'6) G€6T ((as) ueaw) Jeak yuig
9 14 (%) uioq ubiaio
9 65 (%) arewiad

SINISLIBNIRIEYI IIYdeibowsg

86T'T = N Sitedidiled oe|g

225", = Nswedpnred a1ym

% Jo (aS) ves

‘TalqeL

Author Manuscript

Author Manuscript

sonsualoesey) ajduwres

Author Manuscript

Epidemiology. Author manuscript; available in PMC 2023 January 01.



Page 17

Hamad et al.

uonisod
21WOU0230190S :d3S "SNIels yieay Aq Buipunojuod aanpal 03 ‘patedionted 19a[qns ays YdIym Ul aABM IS11 U} WOJY aJe 313y papiodas 92uapisal Jo uolfial SNSuad pue ‘sniels [euoiiednado ‘auwodul ‘s)assy (10N

Author Manuscript Author Manuscript Author Manuscript Author Manuscript

Epidemiology. Author manuscript; available in PMC 2023 January 01.



	Abstract
	INTRODUCTION
	METHODS
	Data
	Variables
	Outcomes
	Demographic Characteristics
	Socioeconomic Position
	Genetic Characteristics

	Data Analysis
	Ethics Approval

	RESULTS
	Sample Characteristics
	Variance in CVD Explained by Demographic Characteristics
	Additional Variance in CVD Explained by Socioeconomic and Genetic Characteristics

	DISCUSSION
	References
	Figure 1.
	Figure 2.
	Table 1.

