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BACKGROUND: Coronary heart disease (CHD) is the leading cause of death in the world. Unfortunately, many of the key diag-
nostic tools for CHD are insensitive, invasive, and costly; require significant specialized infrastructure investments; and do not
provide information to guide postdiagnosis therapy. In prior work using data from the Framingham Heart Study, we provided
in silico evidence that integrated genetic—epigenetic tools may provide a new avenue for assessing CHD.

METHODS AND RESULTS: In this communication, we use an improved machine learning approach and data from 2 additional
cohorts, totaling 449 cases and 2067 controls, to develop a better model for ascertaining symptomatic CHD. Using the DNA
from the 2 new cohorts, we translate and validate the in silico findings into an artificial intelligence—guided, clinically imple-
mentable method that uses input from 6 methylation-sensitive digital polymerase chain reaction and 10 genotyping assays.
Using this method, the overall average area under the curve, sensitivity, and specificity in the 3 test cohorts is 82%, 79%, and
76%, respectively. Analysis of targeted cytosine-phospho-guanine loci shows that they map to key risk pathways involved in
atherosclerosis that suggest specific therapeutic approaches.

CONCLUSIONS: We conclude that this scalable integrated genetic—epigenetic approach is useful for the diagnosis of symp-
tomatic CHD, performs favorably as compared with many existing methods, and may provide personalized insight to CHD
therapy. Furthermore, given the dynamic nature of DNA methylation and the ease of methylation-sensitive digital polymerase
chain reaction methodologies, these findings may pave a pathway for precision epigenetic approaches for monitoring CHD
treatment response.
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of death globally, including in the United States,

with 9 million people dying annually from myo-
cardial infarctions.! More than 90% of the risk for
these events is attributable to modifiable factors.? To
improve prevention and achieve greater levels of sur-
vival of cardiac events, there is a need for more sen-
sitive and scalable methods to detect both the early
risk and the current presence of CHD. In previous

COronary heart disease (CHD) is the leading cause

work, we have shown that artificial intelligence (Al)-
aided diagnostic approaches incorporating epigen-
etic (DNA methylation) effects and gene-methylation
interactions (GxMeth) can be translated into clinically
implementable methods that can outperform standard
lipid-based approaches in predicting 3-year risk for the
onset of symptomatic CHD.® However, whether clinical
translation could be successfully achieved for similar
in silico findings* for the detection of stable CHD has
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CLINICAL PERSPECTIVE

What Is New?

e Prior studies have shown that genetic and epi-
genetic variation are associated with coronary
heart disease risk factors and coronary heart
disease itself.

e This study extends prior studies to show that
an artificial intelligence—guided method that si-
multaneously considers both genetic and DNA
methylation information can be used to assess
current coronary heart disease status in a clini-
cally meaningful manner.

What Are the Clinical Implications?

e This form of epigenetic testing may provide a
rapid, scalable, and sensitive alternative to cur-
rently established methods for assessing cur-
rent CHD status.

e Because the 6 methylation indices are both
dynamic and map to molecular pathways of
established clinical risk factors, it may be pos-
sible that the epigenetic information contained
in the test could be used to inform treatment
choice and guide the evaluation of intervention
effectiveness.

e Future studies to test this hypothesis are
indicated.

Nonstandard Abbreviations and Acronyms

CpG cytosine-phospho-guanine

CXCL1 C-X-C motif chemokine ligand 1

DHCR24 24-dehydrocholesterol reductase

EHD4 EH domain containing 4

FHS Framingham Heart Study

GxMeth  gene-methylation interactions

IM Intermountain Healthcare

INOCA ischemia with non-obstructive coronary
arteries

INSPIRE Intermountain Healthcare Biological
Samples Collection Project and
Investigational Registry for the On-
Going Study of Disease Origin,
Progression, and Treatment

MSdPCR methylation-sensitive digital polymerase
chain reaction

TMEM18 transmembrane protein 18

UTR untranslated region

remained uncertain. Instead, current guidelines for as-
sessing the presence of stable CHD stipulate the use of
established measures such as the use of nonemergent
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exercise stress tests with ECGs or coronary computed
tomographic angiography, depending on factors such
as the degree of clinical suspicion, the ability to exer-
cise, and the likelihood of high-risk events.>®

The performance of these more established meth-
ods for assessing stable CHD status has been exten-
sively examined. The most commonly used and least
invasive option, exercise ECG, has a sensitivity of only
58%." In contrast, the best-performing method, coro-
nary computed tomographic angiography, is reported
to have a sensitivity of 97%.8 However, coronary com-
puted tomographic angiography is expensive, requires
the use of contrast dye, entails significant exposure
to ionizing radiation, and is associated with an =1%
rate of serious morbidity and occasional death.®'"°
Critically, the sensitivity and the specificity of these and
the other methods are usually calculated against in-
vasive coronary angiography as a reference. However,
while angiography is the gold standard for detecting
obstructive CHD, it does not detect the presence of
myocardial ischemia with nonobstructive coronary ar-
tery disease (INOCA), a significant cause of CHD mor-
tality." Therefore, since up to 65% of women and 32%
of men undergoing angiography for suspicion of CHD
with stable angina have no significant obstruction,'? it is
perhaps more accurate to state that our understanding
of the performance of each of these tests for the overall
syndrome of stable CHD, and not just obstructive epi-
cardial coronary artery disease, is still being refined.!

Limitations in sensitivity are not the only challenge
to the use of these methods in the clinical setting. In
managed health care settings, access to these tests
may be difficult because of cost, ranging from a min-
imum of $1125 for an exercise ECG' to a maximum
of $9224 for a cardiac positron emission tomography
scan.'*'® Furthermore, because many of these tests
typically require access to specialized equipment or
health care providers, congested testing schedules
can result in further delays.'® As a result of these and
other structural health care barriers, patients often do
not receive timely and affordable cardiac assessments
that they need.

Recently, advancements at the intersection of
high-throughput epigenetics and Al have led to the
development of Al-driven molecular technologies that
may provide a more scalable and readily accessible
method for assessing stable CHD. CHD results from
a combination of both environmental and genetic
factors.? The overall genetic contribution to CHD is
relatively small, with only 16% of the population-attrib-
utable risk being secondary to common genetic varia-
tion." Instead, the vast majority of risk is acquired from
environmental stressors or lifestyle factors such a diet
rich in saturated fats, smoking, and sedentary lifestyle.
Many of these risk factors have their own unique DNA
methylation signatures in peripheral whole blood, often
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at key loci being affected by interactions between local
or distant genetic variation (GxMeth effects). Therefore,
we previously hypothesized that an Al-based ap-
proach that considered the impact of genetics, DNA
methylation, and GxMeth (genetic x DNA methylation)
effects simultaneously would enable a highly sensitive
approach for predicting CHD status. In 1545 subjects
in the FHS (Framingham Heart Study), we used a ma-
chine learning approach to generate a random forest
classifier that incorporated the methylation information
from 4 cytosine-phospho-guanine (CpG) sites, 2 sin-
gle nucleotide polymorphisms (SNPs), age, and sex to
predict symptomatic CHD with an accuracy, sensitivity,
and specificity of 78%, 75%, and 80%, respectively.*
Our study was subject to several limitations. First,
the number of subjects with CHD in the FHS cohort
was relatively small. Second, the methylation infor-
mation used in our analyses was acquired from ge-
nome-wide arrays, which are time consuming to
process, costly, and relatively inaccurate.”® Third, the
FHS study participants were all White individuals and
from the northeastern United States.'® Fourth, the FHS
CHD assessments represented only best estimates
from the Framingham Endpoint Review Committee.®
Diagnostic testing was not performed as part of the
study protocol. It was uncertain whether our analysis
and results would be applicable to subjects ascer-
tained by other clinical methods, recruited in other re-
gions of the country, or being of other race or ethnicity.
In this study, we develop and validate an integrated
genetic—epigenetic approach for the detection of CHD.
We include data from 3 independent cohorts ascer-
tained in differing regions of the country and translate
the significant DNA methylation findings into accurate,
precise methylation-sensitive digital polymerase chain
reaction (MSAPCR) assays. The study’s end product
comprises a panel of MSAPCR and genotyping as-
says, along with a validated machine learning algo-
rithm. Together, these components form a potentially
clinically implementable tool for predicting CHD status.

METHODS

Data Availability

Information for obtaining the use of data from the
FHS is available from the National Library of Medicine
Database of Genotypes and Phenotypes The data
from the Intermountain Healthcare (IM) and University
of lowa cohorts to support the findings of this study are
available from Dr. Meeshanthini Dogan upon reason-
able request and subject to commercial restrictions.

Study Cohorts

Data were obtained from 3 repositories, the FHS,
the IM Heart Institute INSPIRE (Intermountain
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Healthcare Biological Samples Collection Project and
Investigational Registry for the On-Going Study of
Disease Origin, Progression, and Treatment) registry,
and the lowa CHD Repository (lowa). A full description
of the procedures and protocols used in the FHS (the
National Library of Medicine Database of Genotypes
and Phenotypes study accession: phs000007) has
been provided elsewhere.?®?" Following written con-
sent to participate in genetics research, subjects
underwent phlebotomy. The CHD status of these indi-
viduals was assessed at each exam cycle, using data
from the clinical intake as well as medical records,
by the Framingham Endpoint Review Committee.”®
The data included in this study are from the Offspring
cohort who attended the eighth examination cycle,
which was conducted between 2005 and 2008, con-
sented to genetics research, and have peripheral
blood genome-wide DNA methylation data. All clini-
cal and biological data for the FHS Offspring cohort,
including self-reported subject sex, were obtained in
a fully anonymized form through the National Library
of Medicine Database of Genotypes and Phenotypes
(https://dbgap.ncbi.nim.nih.gov). The University of lowa
Institutional Review Board approved all analyses de-
scribed in this study (IRB No. 20150302).

The design and procedures of the IM registry have
been previously described.??23 In brief, IM patients who
underwent clinically indicated coronary angiography
were solicited to participate in the registry. All subjects
provided informed consent to participate in the regis-
try. However, only those CHD case and control sub-
jects who provided DNA at the time of catheterization
were eligible to participate in this study. A CHD case
subject was defined as an adult aged >18years who
did not have a history of CHD or myocardial infarction
before the index coronary angiogram but had a clinical
diagnosis of CHD (>70% stenosis) on angiography. A
control subject was defined as an adult aged >18years
who did not have a history of CHD or myocardial in-
farction before the index coronary angiogram and had
no clinical diagnosis of obstructive coronary artery dis-
ease (<b0% stenosis) at the index coronary angiogra-
phy. Whole blood DNA was collected, and deidentified
DNA and clinical data, including self-reported subject
sex, were supplied to Cardio Diagnostics for further
analyses. The procedures and protocols used for the
analyses of the IM materials were approved by the IM
Institutional Review Board (IRB No. 1024811).

lowa CHD subjects were individuals aged >18years
who presented to the University of lowa Hospital and
Clinics for evaluation of CHD and were hospitalized.
After providing full informed consent, each subject was
interviewed to confirm the CHD presentation history,
and then underwent phlebotomy. The clinical diagno-
sis of CHD was confirmed from the discharge medical
summary. Control subjects without symptomatic CHD
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were recruited by advertisements within the University
of lowa community. After informed consent was ob-
tained from each of these individuals, they were inter-
viewed with a variety of instruments including those
from the PhenX toolkit and then underwent phlebot-
omy.?* Subjects’ report of an absence of CHD was
confirmed using hospital records, when available. Vital
signs, hemoglobin A,,, and cholesterol levels, when
available, are from nonacute cardiac encounters in
the prior year. Subject sex was as per subject self-re-
port. DNA from cases and controls was processed
from whole blood using standard procedures.?® All
procedures and protocols used in this registry were
approved by the University lowa Institutional Review
Board (IRB No. 201910834).

Genome-Wide Genetic and Epigenetic
Data

This study used existing genome-wide genetic and epi-
genetic data from the FHS. The DNA methylation data
were obtained using the Infinium HumanMethylation450
BeadChip array (lllumina, San Diego, CA). In total, data
for 2567 subjects were available from the eighth exami-
nation cycle. As a first step, we performed standard
sample- and probe-level quality control as described
in previous studies, which resulted in the retainment of
DNA methylation data from 2560 samples at 403192
loci.#?6-2° Genome-wide genotype data obtained using
the GeneChip HumanMapping 500K array (Affymetrix,
Santa Clara, CA) were available for 2406 of the remain-
ing 2560 samples. After standard sample- and probe-
level quality control procedures using PLINK were
performed. This resulted in the removal of 111 sam-
ples, leaving the total number of samples and SNPs re-
maining at 2295 and 472 822, respectively.*2°30 Finally,
because there is the potential for interrelatedness of
some of the FHS subjects, the genetic data were sub-
jected to relatedness analysis in PLINK. In total, data
from 696 subjects were removed secondary to genetic
relatedness (identity by state >0.1875, which is halfway
in between second- and third-degree relatives). After
removal of subjects for lack of clinical or molecular
data, complete information for 2111 FHS subjects were
available.

Genome-wide DNA methylation and genetic as-
sessments for the IM cohort were conducted by the
University of Minnesota Genome Center using the
Infinium MethylationEpic Beadchip array and the
Infinium Multi-Ethnic Global BeadChip array (lllumina),
respectively. These data were then subjected to the
same quality control procedure as the FHS cohort.®
In total, 862593 methylation and 818046 SNP loci
survived quality control measures. For the data min-
ing analyses, we retained loci common to both the
lllumina Infinium HumanMethylation450 BeadChip
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array and lllumina Infinium MethylationEpic Beadchip
array arrays, resulting in 437 242 loci being available for
further analysis. Similarly for SNPs, we retained those
common to both genotyping arrays, resulting in 80 371
loci being available for further analysis. After removal of
subjects for incomplete data, including MSdPCR data,
information for 245 subjects was available.

Al Model and Validation of Epigenetic and
Genetic Biomarkers

Figure 1 outlines the approach used to develop and val-
idate the integrated genetic—epigenetic machine learn-
ing model for CHD prediction. The process involved
several preliminary steps: (1) quality control of genetic
and epigenetic data, as detailed in the preceding sec-
tion; (2) subsetting markers shared by the FHS and the
IM cohorts; and (3) assessment of methylation markers
for translation. The primary goal of this study was to
develop a clinically implementable integrated genetic—
epigenetic test that consists of standard fluorescent
genotyping assays for SNP assessment, stand-alone
MSdPCR assays for methylation assessment, and a
machine learning prediction model for CHD status pre-
diction. To maximize the robustness of the MSdPCR
assays, data mining was restricted to methylation loci
exhibiting a A value exceeding 0.01. Additionally, the
analysis was confined to markers that were common
between the FHS and IM cohorts. After completing the
preliminary steps, a total of 10484 methylation markers
and 67 749 SNP markers were used in data mining. As
a final preparatory step, the FHS cohort was divided
into a training set (75%) and a test set (25%). The train-
ing set contained data from 183 CHD subjects and
1400 controls, while the test set contained 61 CHD
subjects and 467 controls.

Data mining was conducted exclusively on the FHS
training set. Our mining strategy incorporated random
undersampling with replacement to equalize class rep-
resentation and bolster robustness. This undersam-
pling process was executed 1000 times using random
forest, logistic regression, and support vector algo-
rithms, and the resulting area under the receiver oper-
ating characteristic curve (AUC) scores were averaged
to gauge predictive performance. The scikit-learn ma-
chine learning library facilitated algorithm implemen-
tation, while mpi4py enabled parallelization.®"3? In the
initial phase, SNP and methylation markers with AUC
values <0.5 were eliminated. Subsequently, random
feature selection was used to identify integrated ge-
netic—epigenetic markers capable of predicting CHD
status. The data mining was performed on a 280-core
high computing system for =3 months.

The algorithm development process involved the
use of digital methylation assessments of DNA sam-
ples already profiled with arrays to renormalize the
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Figure 1. Flowchart summarizing steps used in data cleaning, formation of test and
training sets, data mining, initial algorithm development, tuning of algorithm using
MSdPCR data, and final model evaluation.

dPCR indicates digital polymerase chain reaction; FHS, Framingham Heart Study; IA, lowa;
IM, Intermountain Healthcare; QC, quality control; and SNP, single nucleotide polymorphism.
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distribution of the array data at select loci. This ap-
proach was advantageous because MSAPCR is a ref-
erence-independent method for assessing methylation
as opposed to the complex, error-prone reference de-
pendent method used to normalize methylation signal
at each locus. The methylation probes from the top
performing sets were then used to construct MSAPCR
assays. After the successful translation of a probe set
highly predictive of CHD, the MSAPCR markers were
then used to assess methylation status of the entire
IM cohort. Support vector machine was used to de-
velop an imputation model between array-based and
MSdPCR-based methylation values. An exhaustive
feature selection step was then performed on the im-
puted FHS training set. As a result of the data mining,
the best-performing feature set comprised 6 methyla-
tion and 10 SNP markers, which translated into stan-
dard MSdPCR assays and hydrolyzable fluorescent
primer probe genotyping assays (Data S1).

Using the imputed MSAPCR methylation data and
SNP data, a balanced bagging classifier model®3-3°
from the Imbalanced-Learn Python toolbox*® was
trained on the FHS training set. This final CHD status
prediction model was then tested in the FHS test set,
and externally validated in the IM and lowa cohorts.

MSdPCR assessments of DNA methylation in sub-
jects from the IM and lowa cohorts were conducted
using our standard methods.®*"*? In brief, 1ug of
DNA underwent bisulfite conversion using the EpiTect
Bisulfite kit (Qiagen, Hilden, Germany) according to
manufacturer’s directions and eluted in 70-ulL volume.
Fourteen cycles of high stringency polymerase chain
reaction amplification of the target region were then
performed on a 3-uL aliquot of each sample using a
set of amplicon-specific proprietary primers. Finally, an
aliquot of the enriched amplicon target solution was
diluted 1:1500, mixed together with primer and probes
specific for the targeted loci and droplet digital poly-
merase chain reaction reagents, partitioned into drop-
lets with a droplet generator (Bio-Rad Laboratories,
Hercules, CA), and then polymerase chain reaction
amplified. The methylation status of each droplet was
then determined using a Bio-Rad QX-200 Reader and
the percentage of methylation status of each sample
was imputed using the Bio-Rad QuantaSoft software.

RESULTS

Study Cohorts

The clinical and demographic characteristics of the 3
cohorts included in this study are presented in Table 1.
The first cohort of subjects is from the well-known
FHS Offspring cohort. After excluding subjects due
to factors such as incomplete genome-wide data or
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consanguinity, a total of 2111 FHS subjects remained,
244 of them diagnosed with CHD and 1867 without a
current diagnosis of symptomatic CHD. All FHS sub-
jects were from the Northeast United States and were
exclusively White individuals. While the majority of the
FHS subjects were women (1163/2111 subjects; 55%),
the majority of those with CHD were men (164/244
subjects; 67%). On average, CHD subjects were 5 to
Byears older than those without CHD. Those with a
CHD diagnosis at the 2008 intake wave had lower cho-
lesterol levels than the controls and were more likely to
be on statins (both P<0.001).* Women had both higher
total cholesterol and high-density lipoprotein than their
male counterparts (P<0.001). Conversely, no significant
differences in hemoglobin A, levels were observed be-
tween male and female subjects (P>0.65).

The IM cohort consisted of 245 subjects, of whom
113 (46%) were men and 132 (54%) were female. The
men were on average 7 years younger than the women
(P<0.001), and CHD subjects were on average 2 to
3years younger than those without CHD. While total
serum cholesterol levels were similar to those of the
FHS subjects, high-density lipoprotein levels were sig-
nificantly lower (P<0.001). Additionally, both systolic
and diastolic blood pressures were significantly higher
(both P<0.001) than those in the FHS cohort.

In the lowa cohort, similar to the IM cohort, subjects
with CHD tended to be in their mid-60s. Also, like the
FHS cohort, a majority of those with CHD were men
(56/76 subjects; 72%). Among the 76 CHD cases, 70
were White individuals, 1 Black individual, 1 Hispanic
individual, 2 Native American individuals, and 2 were
of unknown race and ethnicity. Similarly, almost all the
controls were also White individuals, except for 3 Asian
individuals, 1 Black individuals, and 1 of unknown race
and ethnicity. Because the subjects with CHD were
not systematically assessed before hospitalization, rig-
orous standardized laboratory and vital sign assess-
ments for these case subjects are not available. For the
controls, who tended to be significantly younger than
the cases, systematic vital sign and laboratory assess-
ments were available and are provided in Table 1.

Genetic and Epigenetics Biomarkers
Using genome-wide genetic and epigenetic data
from subjects in the FHS training set, we developed
a prediction model for current CHD. The most robust
model consisted of 6 methylation sites (cg03725309,
€g12586707, cg04988978, cg17901584, cg21161138,
and cg12655112) and 10 SNPs (rs710987, rs1333048,
rs12129789, rs942317, rs1441433, rs2869675,
rs4639796, rs4376434, rs12714414, and rs7585056)
for CHD prediction (see Table 2).

Whereas rapid, accurate stand-alone fluorescent
genotyping (eg, Tagman) assays are readily available for
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Table 1.

Training and Test Set, lowa Validation Set, and IM Validation Set

Integrated Genetic-Epigenetic Test for CHD

Summary of Demographics and Conventional Coronary Heart Disease Risk Factors for FHS Offspring Cohort

FHS training (n=1583) FHS test (n=528) lowa validation (n=160) IM validation (n=245)
No CHD CHD No CHD CHD No CHD CHD No CHD CHD

Sex, n

Female 812 60 271 20 52 20 63 69

Male 588 128 196 41 32 56 53 60
Age, y

Female 65.8+8.9 73.2+8.8 66.0+8.4 71.8+£8.8 47.2+10.2 61.8+£14.3 65.9+£14.0 69.6+11.9

Male 64.9+8.7 70.0+7.9 64.8+8.5 70.1+7.9 46.3+11.8 64.9+10.2 59.7+16.5 62.0+15.6
Total cholesterol, mg/dL

Female 197.6+35.1 173.6+35.5 200.6+36.3 176.4+40.0 188.2+54.8 163+21.2 180.7+35.6 190.0+£50.5

Male 179.1+32.5 151.0£32.9 176.8+£31.9 147.0+24.4 172.4£30.7 171.3+41.9 171.2+£35.9 168.6+48.8
High-density lipoprotein cholesterol, mg/dL

Female 64.8+18.6 60.0+18.8 66.1+19.2 58.1+12.8 70.1+20.1 53.3+21.1 55.6+20.1 45.4+15.3

Male 50.5+13.9 45.6+11.4 49.9+14.6 45.0+111 48.3+16.7 51.7+20.1 38.5+11.7 38.6+10.5
HbA,., %

Female 5.7+0.6 6.1+0.9 5.6+0.4 6.0+0.9 5.3+0.4 8.0+1.8 6.1+1.4 71£1.0

Male 5.7+0.7 6.0+0.9 5.7+0.8 6.0+1.0 5.6+0.3 6.8+1.3 6.1+0.7 6.2+1.2
Systolic blood pressure, mmHg

Female 127.7+17.6 135.8+16.7 129.0+18.4 132.1+19.8 120.9+16.6 133.2+24.2 151.1+£22.0 151.9+27.5

Male 129.6+16.7 124.4+18.3 128.4+16.5 133.1£19.4 129.7+11.8 140.2+19.9 141.6+£24.0 140.1£20.4
Diastolic blood pressure, mmHg

Female 72.7+9.9 69.2+10.9 73.6+10.2 67.8+12.0 79.5+11.5 72.4+18.6 80.0+12.0 78.6+14.4

Male 76.5+10.3 68.8+10.9 75.9+10.4 70.3+13.4 89.3+9.8 81.6+15.5 84.0+14.5 81.3+11.4

CHD indicates coronary heart disease; FHS, Framingham Heart Study; HbA, ., hemoglobin A, ; HDL, high-density lipoprotein; and IM, Intermountain Healthcare.

Table 2. List of Cytosine-Phospho-Guanine and Single
Nucleotide Polymorphism Sites Used in the Model

Motif Chromosome | Gene Gene location

cg03725309 |1 SARS1 Body

cg12586707 |5 CXCL1 3’ Intergenic region
cg04988978 | 17 MPO 5’ Promoter region
cg17901584 |1 DHCR24-DT | Gene body
€g21161138 5 AHRR Gene body
cg12655112 15 EHD4 Gene body
rs710987 5 LINCO10019 | Gene body
rs1333048 CDKN2zB 3’ Intergenic region
rs12129789 1 KCND3 Gene body
rs942317 14 KTN1-AS1 Gene body
rs1441433 4 PPP3CA Gene body
rs2869675 20 PREX1 Gene body
rs4639796 1 ZBTB41 Gene body

rs4376434 7 Intergenic region near

LINC00972

rs12714414 2 Intergenic region near

TMEM18

rs7585056 2 Intergenic region near

TMEM18

Locations and Human Genome Organization gene abbreviations per
University of California, Santa Cruz Genome Browser using hg38 build.
Motifs were assigned to a gene if they were within 5kb of the nearest exon
of the listed gene. LINC00972 indicates long intergenic non-protein coding
RNA 972; TMEM18, transmembrane protein 18.
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SNPs, similar tools for assessing DNA methylation at se-
lect loci are not yet commercially available. Nevertheless,
assays for DNA methylation are critical to the cost-ef-
fective, stand-alone clinical implementation of the test.
Therefore, MSAPCR assays were devised for measuring
methylation values at each of our 6 CpG sites.

Figure 2 shows the relationship between methyla-
tion values measured using the lllumina array (x axis) as
compared with those using MSAPCR (y axis) for subjects
in the IM cohort. The methylation values for 4 of the 6
MSdPCR assays demonstrate high linear correlations
(r>0.85) with their corresponding values derived from the
llumina array. One MSdPCR assay (Dcg12655112) has
good (=0.76) linear correlation with its corresponding
(cg12655112) array values and the last MSAPCR assay
(Dcg12586707) has a moderate correlation (=0.55) with
its corresponding (cg12586707) array values. Consistent
with prior results, the range for the MSAPCR assay was
equivalent or greater than the values for the array values.*!

Overall and Sex-Based Performance
of Integrated Genetic-Epigenetic
Biomarkers for CHD Status Prediction

The performance of the CHD detection model, its AUC,
and its sensitivity and specificity by sex are provided in
Table 3 for the FHS test set (nonindependent test set)
and the IM (first independent, external validation set)
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Figure 2. The relationship between the MSdPCR- and Illumina array-derived methylation values for each of the subjects

in the IM cohort.

Methylation is expressed as fractional methylation (ie, between 0 and 1) with the linear relationship between each of the values being
expressed as a Pearson correlation coefficient (r). dPCR indicates digital polymerase chain reaction; IM, Intermountain Healthcare;
and MSdPCR, methylation-sensitive digital polymerase chain reaction.

and the lowa cohorts (second independent, external
validation set). Overall, the model performed very well
with AUC, sensitivity, and specificity of 0.82, 0.78 and
0.74, respectively, in the FHS test cohort. The perfor-
mance was highly generalizable to the external vali-
dation cohorts; in the IM cohort, the AUC, sensitivity,
and specificity were 0.75, 0.76 and 0.71, respectively,
and in the lowa cohort, AUC, sensitivity, and specificity
were 0.88, 0.82 and 0.82, respectively.

Table 4 provides the methylation values for the 6
MSdPCR assays (designated Dcg) used in our algo-
rithm in the case and control subjects from the lowa
cohort. Interestingly, in each case, the subjects with
CHD had significantly lower methylation values than
the control subjects (all P<0.0001).

DISCUSSION

This study presents a clinically implementable inte-
grated genetic—epigenetic test guided by Al for CHD.
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A major strength of this study is the inclusion of 3 in-
dependent cohorts with differing definitions of CHD.
Another major strength of this study lies in the use of Al
to identify molecular genetic, epigenetic, and GxMeth
patterns associated with CHD without relying on a
priori assumptions or solely considering biomarkers
previously linked to conventional risk factors such as
lipids or diabetes. This approach aims to minimize bias
from consideration of only a few risk factors to uncover
nonlinear signals associated with CHD and potentially
to elucidate new combinations of pathways involved in
the pathogenesis of CHD.

With this approach, 6 DNA methylation markers
were incorporated that map to at least 6 distinct, po-
tentially modifiable pathways known to be involved in
the pathogenesis of ischemic heart disease into the
algorithm. The first pathway, cholesterol biosynthe-
sis, is notable due to the importance of statins in pri-
mary and secondary prevention of CHD. The CpG site
that maps to this pathway is cg17901584, which in
found in an intron of 24-dehydrocholesterol reductase
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Table 3. Performance of Precision CHD in the FHS, IM,
and lowa Cohorts

Cohort ‘ AUC ‘ Sensitivity Specificity
FHS test
Overall 0.82 0.78 0.74
Female 0.82 0.75 0.75
Male 0.81 0.80 0.72
IM
Overall 0.75 0.76 0.71
Female 0.73 0.77 0.70
Male 0.77 0.75 0.72
lowa
Overall 0.88 0.82 0.82
Female 0.87 0.75 0.83
Male 0.83 0.84 0.81

AUC indicates area under the receiver operating characteristic curve;
CHD, coronary heart disease; FHS, Framingham Heart Study; and IM,
Intermountain Healthcare.

(DHCR24)—divergent transcript, a long noncoding RNA
gene that is in a divergent (head-to-head) configura-
tion with DHCR24, a key gene in cholesterol biosyn-
thesis. Critically, because the intergenic region in both
humans and avians is small (200 bp in humans) and
studies of the orthologous genes in chickens have
shown that gene expression is highly correlated,*® it
is likely that the 2 genes are coregulated by the same
bidirectional promoter. At the same time, because
CHD is associated with a decrease in methylation
(demethylation) of cg17901584, and demethylation
is associated with increased transcription, this sug-
gests that CHD is associated with an increased level
of transcription of DHCR24—divergent transcript rela-
tive to DHCR24. Understanding the consequences of
any increased transcription on DHCR24 function and
cholesterol biosynthesis will need further investigation
for several reasons. First, long noncoding RNAs can
alter their regulatory targets by several mechanisms
at the transcriptional and posttranscriptional level.**

Table 4. Methylation Values in Subjects With CHD and
Control Subjects From lowa

Control Case
MSdPCR assay (n=84) (n=76)
Dcg04988978, % 16.4+4.5 9.1+3.5
Dcg21161138, % 81.8+2.5 78.0+6.3
Dcg12655112, % 74.0£3.4 68.3+5.4
Dcg03725309, % 7.7+2.6 3.56+1.5
Dcg12586707, % 15.1+4.8 8.3+3.6
Dcg17901584, % 39.6+7.9 29.8+8.0

All P values <0.0001.
CHD indicates coronary heart disease; and MSdPCR; methylation-
sensitive digital polymerase chain reaction.

J Am Heart Assoc. 2023;12:e030934. DOI: 10.1161/JAHA.123.030934

Integrated Genetic-Epigenetic Test for CHD

Furthermore, unlike DHCR24, which has 9 well-de-
fined exons,*® DHCR24-divergent transcript has at
least 2 transcripts of 2 and 3 exons that only partially
overlap. Conceivably, each of these transcripts may
have differing effects on DHCR24 gene function with
cg17901584 demethylation differentially affecting their
expression. Finally, demethylation can affect enhancer
sites involved in long-distance chromatin interactions,
and other key genes linked to atherosclerosis, such as
proprotein convertase subtilisin/kexin type 9,6 are less
than 150kb away. Systematic examinations using our
more precise MSAPCR assays to determine whether
DNA methylation directly predicts cholesterol levels
and response to statin therapy are in order.

Similarly, the pathway tagged by cg04988978 high-
lights the complex relationships between the classic
serological predictors of CHD. Cg04988978 maps to a
CpG site 2 kb upstream of the first exon of myeloper-
oxidase, which is thought to contribute to atheroscle-
rosis by oxidation of LDL.*” Because demethylation of
promoters is associated with increased gene transcrip-
tion, it may be surmised that demethylation is positively
correlated with myocardial infarctions due to the ele-
vated level of myeloperoxidase. However, Fernandez-
Sanlés and colleagues*® have shown that methylation
of cg04988978 is positively associated with high-den-
sity lipoprotein cholesterol levels, and negatively asso-
ciated with triglycerides and glucose levels. As each
of these serum markers are independently associated
with CHD, understanding the primacy and exact mo-
lecular mechanisms underlying the association of the
€cg04988978 locus with CHD may entail considerable
additional investigation.

The third DNA methylation marker, cg21161138,
maps to the aryl hydrocarbon receptor repressor.
Demethylation at this locus is tightly correlated with
demethylation of cg05575921, a marker of smoking
intensity.*>%0 Since smoking is a preventable cause of
heart disease and reversion of aryl hydrocarbon re-
ceptor repressor methylation is a marker of smoking
cessation, this marker could be used to not only help
clinicians more exactly understand the pathogene-
sis of a given patient’s CHD, but also could be reas-
sessed as part of a more holistic precision epigenetic
approach to smoking cessation and secondary CHD
treatment.5!

The DNA methylation marker cg03725309, which
maps to candidate cis regulatory element in intron 1
of the seryl-tRNA synthetase 1 gene (SARST), is sig-
nificantly demethylated in CHD. Mutational analyses
conducted in zebrafish demonstrated the essential
role of this gene in normal vascular development.52:53
Demethylation at this locus is associated with obesity,
coronary artery calcification, and cardiometabolic syn-
drome.?*-%8 ower serine levels are not only associated
with diabetes, but also supplementation of the diets of
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diabetic mice with serine can reverse some of the pa-
thology associated with diabetes.5”%® If these findings
can be extended to CHD as well, serine supplemen-
tation, which has very few side effects, may be a new
method through which to address the increasing soci-
etal burden of CHD, unlocking a new vista for person-
alized dietary-based approaches for CHD treatment
and prevention.®°

The breadth of the gene networks regulating glucose
metabolism and their profound impact on vulnerability
to CHD is further emphasized by the additional value of
the cg12655112 marker, which maps to intron 1 of the
EH domain containing 4 (EHD4). EHD4 is 1 of several
human orthologues with high sequence identity that
play key roles in the regulation of endocytic vesicles.®°
EHD4 methylation has been negatively associated with
serum glucose levels and EHD4 expression predicts
the success of pancreatic islet transplants.'-83 Finally,
EHD4 protein levels predict the development of dia-
betic cardiomyopathy in type 2 diabetic mice.%

The importance of inflammation in the patho-
genesis of CHD is highlighted by the contribution of
the ¢g12586707 marker to CHD status prediction.
Cg12586707 maps to a candidate cis regulatory el-
ement approximately 1.5 kb downstream of the 5
UTR of the C-X-C motif chemokine ligand 1 (CXCL7)
gene. CXCL1 is a key member of a group of chemo-
tactic messengers involved in the pathogenesis of a
number of inflammatory disorders and has an import-
ant role in the regulation of angiogenesis.®®> The CpG
site sits in a large peak of H3K27 acetylation activity
downstream of the 3’ UTR that is continuous with the
H3K27 signal from the CXCLT gene proper. This is
important because prior studies have shown that the
3’ UTR region of CXCL1 is particularly critical in main-
taining MRNA stability.?® Because 3’ UTR splicing can
be variable, and this variability can affect the stability
and spatiotemporal timing of translation,®” cg12586707
methylation status may reflect CXCLT mRNA stability
that is important in the pathogenesis of CHD. Because
the administration of aspirin increases CXCL1 expres-
sion,®8 and because aspirin has a mixed track record as
a therapeutic agent in heart disease,?%"° the MSdPCR
assay for this locus may identify a subgroup of patients
who preferentially respond to aspirin therapy.

Although most of the power and the sensitivity
of the CHD status prediction model is driven by the
DNA methylation markers, the SNPs make noticeable
contributions to the specificity through their GxMeth
interaction effects. The potential molecular mecha-
nisms behind these effects are often complex, with
very few GxMeth interaction effects having been elu-
cidated. Two of the SNPs, rs7585056 (CHR2:631528)
and rs12714414 (CHR2:651408), map within 20 kb of
one another to the intergenic region just downstream
of the longest splice variant of transmembrane protein
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18 (TMEM18). This is particularly interesting because
genetic variation in TMEM18 is well established as
being associated with obesity, type 2 diabetes and
CHD.”""2 Since rs7585056 and rs12714414 are outside
the coding region of TMEM18 and typical haplotype
blocks in humans are on the order of only 5 to 10 kb, it
is unlikely that these 2 SNPs are tagging genetic varia-
tion directly in the coding region of TMEM18. However,
because there are 3 different splicing variants of the 3’
UTR, their location distal to the 3" UTR may suggest
that these SNPs are tagging variation that alters the
number, ratio, or stability of TMEM18 transcripts.

Although there are numerous models for predict-
ing incident CHD,”® to our knowledge, this is the first
integrated genetic—-epigenetic algorithm for current
CHD status. In 2022, Zhang and colleagues™ de-
scribed 3 different machine learning models that used
genome-wide methylation and expression information
to predict current CHD status in the FHS. The perfor-
mance metrics of each of the models were similar to
the current values, but there was no external valida-
tion and no translation of either the methylation or ex-
pression assessments into a clinically implementable
format.

An important feature of this panel of biomarkers
and its corresponding CHD status prediction algorithm
is the breadth of sensitivity across three very differ-
ently ascertained cohorts of CHD subjects. Because
of the manner in which they were collected, the FHS
subjects have perhaps the greatest diversity in sever-
ity and breadth of presentation. Since the diagnosis
of CHD could be established by the physician review
board solely on signs and symptoms reported to the
research team without any additional testing, it is likely
that many of the subjects who participated in this
community study may have had mild CHD. In contrast,
the lowa cohort has the greatest severity of disease.
Each of the lowa subjects were admitted to the hos-
pital for ischemic heart disease, with almost all having
had a myocardial infarction, and some not surviving
to discharge. Similarly, the FHS cohort also likely had
the greatest breadth of CHD pathophysiology. As dis-
cussed above, INOCA is difficult to diagnose and may
be more frequent in women.”® INOCA thought by some
to be a factor in the underrecognition of CHD in Black
women.”® Because the FHS is a community sample,
it will have a mixture of both obstructive and nonob-
structive CHD. In contrast, all the case subjects from
the IM cohort were diagnosed with obstructive CHD.
Nevertheless, despite the breadth of type and sever-
ity of presentations in these 3 cohorts, the algorithm
performed with an average sensitivity of 80% and 76%
for men and women, respectively, across the FHS and
the IM and lowa cohorts. This compares very favor-
ably with that of conventional exercise treadmill testing,
whose sensitivity is only 45% to 68%, but unfavorably

10
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to coronary computed tomographic angiography,
whose sensitivity is <97%, for the detection of obstruc-
tive CHD, depending on the source cited,” while the
sensitivity of each of the methods for nonobstructive
forms of CHD, at this time, remains unknown.

Even though the model performed well for subjects
with obstructive and nonobstructive CHD, we believe
that this model can be further optimized in the future
using a larger cohort of even better characterized sub-
jects. For instance, those with INOCA in the IM cohort
may have been mistakenly misclassified as unaffected
in this study because the definition of CHD for this co-
hort focused only on obstructive CHD on the basis of
angiography.’”"® Consistent with this assertion, in our
2021 study,® we observed that 44 of the 159 of the IM
subjects not found as having CHD at index (<50% ste-
nosis) experienced a symptomatic CHD event within
3years, including 19 who had an event within 6 months
of angiography. Although not proof of INOCA, this car-
diac morbidity and death in subjects with supposedly
no CHD further highlights the need for a clinical tool
capable of identifying those with obstructive and non-
obstructive CHD in robustly characterized training and
test cohorts.

Methodologically, our intentional selection of a
wide range of CHD and the corresponding sensitiv-
ity achieved by the panel of 6 DNA methylation and
10 SNP markers will not only facilitate that additional
optimization but may also facilitate the development
of molecular endophenotypes predictive of key CHD
features. For example, certain markers may distin-
guish between obstructive and nonobstructive pre-
sentations, allowing prioritization of those patients
for angiography who may benefit from percutaneous
coronary intervention and have improved clinical out-
comes. Conversely, identifying those less likely to have
obstructive CHD may avoid the expense and the po-
tential complications of unnecessary angiograms.'%.7
However, to further achieve these goals, it will be nec-
essary to recruit and to characterize more subjects
whose CHD is robustly characterized using clinical,
functional, and diagnostic modalities.

Of note, our model does not include sex and age
as predictive markers. Many current algorithms used
in medicine, such as the atherosclerotic cardiovascular
disease pooled cohort equation, are criticized for their
overreliance on age as a predictor or their sex bias.8%8!
To capture the biological variation predictive of CHD
and avoid unintentional biases, our machine learning
approaches did not include these variables in model
development. Excluding age and sex did not affect the
performance of the model, and, in fact, adding age
and sex to the final model did not improve prediction.
Furthermore, our model did not exhibit performance bi-
ases on the basis of sex or age. We are also cognizant
that almost all the subjects used in the development of
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the model are White individuals. Still, we note that gen-
otype frequencies in the database of single nucleotide
polymorphisms (https://www.ncbi.nim.nih.gov/snp/) of
the SNPs included in our model are informative in other
ethnicities. Furthermore, the clustering of the non-
White subjects from lowa, whose data were used only
for validation and were not used in model develop-
ment, was undistinguishable from the clustering of the
White subjects. Therefore, we are confident that our
approach will generalize to other ethnicities and plan to
demonstrate this in future studies.

In summary, in this study, we present the devel-
opment and rigorous validation of a clinically imple-
mentable integrated genetic—epigenetic test guided by
Al for the prediction of current CHD using biomaterials
from 3 independent cohorts. We further discuss the
targetable pathways the biomarkers map to and high-
light the role of inflammation and serine metabolism in
heart disease.
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