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Abstract

Risk assessments are integral for the prevention and management of car-
diometabolic disease (CMD). However, individuals may develop CMD
without traditional risk factors, necessitating the development of novel
biomarkers to aid risk prediction. The emergence of omic technologies, in-
cluding genomics, proteomics, and metabolomics, has allowed for assess-
ment of orthogonal measures of cardiometabolic risk, potentially improving
the ability for novel biomarkers to refine disease risk assessments. While
omics has shed light on novel mechanisms for the development of CMD, its
adoption in clinical practice faces significant challenges. We review select
omic technologies and cardiometabolic investigations for risk prediction,
while highlighting challenges and opportunities for translating findings to
clinical practice.
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INTRODUCTION

Cardiometabolic disease (CMD) is among the leading causes of morbidity and mortality world-
wide and is a significant burden on healthcare resources. Risk assessments for CMD are an inte-
gral component of medical practice, providing clinicians with tools to evaluate preventative and
therapeutic options in patients at greatest risk for developing disease. Seminal risk factors for car-
diovascular disease (CVD) were identified over half a century ago (1), and while they are powerful
tools, they are imperfect in their predictive abilities. The concept of residual risk has been increas-
ingly appreciated, warranting research into the identification of novel biomarkers to bridge the
gap and improve our understanding of disease processes. However, only a handful of biomark-
ers have made it to clinical practice for risk prediction, highlighting the inherent challenges in
biomarker development.

Traditional risk factors for CMD perform quite well in determining disease risk, setting a
reasonably high bar for the ability of new markers to improve risk prediction and necessitating
biomarker discovery from novel disease mechanisms rather than established pathways. Recently,
major technological advances in the field of omics—the broad-scale study of cellular molecules
such as genes, proteins, andmetabolites—have expanded our capacity to systematically interrogate
large populations to discover novel disease risk factors. While the explosion of data has revealed
new insights into disease pathophysiology, the utility of newmolecular markers for CMD risk pre-
diction in clinical practice remains to be rigorously evaluated (2, 3). In this review, we highlight
select CMD omic investigations, novel predictors of disease, challenges in translating findings
to clinical practice, and future directions for research. While the range of CMD is considerable,
the focus of this review is on CVD and type 2 diabetes mellitus (T2DM), diseases with shared
pathophysiology for which established risk assessment tools have influenced clinical practice.

EMERGENCE OF OMIC TECHNOLOGIES FOR CARDIOMETABOLIC
DISEASE RISK PREDICTION

In 1961, Kannel et al. (1) reported on the first assessment of risk for coronary heart disease (CHD)
in the FraminghamHeart Study (FHS), an epidemiological cohort designed to investigate the risk
factors for the development of CVD in the community. Clinical factors such as older age, male
sex, and higher blood pressure and cholesterol were implicated in the development of disease (1).
These clinical risk factors have been the mainstay of CVD risk assessment and are the central
targets of preventative interventions in primary care and cardiology clinics (4). Risk assessment
tools such as the one developed from the FHS have been useful in guiding clinical judgments and
risk stratifying patients for optimal counseling and selection of therapy to improve disease risk
profiles. Several tools have since been developed for CVD (5–7) and T2DM (8, 9), adding to the
knowledge base of factors that influence the development of disease.

While a significant proportion of incident CMD is attributable to traditional risk factors, there
remain individuals who develop disease without them (10).To optimize preventative therapy, there
continues to be a need to identify novel markers and tools to improve risk prediction, and identify
individuals with subclinical CMD and those at risk for future events. To improve clinical utility,
candidate biomarkers should ideally have low correlation with established risk factors to improve
risk prediction, as correlated biomarkers require the addition of significantly more analytes to ob-
tain meaningful increases in model performance. As such, the broad-scale investigation of genes,
proteins, andmetabolites, among other omicmeasures, greatly enhances the ability to assess for or-
thogonal measures of disease risk, potentially adding diagnostic value to available risk assessments
(11, 12). These new biological dimensions have the potential to significantly improve prediction
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models for CMD while offering valuable insight into possible pathways and molecular changes
associated with disease development.

ASSESSMENT OF CLINICAL UTILITY OF OMIC BIOMARKERS

Despite the enthusiasm surrounding omics for pathway discovery, translating findings from omic
technologies to clinical practice has been difficult, and no single finding is sufficiently robust for
clinical deployment. Central barriers to this process include standardization of assay measure-
ments, external validation of key findings, and inclusion of diversified cohorts in study designs.
Most importantly, candidate biomarkers need to demonstrate improvement of risk prediction
over traditional risk factors. Several measures of prediction performance exist to evaluate can-
didate risk assessment tools. The most common metric, discrimination (area under the curve or
C-Statistics), assesses the ability of the biomarker to correctly determine whether an individual
gets the disease and incorporates the sensitivity and specificity of the test. Calibration (often mea-
sured by Hosmer-Lemeshow statistic) assesses the agreement between observed and predicted
risk. Finally, the net reclassification index assesses the ability of the test to accurately move in-
dividuals across risk groups. This instrument is particularly useful to reclassify intermediate-risk
patients, especially in regard to preventative therapies. While these measures are imperfect (13)
and assessments across omic studies vary substantially, they begin to evaluate the potential utility
of using candidate biomarkers in practice.

GENOMICS

The genetic contribution to the development of CMD was initially established by analysis of fa-
milial pedigrees and twin studies (14). It is generally estimated that for diseases such as CHD and
T2DM, approximately 50%of disease risk is heritable; the other half is influenced by environmen-
tal factors. It is believed that themajority of cases of complex diseases such as CHD andT2DMare
polygenic: Multiple genetic variants with small effect sizes contribute the development of disease
in addition to environmental influences (15, 16). Genome-wide association studies (GWAS) have
helped uncover novel risk loci, and the recent development of the polygenic risk score (PRS) has
ushered in a new era of risk stratification for the genetic contribution to the development of CMD.

Single Risk Loci

For Mendelian or monogenic diseases, mutations in a single gene can explain phenotypic disease
presentation. For instance, familial hypercholesterolemia (FH) can result frommutations in genes
such as LDLR andApoB. These mutations in turn result in substantial increases in the risk of CHD
(>3-fold risk) (17). Similarly,monogenic diabetes mellitus or maturity-onset diabetes of the young
(MODY) can result from single mutations in several genes including HNF1A (18). Incorporating
these variants in risk assessments significantly improves prediction for complex diseases such as
CHD and T2DM. Mendelian diseases are relatively few, however, and their contributions to the
heritability estimates of CHD and T2DM are small. Much of the genetic contribution to CMD
has been traced to variants with very small effect sizes. The remarkable completion of the Human
Genome Project, and subsequent genotyping of epidemiological cohorts, led to the discovery of
hundreds of novel loci associated with the development of CMD. For instance, single-nucleotide
polymorphisms (SNPs) in chromosome location 9p21 have been consistently associated with in-
creased risk for CHD (19). Identification of multiple genetic loci with small effect sizes that are as-
sociated with disease must be subject to stringent statistical significance testing (stringent p-values
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for multiple hypotheses testing) to increase confidence in their predictive value. To increase the
power for detecting genetic associations and to overcome stringent p-values for multiple hypothe-
ses testing, large consortiums were established, pooling data from individual GWAS (20–22). The
sharing and collaborative nature of these consortiums has proven instrumental in identifying hun-
dreds of loci implicated in CMD. Still, the effect sizes for these genetic variants are small, and risk
prediction for individual variants over traditional risk factors has been marginal. Further, the iden-
tified disease loci explain only a modest fraction of the heritable component of CMD, and some
have hypothesized that the “missing heritability” lies in the potential discovery of rare variants
with larger effect sizes (23).

Polygenic Risk Scores

The observation of small effect sizes for individual genetic variants has led investigators to ag-
gregate common SNPs into disease risk scores. Early studies relating polygenic risk to CMD
provided insight into high-risk groups with substantially larger risk for development of disease
than individual SNP contributions would have predicted, i.e., a high PRS. Assessing 18 loci as-
sociated with T2DM, Lango et al. (24) identified a small group of individuals in the GoDARTS
cohort with >24 risk alleles, conferring a greater-than-fourfold increase in risk for development
of T2DM as compared to individuals with 10–12 risk alleles (Table 1). This aggregate risk was
substantially higher than that conferred by individual SNPs. However, the information from all
the genetic variants implicated in T2DMonly marginally improved discrimination over a baseline
model comprising readily available clinical factors including age, sex, and body mass index (24).
Similar marginal improvements in risk prediction over clinical risk factors were seen for CHD in
early risk scores of aggregate SNPs (25, 26).

Subsequent GWAS analyses of larger cohorts have greatly increased the number of known risk
variants for CMD and improved risk prediction over standard clinical factors (21, 26–29). A PRS
comprising 50 genetic variants associated with CHD identified a 91% increase in risk in the top
quintile of subjects compared with the bottom quintile in a study of multiple large epidemiological
cohorts (27). Extending the PRS to include variants below genome-wide significance, Khera et al.
(30) analyzed 6.6 million SNPs and demonstrated that the individuals in the top 2.3% of PRS
had a greater-than-fourfold increase in risk for CHD as compared to the rest of the population.
While the improvements in risk prediction over standard risk factors have been modest and at
times inconsistent, the inclusion of many more variants in a PRS, along with significant increases
in sample size, has resulted in greater separation for risk groups at the tail ends of the population
(30–32) (Table 1).

Limitations and Challenges for Use of Polygenic Risk Scores

The PRS is poised to be an important tool for predicting risk of CMD.However, knowledge of the
limitations of PRSs is needed to avoid pitfalls associated with their potential use in clinical practice.
One of the critical issues in genomic research is the general lack of diversity and representation
of historically underrepresented groups in study designs. Individuals of European descent make
up almost 80% of all GWAS subjects yet represent only 16% of the global population. Given dif-
ferences in patterns of linkage disequilibrium and gene–gene and gene–environment interactions,
prediction accuracies of a PRS are lower for underrepresented populations because of the makeup
of the reference cohorts (33). Efforts are under way to increase the genetic diversity of GWAS co-
horts to help alleviate this problem. The limitations associated with using GWAS-based methods
for prediction of complex diseases such as CMD will hopefully be mitigated as whole-genome
sequencing becomes more feasible and less cost-prohibitive across different populations.
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Table 1 Scale of genetic variants used for polygenic risk scores and impact on cardiometabolic disease risk prediction

CMD Cohorts Risk score Findings Model discrimination Reference
DM GoDARTS: 2,309

cases/2,598 controls
SNPs in 18

loci at GWS
>24 risk (1.2%) alleles OR
4.2 (95% CI 2.11–8.56)
versus 10–12 risk alleles
(1.8%)

C index: 0.60 (PRS)
versus 0.78 (RF) versus
0.80 (RF + PRS)

24

DM Derivation: 32 studies,
74,124 cases/824,006
controls

Validation: UK Biobank

136,795 SNPs Top 2.5% of PRS had 3.4
times risk of median
PRS

C index: 0.66 for RF
versus 0.66 for PRS

32

CHD Prospective cohort: 30,725
individuals from Sweden
and Finland

13 SNPs Top quintile versus bottom
quintile: HR, 1.66
(95% CI 1.35–2.04)

C index: no improvement
( p = 0.19)

NRI: no improvement
( p = 0.18)

26

CHD Derivation:
CARDIoGRAMplusC4D
Consortium: 64,746
cases/130,681 controls

Validation: FINRISK and
FHS: 1,344 cases/16,082
controls

49,310 SNPs Top quintile versus rest of
population: OR 1.94
(95% CI 1.85–2.03)

C index: +1.6% increase
with PRS (95% CI
0.01–0.02) over FRS

31

CHD Derivation: established
GWAS

Validation: UK Biobank,
3,963 cases/120,280
controls

Testing: 8,676 cases/288,978
controls

6.6 million
SNPs

Top quintile versus rest of
population: 2.55 (95%
CI 2.43 versus 2.67)

C statistic: 0.81 in testing
set; no comparison to
RF

30

Abbreviations: CHD, coronary heart disease; CI, confidence interval; CMD, cardiometabolic disease; DM, diabetes mellitus; FHS: Framingham Heart
Study; FRS, Framingham Risk Score; GWAS, genome-wide association study; GWS, genome-wide significance; HR, hazard ratio; NRI, net reclassification
index; OR, odds ratio; PRS, polygenic risk score; RF, risk factor; SNP, single-nucleotide polymorphism.

There is concern that the use of the PRS in clinical practice might convey a deterministic
attitude for at-risk individuals in regard to lifestyle modifications. However, it is important to
note that the PRS has been shown to be adaptable to lifestyle choices, where high-risk individuals
can alter their risk with healthy behaviors (27).

The excitement around using the PRS in clinical practice must be met with realistic expecta-
tions.Themerits of the PRS are clear, as it is an unbiased tool to elucidate subgroups of individuals
with heightened risk of disease. However, PRSs are not strong screening tools, as they poorly pre-
dict who actually develops disease or not (34). The same can be said for traditional clinical factors,
and as such, the consideration of the score as a risk factor alongside comprehensive evaluation for
prediction of disease may be the most responsible use for this emerging tool.

PROTEOMICS

Downstream of genes, proteins provide the functional readout of the genome and are the main
effectors of cellular function. Further, genes that may harbor risk-carrying alleles may poorly pre-
dict disease, given influences from epigenetic mechanisms or environmental factors such as diet on
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Table 2 Characteristics of proteomic methods in cardiometabolic biomarker discovery (scale: ✔ to ✔✔✔✔)

Proteomic method Description Sensitivity Specificity
Proteome
coverage Throughput

Mass spectrometry Cleavage, ionization of peptides, and
measurement of mass/charge ratios

✔✔✔✔ ✔✔✔✔ ✔✔✔✔ ✔

Multiplex-antibody Bead- or microarray-based assays ✔✔✔✔ ✔✔✔ ✔ ✔✔✔

Multiplex-antibody
(PEA)

Antibody pairs with tag oligonucleotides
and subsequent PCR

✔✔✔ ✔✔✔ ✔✔ ✔✔✔

Multiplex-aptamer Short oligonucleotides as affinity
reagents in place of antibodies

✔✔✔ ✔✔ ✔✔✔ ✔✔✔✔

Abbreviations: PEA, proximal extension assay; PCR, polymerase chain reaction.

downstream protein production. Proteomics, the large-scale study of proteins in the blood or tis-
sues, is considerably more complex than genomics because of the dynamic nature of the synthesis,
breakdown, and post-translational modifications of proteins (35). This has made the application
of proteomics to both uncover novel mechanisms and assess CMD risk particularly challenging.
Evolution of proteomic technologies in the recent past has sought to overcome the difficulties
in capturing the breadth of proteomic discovery, particularly in the plasma where protein con-
centrations span over 10 logs, while preserving specificity for analysis of candidate biomarkers
(35–37). Proteomics offers particular promise in providing a more comprehensive assessment for
CMD risk prediction, integrating both genetic and environmental factors for disease development
(36).

Mass Spectrometry

The goal of proteomics is to capture the breadth of proteins associated with disease processes
(38). Methods such as mass spectrometry (MS) have been developed and refined to increase the
amount of protein simultaneously measured from samples. After proteins are initially cleaved to
peptides and separated via techniques such as liquid chromatography (LC), ionized peptides can
bemeasured and quantified using their mass-to-charge ratios inMS-based techniques (39).Masses
are then matched to libraries of peptides to deduce the protein of interest for precise identification
of the analyte of interest. Throughput issues have limited the use of MS-based techniques in the
study of large epidemiological cohorts (Table 2), as they have been best suited for studies of
cellular biology, small perturbational experiments (40), and small-cohort designs (41).

Affinity-Based Reagents

The gold standard for protein identification involves immunoassay-based techniques, relying on
affinity-based reagents such as antibodies for detection and quantification in biological samples.
These methods include the enzyme-linked immunosorbent assay (ELISA), optimal for measure-
ment of single protein analytes. Multiplex assays using affinity-based reagents (antibody or DNA
aptamers) are capable of measuring multiple proteins at once in targeted proteomics and have
increased throughput, allowing analysis of large epidemiological cohorts (35, 42–46). A multiplex
protein panel of 85 proteins was used to ascertain associations between proteins and development
of incident CVD in the 3,523 individuals in the FHS. Of the 8 proteins independently associated
with incident CVD, growth differentiation factor-15 (GDF-15), a stress- and immune-responsive
cytokine, remained significant in a multi-marker adjustment and added marginal discriminatory
ability to the traditional risk factor model for CVD (47).
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Despite the success of multiplexed antibody-based techniques in increasing throughput and
simultaneous protein assays, these methods are limited in scope for proteomic analysis due to
concerns of cross-reactivity and decreases in specificity. To overcome these issues, a proximal ex-
tension assay (PEA) technology has been developed that provides multiplex proteinmeasurements
with the attachment, hybridization, and subsequent polymerase chain reaction amplification (for
quantification) of protein-specific oligonucleotide tags to antibody pairs. This provides more spe-
cific affinity reagents and allows simultaneous quantification of thousands of circulating proteins,
increasing proteomic coverage for CMD biomarker discovery (43). Finally, a multiplexed protein
assay technique with the use of DNA aptamers (single short-stranded oligonucleotides with high
affinity for target proteins) as affinity reagents has expanded the scale of proteomic investigation
for large epidemiological cohorts. In proof-of-principle studies, this approach has found novel
protein biomarkers of acute myocardial injury, including several whose levels increase prior to
established markers such as the cardiac troponins (48). This technology was applied to a cohort of
patients with stable ischemic heart disease to predict cardiovascular events and compared with the
Framingham secondary event model to determine predictive accuracy.Out of 1,130 proteins mea-
sured, a nine-protein risk model was derived, which, when added to the Framingham risk model,
moderately improved discrimination performance (49). This risk score has been applied in a clin-
ical trial, predicting harm from a lipid-lowering medication within three months of initiation of
drug (50), highlighting the potential of multi-marker scores to improve risk prediction in a variety
of settings.

While multiplex affinity-based techniques have enhanced potential for discovery, there is con-
cern that the potential lack of analytic specificity may be a detriment to biomarker discovery.Thus,
it is vital that candidate markers brought forward for CMD risk prediction be verified using stan-
dard MS-based techniques for precise measurements, while investigators simultaneously assess
whether the new markers add information on top of what is known from existing clinical factors.

METABOLOMICS

Metabolites are small molecules (<1 kDa) or chemical intermediates of biological processes. Be-
cause they are downstream of genes and proteins, they represent proximal surrogates for observed
clinical phenotypes. The broad-scale study of metabolites, or metabolomics, provides the ability
to assess contributions from other omic fields along with environmental influences that contribute
to disease processes (51). Metabolomic investigations attempt to cover the breadth of metabolic
pathways, a challenging goal given the tens of thousands of metabolites in the metabolome. The
two most widely adopted methods for study are nuclear magnetic resonance and LC/MS-based
approaches (51, 52), with variations in techniques to optimize profiling of metabolite classes in-
cluding sugars, amino acids, and lipids, among others. Similar to proteomics, metabolomics can
follow a targeted approach in which compounds (known standards) are purchased and then assays
are tuned on a mass spectrometer to develop multiplexed assays that leverage the unique mass and
the retention time on a specific column. By contrast, newer sensitive instruments can more readily
assay a broader swath of the large molecular diversity in a given complex mixture with an agnostic
approach.Whereas targeted methods ensure unambiguous molecular identification at the outset,
nontargeted methods promote serendipity. However, the identification of an MS peak of inter-
est can prove arduous (Table 3). The scope of studies to date has been relatively modest when
compared to genetic investigations, although throughput continues to improve. There is emerg-
ing consensus that these techniques are highlighting new pathways that may contribute to CMD
pathogenesis that could also serve as disease biomarkers, highlighted by associations observed with
amino acids and lipid metabolites.
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Table 3 Characteristics of metabolomic methods in cardiometabolic biomarker discovery (scale: ✔ to ✔✔✔✔)

Metabolomic
method Description Sensitivity Specificity

Metabolome
coverage Throughput

NMR Nondestructive; excitation of nuclei
generates electronic signatures of
sample compounds

✔ ✔✔✔✔ ✔ ✔✔✔✔

Targeted LC/MS Known compounds serve as internal
standards with tuning of MS to
unique mass and retention time of
metabolite

✔✔✔✔ ✔✔✔✔ ✔✔ ✔✔✔

Non-targeted
LC/MS

Nonbiased profiling; necessitates peak
identification

✔✔✔ ✔✔✔ ✔✔✔✔ ✔✔✔

Abbreviations: NMR, nuclear magnetic resonance; LC, liquid chromatography; MS, mass spectrometry.

Amino Acids and Cardiometabolic Disease Risk

Elevated levels of branched-chain amino acids (BCAAs) have shown a consistent link to the de-
velopment of CMD, and in particular, T2DM. In a case-control study, a metabolomic screen of
amino acids and other polar metabolites found five amino acids associated with the development of
T2DM in the FHS,more than a decade prior to onset of disease, while providing incremental im-
provement in model discrimination over standard diabetic risk factors. A score consisting of three
metabolites (two BCAAs and one aromatic amino acid) was associated with a fivefold increase in
the risk of T2DM in the top quartile compared to the bottom quartile. These findings were repli-
cated in independent cohorts and provide a robust association for BCAAs in the pathogenesis of
T2DM (53). Further, a potential causal association between impaired BCAA catabolism and the
development of T2DM has been identified by leveraged metabolite and genetic information in
so-called Mendelian randomization approaches (54). BCAAs have also been associated with the
development of CHD, although insulin resistance and T2DM may partly mediate this associa-
tion (55). Several other amino acids and derivatives including lysine, betaine, and glutamate have
been implicated in CMD (56–59), highlighting the importance of this class of metabolites for risk
prediction, and studies in heterogeneous populations are ongoing.

Lipids and Cardiometabolic Disease Risk

While dyslipidemia is a hallmark risk factor for CVD, an expanded investigation of perturbed
lipid metabolism has revealed significant associations with the development of other diseases (60–
64). New techniques capture information not obtainable by clinical tests, including distinct lipid
classes or structural information including the length and saturation of lipids, which can be in-
fluenced by both dietary and genetic factors. A screen of 135 lipids revealed several associations
between specific lipid species and incident CVD in the Bruneck Study. Specific cholesterol es-
ters, phosphatidylcholines, and triacylglycerols were the strongest predictors of incident events
and modestly improved risk discrimination over traditional risk factors, including total choles-
terol and high-density lipoprotein cholesterol levels. As noted, lipids vary substantially, including
in length and bond formations, and have been increasingly associated with both increased risk and
protection against CMD based on species type. Metabolites of dietary lipids have also been im-
plicated in the development of CHD. An untargeted metabolomic investigation in patients with
high risk of developing CVD found associations of 18 metabolites with incident disease. Three
correlated dietary metabolites of phosphatidylcholine, namely choline, trimethylamine N-oxide,
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and betaine, were strongly associated with the development of disease. Experimental studies in
mice found that suppression of intestinal microflora was associated with a decrease in choline-
accelerated atherosclerosis, uncovering a possible link between gut microbiome metabolism and
the development of CVD.Lipid species and their metabolites are implicated in a host of biological
processes and may be mediators of residual risk in the setting of controlled clinically measured
cholesterol levels.

Application of metabolomic screening at a more targeted level has been instrumental in assess-
ing for various clinical scenarios, including inborn errors of metabolism (65). Metabolomic tech-
nologies have improved the ability to identify and elucidate subtleties in phenotypes for these rare
diseases. It is conceivable with improvements in technologies that these methods can be applied
to correlate thousands of metabolites to broad ranges of cardiometabolic phenotypes to improve
our ability to assess risk and refine risk prediction.

MULTI-OMICS

While genomics, proteomics, and metabolomics form the core of omics research, several emerg-
ing omic fields are poised to further contribute to our understanding of CMD risk. Disciplines
such as transcriptomics have helped highlight the function of RNA transcripts, and epigenomics
has identifiedmodifications to the genome includingDNAmethylation and histonemodifications
that contribute to disease development (66, 67). Further, while omics research has primarily ana-
lyzed blood for analytes of interest, significant advances have been made in the analysis of tissue
samples, including the heart, liver, and gut microbiome (60), that may provide new insights into
organ-specific biological processes involved in CMD pathology. Given the complementarity of
information provided by the aforementioned areas of omic profiling, there is increasing enthu-
siasm for multi-marker panels or risk scores for disease prediction. Each omic field can provide
novel prognostic information of disease risk. However, no single data set can explain the entirety
of risk prediction as these fields provide orthogonal information. A multi-omic approach to CMD
research would provide incremental improvements in risk prediction compared to standard clini-
cal risk factors (68) while helping to unravel pathways or mechanisms of disease from genetic risk
loci to phenotypes, thereby providing avenues to discover important biomarkers and therapeutic
targets for future research (69, 70). Integration of these data sets with traditional risk factors holds
the true potential for omics in uncovering powerful diagnostic tools for CMD research. How-
ever, given the complexity and high dimensionality of the data sets involved, traditional statistical
approaches to data analysis for prediction may be insufficient. Advanced statistical modeling, in-
cluding the use of machine learning, may hold promise in handling such complex data, as these
methods have shown great potential in accounting for complex interactions across data sets and
have helped improve risk prediction compared to traditional models (71). However, significant
challenges lie ahead as omic data sets are heterogeneous, noisy, and often too small for effective
implementation of these methods. Further, as the complexity of analysis continues to grow in or-
der to deal with the vastness of omic data, translating findings that are interpretable for clinicians
will present significant challenges for implementation to clinical practice.

CONCLUSION

The emergence of omic technologies has highlighted orthogonal pathways for CMD develop-
ment, producing a plethora of novel potential biomarkers and tools for risk assessment. However,
the path toward clinical utility for these measures is arduous. Several key questions need to be
addressed prior to bringing candidate risk tools or biomarkers forward. Goals include assessment
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of the clinical utility that biomarkers can add to traditional risk factors, validation of findings in
diverse cohorts, and standardization of assay technologies, among others. Nonetheless, the recent
past has seen extraordinary developments in the broad-scale and systematic investigation of novel
risk factors for disease. Only two decades ago, it was inconceivable that we would be sequencing
human genomes and integrating genomic information into clinical practice. There is optimism
that these new profiling technologies will play a role in the clinical assessment of CMD risk.

FUTURE ISSUES

1. Validation of candidate omic analytes or genetic risk tools in relation to disease in exter-
nal cohorts. This includes addressing disparities in cohort designs to clarify differentia-
tion of risk across sexes and races.

2. Comprehensive analysis for utility of candidate biomarkers or risk prediction tools to
improve risk prediction over traditional risk factors for CMD.

3. Standardization of omic methodologies. This presents a unique challenge, especially
in relation to consistency of sample preparation and assay development. Pipelines for
biomarker discovery and subsequent validation will be crucial to translate findings to
clinical utility and practice (40, 72).

4. Recognition of practical considerations for biomarkers when assessing bringing candi-
date analytes forward to practice. These include (a) absolute quantification of biomark-
ers, as omic studies often standardize measurements to reference values providing rel-
ative concentrations, and (b) assessments for optimal cut points in defining abnormal
ranges that indicate disease development.

5. Development and refinement of novel statistical methods to analyze and integrate high-
dimensional omic data.

6. Assessment of the utility of omic biomarkers to improve risk prediction on the basis of
response to therapy.
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