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‘‘Where is the wisdom we have lost in knowledge? Where is the
knowledge we have lost in information?’’
T.S. Eliot, Choruses from the Rock, 1934
In the 15 years since the completion of the Human Genome
Project, the ﬁeld of cardiovascular genetics and genomics has
undergone a remarkable transformation. From targeted, hypothesis-driven investigations of Mendelian disorders such as familial
hypercholesterolemia, studies of genetic contributions to cardiovascular disease have quickly expanded to agnostic, genome-wide
scans of increasing resolution, essentially becoming a ‘big data’
problem. The availability of whole genome-sequencing data
continues to grow exponentially: in the coming years, the
Trans-Omics for Precision Medicine1 and the Centers for Common
Disease Genomics2 programs in the United States are poised to
sequence more than 250 000 individual genomes, approximately,
of which around 25 000 individuals will be cases of early onset
coronary artery disease and stroke. In addition to institutional
commitment, this data explosion was enabled by technological
advances that have dramatically lowered genotyping costs, with
the promise of the $100 genome now on the horizon.3
The ﬁrst wave of large-scale genome-wide association studies
(GWAS) of cardiovascular phenotypes has produced several
ﬁndings that were biologically plausible, yet explained only a
small proportion of the overall phenotypic variability. For
example, the seminal GWAS of circulating lipids conducted in
> 100 000 individuals of European ancestry identiﬁed 95 signiﬁcant loci accounting for only 10% to 12% of the overall trait
variance and 25% to 30% of the heritable component.4 A
subsequent effort expanding the search beyond common (minor
allele frequency > 5%) variants in > 180 000 individuals
uncovered associations with 62 additional loci that cumulatively
enhanced the explained variance by < 3%.5 Similarly, recent
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large-scale GWAS of blood pressure traits6,7 have identiﬁed
approximately 50 relevant loci explaining only about 2% of the
phenotypic variance.8 The largest meta-analysis of coronary
artery disease GWAS to date revealed a similar genetic architecture, with most of the heritability (approximately 13%) explained
by common loci and rare variants adding only another 2%.9
Notably, the modest explanations offered by GWAS ﬁndings are
not always indicative of limited therapeutic potential. This is
especially well illustrated by the HMGCR polymorphisms, which
exhibit small effect sizes in GWAS,4 yet statin therapies targeting
its gene product have been remarkably successful for lowering
cardiovascular risk.10 Similarly, the promise of PCSK9-targeting
therapies, discussed recently in a review article published in
Revista Española de Cardiologı´a,11 is disproportionate to the
phenotypic variance explained (< 1% in plasma triglyceride
levels).12 Because variance explained depends on both effect size
and allele frequency in the population, genetic ﬁndings that will
emerge from future exome- and whole genome-sequencing
studies—illustrated by the example of APOC13—could still elucidate the underlying mechanisms and inform therapeutic developments despite their limited contributions to trait heritability.
To locate such valuable ﬁndings in the haystack of genome-wide
data, however, it may be wise to incorporate other layers of -omics
and functional data, using bioinformatic algorithms to prioritize
functionally relevant variants.
The study of genome-wide epigenetic variation, speciﬁcally
DNA methylation, has so far been another fruitful avenue of
inquiry. Epigenetic processes embody environmental inﬂuences
such as diet, lifestyle, and other factors by direct biochemical
modiﬁcations of the DNA molecule. Although the extent, if any, of
transgenerational epigenetic inheritance in humans is still
unclear,14,15 it may potentially add to the total heritability of
any given trait. In the ﬁrst published studies of plasma lipids, up to
8 methylation loci explained 5.5% to 11.6% of triglyceride variation
across several cohorts16–18; several consortia meta-analyses of
other cardiovascular phenotypes (incident coronary heart disease,
circulating cytokines, hypertension, and others) are currently
underway and have shown promising preliminary results.19
Although this relative success of the epigenome-wide studies
may in part be due to the ‘winner’s curse,’20 it also has biological
underpinnings: methylation variation, with its corresponding
changes in gene transcription, is more proximal to the phenotype
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than changes in the DNA sequence, and is thus more likely to have
a larger effect. However, most methylome-wide studies conducted
in large cohorts are plagued by their cross-sectional nature (which
precludes from establishing temporality or causality) as well as the
unavailability of the biologically relevant tissue (eg, liver for lipid
metabolism). Recent attempts to address the causality challenge
using Mendelian randomization techniques21 were limited by the
lack of robust genetic instruments for complex traits, such as
plasma lipids or blood pressure, and hampered by the low
proportion of variance explained by known polymorphisms, as
discussed above. Therefore, there is pressing need for carefully
controlled functional studies in vitro and in animal models to test
the causality of genes identiﬁed by genome- and epigenome-wide
studies of cardiovascular traits.
Epigenetic processes also play a critical role in programming
cardiometabolic risk during the early stages of development.21,22 A
consistent body of evidence shows that impaired fetal growth is
associated with DNA methylation levels. For example, individuals
who experienced in utero exposure to famine during the Dutch
Hunger Winter (1944-1945) had differential whole-blood methylation levels of the insulin-like growth factor 2 (IGF2) gene
6 decades later,23 as well as in 6 out of 15 other candidate genes
involved in metabolic and cardiovascular disease,24 compared
with their unexposed, same-sex siblings. Other studies show that
monozygotic twins with discordant birth weight show wholeblood DNA methylation differences.25 In rural Gambia, where there
are profound seasonal ﬂuctuations in the availability of food,
whole-blood DNA methylation patterns in children varied
according to the season of their conception.26 More research is
needed to determine whether these methylation changes associated with impaired fetal growth mediate high cardiometabolic risk
later in life. The identiﬁcation of high-risk epigenetic signatures
may point to metabolic pathways affected by fetal undernutrition.
Upon successful validation, these epigenetic patterns may also
serve as biomarkers for cardiovascular risk stratiﬁcation.
Any discussion of cardiovascular epigenetics would be remiss to
exclude miRNAs, reviewed in 2 recent articles published in Revista
Española de Cardiologı´a.27,28 Several large-scale studies29–31 have
offered new insights into the role of miRNAs (miR148a and miR33a/
b) as key regulators of metabolic processes, particularly fatty acid
oxidation and cholesterol efﬂux; other investigations have proposed the use of miRNAs (eg, the miR133 family, miR19b-3p,
miR134-5p, and miR-186-5p) as biomarkers of myocardial infarction.32,33 These ﬁndings, however, have yet to be translated to the
clinical setting, and most studies have so far failed to show the
superiority of miRNA-based biomarkers over traditional risk factors
such as troponin.34 Additionally, miRNAs exhibit impressively
pleiotropic effects, impacting expression of multiple genes in a
variety of tissues, thus posing the challenge of speciﬁcity for any
potential therapies. Even more interestingly, miRNAs (speciﬁcally
miR33a/b) play a role in interactions between 3 genes that have
previously emerged on methylome-wide screens for plasma lipids
(CPT1A, ABCG1, and SREBF1),30 illustrating the necessity of analytic
approaches that integrate across -omics layers for a fuller
understanding of complex traits.
Another -omic layer that has received attention in the
cardiovascular realm is metabolomics, the quantiﬁcation of
small-molecule circulating metabolites (usually via nuclear
magnetic resonance or mass spectrometry) that offers additional
granularity in investigating disease etiology. For example,
4 metabolites were predictive of cardiovascular risk in multiple
cohorts, with serum phenylalanine and monounsaturated fatty
acid levels indicating a higher likelihood of incident events, while
omega-6 and docoxenaenoic acids were associated with an
improved risk proﬁle,35 independently of traditional risk factors.
While the physiologic relevance of these 4 markers had been
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relatively well understood even prior to that study, other highthroughput metabolomics screens have identiﬁed novel targets,
most notably GlycA,36 a marker of systemic inﬂammation that
was subsequently linked to cardiovascular morbidity and
mortality,37 and trimethylamine-N-oxide (TMAO), a proatherogenic species38 that promoted atherosclerosis in a mouse model39
and was independently associated with the risk of adverse
cardiovascular events40 in humans. The TMAO discovery in
particular illustrated the contribution of yet another -omic layer:
metagenomics, or the composition of bacteria that live in the gut
and synthesize TMAO precursors in response to dietary inputs
such as red meat, ﬁsh, and eggs.41 Current efforts are underway to
develop drugs targeting the microbiome; although still in their
infancy, they illustrate the clinical promise of well-validated omic targets.
With the growing abundance of -omic data on hundreds of
thousands of individuals, the main challenges facing cardiovascular genomics lie in analysis, interpretation, and application. In
addition to the obvious hurdle of the astronomical multiple testing
burden, there is a dearth of methods that fully exploit the wealth of
quantiﬁed variation by integrating across -omics layers. Most
cardiovascular studies that do attempt integration do it in a
‘pairwise’ fashion, eg, linking DNA sequence and epigenetics/
expression via methylation/expression quantitative trait analysis,
or via GWAS of metabolomics traits or microbiome composition, or
via Mendelian randomization. These ‘pairwise’ methods comparing 2 -omic layers fail to capture the contribution of other
intermediate phenotypes, as well as higher-order interactions.
Structural equation models42 represent a more sophisticated
strategy for generating causal insights into multidimensional data,
yet—much like Mendelian randomization—warrant their own set
of assumptions that may not be explicitly tested using data from
human populations. A number of integration methods that rely on
available bioinformatics resources, eg, methods that leverage prior
knowledge of biologic pathways, are limited by the inconsistency
of public databases and their bias toward known genes.43
The metaphor of ‘drinking from a ﬁre hose’ that emerged during
early GWAS44 is even more accurate today, and methodological
creativity is urgently needed to harness the tremendous potential
of the -omics data that are now or will soon become available. To
transform cardiovascular -omics studies from a very expensive
ﬁshing expedition to truly personalized medicine, the ﬁeld needs
fully integrative trans-omic approaches, complete with laboratory
follow-up of -omics ﬁndings. Mere replication of -omics results is
no longer sufﬁcient but must be supplemented by functional
validation. If successful, such studies could inform novel drug
therapies and risk stratiﬁcation approaches, leveraging ‘big data’ to
make a big impact in the ﬁght against cardiovascular disease.
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