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ABSTRACT
Metabolomics, the comprehensive measurement of low- 
molecular- weight molecules in biological fluids used for 
metabolic phenotyping, has emerged as a promising tool 
to better understand pathways underlying cardiovascular 
disease (CVD) and to improve cardiovascular risk 
stratification. Here, we present the main methodologies 
for metabolic phenotyping, the methodological steps 
to analyse these data in epidemiological settings and 
the associated challenges. We discuss evidence from 
epidemiological studies linking metabolites to coronary 
heart disease and stroke. These studies indicate the 
systemic nature of CVD and identify associated metabolic 
pathways such as gut microbial cometabolism, branched- 
chain amino acids, glycerophospholipid and cholesterol 
metabolism, as well as activation of inflammatory 
processes. Integration of metabolomic with genomic 
data can provide new evidence for involved biochemical 
pathways and potential for causality using Mendelian 
randomisation. The clinical utility of metabolic biomarkers 
for cardiovascular risk stratification in healthy individuals 
has not yet been established. As sample sizes with high- 
dimensional molecular data increase in epidemiological 
settings, integration of metabolomic data across 
studies and platforms with other molecular data will 
lead to new understanding of the metabolic processes 
underlying CVD and contribute to identification of 
potentially novel preventive and pharmacological targets. 
Metabolic phenotyping offers a powerful tool in the 
characterisation of the molecular signatures of CVD, 
paving the way to new mechanistic understanding and 
therapies, as well as improving risk prediction of CVD 
patients. However, there are still challenges to face in 
order to contribute to clinically important improvements 
in CVD.

INTRODUCTION
Cardiovascular disease (CVD) remains the 
major cause of death globally, with an estimated 
85 million deaths annually.1 CVD compromises a 
diverse set of diseases, with coronary heart disease 
(CHD) and stroke being the most common mani-
festations. A large body of research over the past 
decades has identified a range of well- established 
risk factors, including male sex, high blood pres-
sure, high total and low- density lipoprotein (LDL) 
cholesterol levels, smoking and type 2 diabetes, as 
well as many genetic factors that affect an individ-
ual’s risk of developing CVD.2 Nonetheless, the 
molecular mechanisms linking these and other risk 
factors to CVD are only partly understood, partic-
ularly how molecular mechanisms interact with 

environmental exposures such as diet and xenobi-
otics. Better understanding of the underlying path-
ways which are implicated in CVD pathophysiology 
is important to design novel or improved strategies 
for prevention, risk stratification and treatment.

Metabolomics, the comprehensive measurement 
of low- molecular- weight molecules in biological 
fluids, provides an assessment of the metabolic 
signatures (metabolic phenotype) of intrinsic and 
extrinsic exposures (the internal and external expo-
somes) from a variety of sources, including genetic, 
dietary, lifestyle, gut microbial and psychosocial 
factors. This involves the biochemical analyses 
of multiple metabolites in biological fluids, tissue 
homogenates as well as intact tissues. Substantial 
progress has been made in metabolomics through 
improved instrument performance and use of 
advanced chemoinformatic and bioinformatic tools 
for data acquisition, processing and analysis. These 
have facilitated the investigation of metabolites in 
relation to CVD in large population studies. Appli-
cations of metabolic phenotyping in CVD have so 
far been multifaceted, including the use of metabolic 
biomarkers to study the effects of lifestyle and envi-
ronmental exposures on CVD risk,3 4 investigation 
of mechanisms and pathophysiological processes 
underlying CVD development,5 6 and progression 
and evaluation of prognostic biomarkers.7–9 Here, 
we provide a brief account of metabolomics tech-
nologies and their application in CVD research, 
focusing on epidemiological studies of CVD and its 
main components, CHD and stroke.

METABOLOMICS APPROACHES
There is no single technology to measure the entire 
metabolome. To address this, a wide variety of 
approaches, biological fluids, analytical platforms 
and statistical methods have been proposed to 
systematically increase the coverage of the metab-
olome. Analytical advances have allowed the simul-
taneous detection and quantitation of a variety of 
small molecules with different chemical properties 
and structures, including carbohydrates, lipids, 
steroids, organic acids, amino acids, peptides, 
energy- related metabolites and gut microbial come-
tabolites, ranging from aqueously soluble metabo-
lites to non- polar lipids and lipophilic components.

The application of metabolomics can be hypoth-
esis driven, through targeted (closed) methods 
quantifying a small number of structurally related 
metabolites, or an untargeted (open, hypothesis 
generating) approach where the aim is to cover as 

 on M
ay 22, 2023 by guest. P

rotected by copyright.
http://heart.bm

j.com
/

H
eart: first published as 10.1136/heartjnl-2019-315615 on 19 F

ebruary 2021. D
ow

nloaded from
 

http://www.bcs.com/pages/default.asp
http://heart.bmj.com/
http://orcid.org/0000-0002-7511-5684
http://crossmark.crossref.org/dialog/?doi=10.1136/heartjnl-2019-315615&domain=pdf&date_stamp=2021-06-23
http://heart.bmj.com/


1124 Iliou A, et al. Heart 2021;107:1123–1129. doi:10.1136/heartjnl-2019-315615

Review

much of the metabolome as possible. With the targeted method, 
only a preselected group of metabolites that usually are chem-
ically related, belonging to a metabolic class or pathway, is 
measured. With the use of standards labelled with stable isotopes, 
these assays can be made quantitative. In untargeted approaches, 
the chemical identity of the metabolites may not be known a 
priori, and chemical/spectral annotation may be needed post hoc 
to identify the molecular species. Furthermore, the untargeted 
methods are not optimised for a particular class of compounds 
and, thus, are often less sensitive than targeted methods and may 
be semiquantitative rather than fully quantitative.

Samples
Many known metabolites are present in blood and urine, which 
are the most frequently used sample types in human metabolic 
phenotyping. They are relatively easy to collect and store in 
epidemiological settings and carry extensive information on the 
metabolic phenotype. Blood is sampled as either blood plasma 
or serum, and contains a wide range of aqueously soluble metab-
olites and lipids, with the latter largely contained within lipo-
protein fractions. Urine is a biological waste material containing 
products of endogenous metabolism, gut microbial cometabo-
lism, renal function and exogenous exposures, and therefore 
also captures a complex and wide set of metabolic processes.10 It 
also has the advantage that it can significantly concentrate waste 
products of metabolic pathways. Other biofluids that have been 
used include saliva and cerebrospinal fluid, tissue extracts from 
atherosclerotic plaques or cell extracts. The latter may reveal 
tissue- specific biological processes that cannot be captured in 
blood and urine. Variations in sample collection procedures, 
handling, transport and storage both within and between studies 
may affect the metabolic profile and introduce bias, highlighting 
the need for standard operating procedures and extensive quality 
control (QC).11 12

Analytical platforms and analysis workflow
The majority of metabolic phenotyping data are acquired using 
nuclear magnetic resonance (NMR) spectroscopy, and mass 

spectrometry (MS)- hyphenated instrumental platforms, mainly 
liquid chromatography–MS and gas chromatography–MS. The 
relative advantages and disadvantages of each technology and 
their main applications are described in table 1.

Metabolomics analysis can be divided into four main steps: 
preprocessing, statistical analysis, identification of the unknown 
features (for untargeted analyses) and pathway analysis (figure 1). 
Postdata acquisition processing (so- called preprocessing) in 
metabolomics is complex and requires a relatively sophisticated 
methodology as datasets can be very large as a result of the 
high- throughput nature of the data.13 QC samples, often pooled 
across samples included in the study, are used to assess repro-
ducibility and to account for instrument drift, analytical signal 
variability, and baseline and retention time shifts across the same 
(intra-) or different (inter-) batches.14

Statistical analysis needs to take into account characteristics of 
metabolomics data, including a high degree of collinearity, high- 
dimensionality, non- linearity, missingness and non- normality.15 
Both univariate and multivariate methods are used to address 
different types of metabolomics data and study questions. In 
univariate approaches, standard generalised linear models are 
commonly used. To account for multiple hypothesis testing, 
Bonferroni, false discovery rate correction and a less strin-
gent metabolome- wide significance- level approach16 are often 
reported. Multivariate approaches are also used to tease out 
latent information from spectral data and to select relevant meta-
bolic features. The most common multivariate approaches fall 
within two groups: unsupervised, such as principal component 
analysis, and supervised, such as partial least squares discrimi-
nant analysis. Unsupervised methods involve data reduction to 
differentiate clusters of samples that share common variation, 
while supervised methods focus on group separation in the data 
(figure 2).

Unknown statistically significant metabolic features need to be 
identified using analytical chemistry and bioinformatics analyses 
to relate features in the spectra to individual metabolites, often 
making use of online databases (eg, LipidMaps, Metlin and the 
Human Metabolome Database). The Metabolomics Society has 

Table 1 Strengths and weaknesses of the core instrumentation used in metabolomics

NMR GC- MS
LC- MS/MS
Q- TOF/Orbitrap

LC- MS/MS,
triple quadrupole

Applications Targeted and untargeted Targeted and untargeted Targeted and untargeted Targeted

Strengths  ► Non- destructive technique.
 ► High reproducibility.
 ► Quantitative analysis.
 ► Relatively easy metabolite 

identification.

 ► Robust and reproducible 
metabolite separation.

 ► Available databases to aid 
metabolite identification, for 
example, NIST.

 ► Quantitative analysis.
 ► Less expensive compared with 

other MS platforms.

 ► High resolution.
 ► Accurate mass determination.
 ► Thousands of metabolites 

detected in a single run.
 ► Fragment fingerprinting using MSn 

experiments.
 ► Derivatisation is rarely needed, 

though ionisation of the 
molecules is required.

 ► High specificity when combined with 
retention time.

 ► Quantitative analysis with the use of 
stable isotope labelled standards.

 ► Direct flow injection can be used 
with short run times, suited for 
targeted analysis of chemically related 
compounds.

 ► Derivatisation is rarely needed, though 
ionisation of the molecules is required.

Challenges  ► Low sensitivity compared with 
MS.

 ► Large sample volumes required 
compared with MS.

 ► Up to 200 metabolites can be 
detected in a single run due to 
overlapping signals compared 
with thousands detected in MS 
applications.

 ► Destructive technique.
 ► Prior derivatisation process is 

needed.
 ► Unsuitable for metabolites that 

thermally decompose.

 ► Destructive technique.
 ► Relatively expensive compared 

with other MS techniques.
 ► Complex metabolite identification.
 ► Noise and redundancy in 

untargeted data.
 ► Lack of absolute quantification in 

untargeted applications.
 ► Low reproducibility, requiring 

quality control samples.

 ► Destructive technique.
 ► Hypothesis driven.
 ► Difficult method development.

GC- MS, gas chromatography–mass spectrometry; LC- MS/MS, liquid chromatography–tandem mass spectrometry; MS, mass spectrometry; NIST, National Institute of Standards 
and Technology; NMR, nuclear magnetic resonance; Q- TOF, quadrupole time- of- flight mass spectrometer.
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proposed a scoring system that describes the confidence of the 
metabolite identity assignment.17 The list of identified metabo-
lites is often followed up by pathway analyses to aid interpretation 
of the results by placing the identified metabolites into relevant 
biochemical pathways (figure 3).18 19

The nature of metabolomics data and the use of different 
analytical techniques and platforms for metabolite measurement 
and quantification pose special challenges to standardisation and 
harmonisation across studies and laboratories. Different prepro-
cessing strategies and lack of information on metabolite identifi-
cation and quantification procedures may introduce heterogeneity 
between studies. Several initiatives are attempting to synthesise 
metabolomics data from different studies such as the Consortium 
of Metabolomics Studies, which has focused mainly to date on 
pooling data from single platforms.20 Extension of these efforts 
to combine data across different assay platforms is much more 
challenging but is expected to enhance the generalisability, repro-
ducibility and molecular scope of metabolomic findings and to 
facilitate their implementation in clinical practice.

Applications of metabolic phenotyping in CVD
Epidemiological studies employing metabolic phenotyping 
in CVD have focused mainly on the identification of novel 
biomarkers of CVD, exploring biochemical pathways that 
underly cardiovascular phenotypes, Mendelian randomisation 
(MR) to explore causality and assessment of metabolomics in 
CVD risk prediction.

Early epidemiological studies on metabolomics and CVD 
outcomes were predominantly cross- sectional investigations 
reporting metabolites that were mainly consequences of clinical 
disease. With improved high- throughput technologies, data from 
prospective investigations have since been generated (table 2 
summarises their study design and main findings). We discuss 
some of the major results from these studies further.

Lipid metabolic pathways
The evidence linking lipid metabolism and dyslipidaemia with 
CVD is well established. Metabolic profiling has further provided 
an in- depth characterisation of lipid species in MS technologies 
and has highlighted the potential role of specific lipid metabolic 
pathways such as sphingolipids, glycerophospholipids and glyc-
erolipids as biomarkers of disease.

In a large- scale MS- based metabolomics study across three 
cohort studies, Ganna et al9 showed that after adjustment for tradi-
tional CVD risk factors, four lipid- related metabolites were asso-
ciated with CHD: lysophosphatidylcholine (LPC) 18:1, LPC 18:2 
and sphingomyelin 28:1 (inverse associations) and monoglyceride 
(MG) 18:2 (direct association). LPCs were also inversely associ-
ated with body mass index and presence of subclinical CVD cross- 
sectionally, while a reverse pattern was observed for MG 18∶2. MG 
18∶2 is central in the synthesis and breakdown of triglycerides, 
while MGs are precursors for diglycerides, which are known to 
inhibit insulin signalling acting through protein kinase Cε, mech-
anistically linking excess lipid storage with insulin resistance.21 An 
inverse association between LPC 18:2 and 17:O in relation to inci-
dent myocardial infarction was also reported by another prospec-
tive multicohort investigation.8 LPCs are mainly contained in 
high- density lipoproteins (HDLs) and are produced on hydrolysis 
of phosphatidylcholines (PCs) in acute and chronic inflammation. 
Their association with CVD outcomes in these studies add further 
support to the importance of systemic inflammatory processes in 
the pathogenesis of CVD.

Figure 1 Schematic of the metabolic phenotyping analysis workflow. LC- MS, liquid chromatography–mass spectrometry; NMR, nuclear magnetic 
resonance; QC, quality control.

Figure 2 Schematic representation of score plots from (A) PCA and 
(B) partial least squares discriminant analysis models on a hypothetical 
two- group data where between- group variation is smaller than sample- 
to- sample variation. Within- group variation dominates; therefore, 
the group pattern is better revealed by separation using supervised 
methods. PC, principal component; LV, latent variable.
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Several studies have highlighted the importance of glycero-
phospholipids, mainly sphingomyelins, in CVD. Among them, 
sphingomyelin 32:1 has been found to be directly associated 
with incident ischaemic stroke, forearm vasodilation resistance (a 
marker of subclinical CVD) and inversely with leucocyte count (a 
marker of inflammation); however, these associations were atten-
uated when adjusting for traditional risk factors.22 Sphingomyelins 
are found in plasma and cell membranes and plasma lipoproteins 
that are involved in apoptosis and oxidative stress and have been 
associated with atherosclerotic plaque instability and lipid plaque 
burden.23 Sphingomyelins can be broken down to ceramides, 
another important class of signalling molecules which may be 
involved in the pathogenesis of CVD through multiple pathways 
including lipotoxicity, inflammation and apoptosis.24 Studies in 
animal models have suggested that pharmacological inhibition or 
genetic ablation of enzymes driving ceramide synthesis ameliorate 
atherosclerosis and related pathways.25 However, results from 
epidemiological studies are inconsistent, with some but not all 
studies showing a direct association between different ceramides 
and future CVD.26

Neutral lipids, in particular, cholesterol esters and triacyl-
glycerols (TAGs) with a low carbon number and double- bond 
content have been associated with CVD in a prospective cohort 
study.27 TAGs are associated with hepatic steatosis and raised de 

novo lipogenesis, in part as a consequence of diets high in carbo-
hydrates, in human feeding studies.28

Epidemiological studies have also investigated the role of different 
lipid particles and lipoproteins through 1H NMR measurements. 
For example, very low- density lipoprotein (VLDL), intermediate- 
density lipoprotein (IDL) and LDL, as well as triglycerides in all 
lipoproteins (mostly HDL particles) were directly associated with 
myocardial infarction and ischaemic stroke, while cholesterol in 
large HDL (but not in small) was inversely associated with these 
outcomes.29 In another prospective investigation of 105 different 
NMR measured lipoproteins,5 lower- density lipoproteins showed 
strong direct associations with atherosclerosis and CVD with total 
apolipoprotein B and apolipoprotein B within total plasma LDL 
being associated with CVD after adjustment for non- lipid CVD 
risk factors.

Other metabolic pathways
Other prospective studies have identified an NMR- based meta-
bolic fingerprint associated with CVD. In Würtz et al,30 four 
metabolites were associated with incident CVD: phenylalanine 
and monounsaturated fatty acid levels were directly associated 
with incident CVD, while omega-6 fatty acids and docosahexae-
noic acid levels were associated with lower risk of CVD. Vaarhorst 

Figure 3 Ingenuity pathway analysis network showing molecular relationships between metabolites which have been associated with 
atherosclerosis (blue: inverse association, orange: direct association) (adapted from Tzoulaki et al5). ;AARS, alanyl- tRNA synthetase; ALT, alanine 
transaminase; CPO,carboxypeptidase O; HTT, Huntington disease protein; LDL, low- density lipoprotein; LPO, lactoperoxidase; SFTPD, surfactant protein 
D.

 on M
ay 22, 2023 by guest. P

rotected by copyright.
http://heart.bm

j.com
/

H
eart: first published as 10.1136/heartjnl-2019-315615 on 19 F

ebruary 2021. D
ow

nloaded from
 

http://heart.bmj.com/


1127Iliou A, et al. Heart 2021;107:1123–1129. doi:10.1136/heartjnl-2019-315615

Review

et al31 used the least absolute shrinkage and selection operator 
(LASSO) algorithm to identify a metabolite score consisting of 13 
1H NMR signals associated with CHD, comprising a lipid frac-
tion, glucose, valine, ornithine, glutamine, creatine, glycoproteins, 
citrate and 1,5- anhydrosorbitol. Meanwhile, Tzoulaki et al5 eval-
uated the association of 1H NMR features with coronary artery 
calcium and intima media thickness. They found a range of metab-
olites associated with atherosclerosis, including alanine, glycine, 
methionine, glucose, acetaminophen- glucuronide, glycerol, acetyl 
glycoproteins, myo- inositol, mannose, 1,5- anhydrosorbitol, gluta-
mate, glutamine, N,N- dimethylglycine, lysine, phenylalanine, 
5- oxoproline, 3- hydroxybutyrate, citrate and albumin. Several of 
these metabolites were also associated with incident CVD, high-
lighting the importance of these pathways in progression to clinical 
CVD.

The aforementioned analyses highlight the interactions of 
amino acids with CVD, in addition to the well- established links 
of carbohydrates and lipid metabolism with CVD. While further 
work is needed to understand the role of specific amino acids in 
CVD, there may be shared mechanisms with insulin resistance 
and type 2 diabetes, where studies have shown that branched 
chain amino acids, glycine and phenylalanine contribute to 
insulin resistance.32 33

Overall, metabolomics studies to date have revealed systemic 
disturbances and interconnected pathways underlying CVD. These 
pathways include lipid, fatty acid and carbohydrate metabolism, 
branched chain amino acids and aromatic acid metabolism, tricar-
boxylic acid and urea cycle, and muscle metabolism (figure 3). 
The identified pathways point to the activation of inflammatory 
processes and oxidative stress as key determinants of CVD. Many 

of these pathways, lipid metabolism in particular, have shown 
marked differences between men and women, which may in part 
explain the sex differences observed in CVD risk. For example, 
VLDL triglyceride content is higher in men relative to women, 
while inflammatory glycoprotein acetyl is higher in women across 
different ages.34

Gut microbiome
Metabolomics can capture metabolic markers of gut microbiota, 
which have been increasingly recognised to have an important role 
in cardiometabolic health. Particularly, trimethylamine- N- oxide 
(TMAO), a gut microbial- host cometabolite of dietary choline 
and carnitine, was observed to be strongly associated with CHD 
and diabetes.3 4 35 Supplementation with TMAO or its precursors 
promoted atherosclerosis in mice, but this effect was not observed 
in germ- free mice indicating that a gut- microbial step was involved. 
Specifically TMAO involves the gut microbial transformation of 
dietary PC and carnitine,36 typical components of a meat- based 
diet which, in turn, is associated with poor cardiometabolic health 
(figure 4). Animal studies have shown that increasing TMAO 
promotes thrombosis, atherosclerosis and metabolic dysfunc-
tion, whereas inhibiting TMAO reduces the formation of athero-
sclerotic lesions and thrombosis potential and improves glucose 
tolerance.37–39

Multiomics analyses and MR
Several studies have integrated genetic and metabolomics data 
using the MR approach to explore potential causality. In MR, 
genetic variants associated with metabolite levels are used 

Table 2 Summary of prospective epidemiological studies examining associations between metabolites and CVD

Reference Study design Cases (N) Metabolomics platform Main results

Ganna et al9 Prospective multicohort: TwinGene,
ULSAM and PIVUS

131 CHD events in 
discovery, 282 events in 
replication

LC- MS untargeted approach LPC 18:1, LPC 18:2, sphingomyelin 28:1 and MG 18:2 
associated with CHD
MG 18:2 showed weak evidence for a causal effect on CHD 
risk using Mendelian randomisation analysis

Stegemann et al27 Prospective cohort study: Bruneck 
study

90 CVD events LC- MS shotgun lipidomics,
135 lipid species

Individual species of cholesterol esters, LPCs, 
phosphatidylcholines, phosphatidylethanolamines, 
sphingomyelins and triacylglycerols were associated with 
CVD.
Small improvement in discrimination over standard CVD risk 
factors for disease prediction

Würtz et al30 Prospective multicohort:
FINRISK study, SABRE study and 
British Women’s Health and Heart 
Study

800 CVD events in 
discovery,
573 and 368 events in 
replication

NMR and targeted LC- MS with 
Metabolon
68 NMR metabolites

Phenylalanine, monounsaturated fatty acids, omega-6 fatty 
acids, and docosahexaenoic acids were associated with 
CVD events
Minimal improvement in discrimination over standard CVD 
risk factors for disease prediction

Ward- Caviness et al8 Prospective multicohort: KORA S4, 
KORA S2 and AGES- REFINE

n=67, 112, 87 
myocardial infarction 
cases, respectively

Targeted Biocrates AbsoluteIDQ 
p150 Kit LC -MS
188 metabolites

Arginine and LPC (LPC 17:0 and LPC 18:2) associated with 
myocardial infarction
Metabolites increased the predictive value of the 
Framingham Risk Score in KORA S4 (from 0.70 to 0.78).

Holmes et al29 Nested case–control study: China 
Kadoorie Biobank

912 myocardial 
infarctions, 1146 
ischaemic strokes, 
1138 intracerebral 
haemorrhage

NMR
225 metabolites

Triglycerides within all lipoproteins showed similar 
associations with myocardial infarction and ischaemic 
stroke, but not with intracerebral haemorrhage.
Glycoprotein acetyls, ketone bodies, glucose and 
docosahexaenoic acid were associated with all three 
diseases.

Lind et al22 Prospective multicohort: TwinGene, 
ULSAM and PIVUS

177 cases stroke events 
in discovery,
194 stroke events in 
replication

LC- MS untargeted approach Sphingomyelin 32:1 was associated with incident stroke.

Tzoulaki et al5 Cross- sectional and prospective 
multicohort: MESA, Rotterdam Study 
and LOLIPOP

630 CVD events Untargeted NMR 25 metabolites of atherosclerosis also associated with CVD, 
associations attenuated after adjustments for risk factors

AGES- REFINE, Age, Gene/Environment Susceptibility (AGES) and the Risk Evaluation For Infarct Estimates (REFINE)- Reykjavik studies; CHD, coronary heart disease; CVD, cardiovascular disease; 
FINRISK, Finland Cardiovascular Risk Study; KORA, Collaborative Health Research in the Region of Augsburg; LC- MS, liquid chromatography–mass spectrometry; LOLIPOP, London Life Sciences 
Prospective Population Study; LPC, lysophosphatidylcholines; MESA, Multi- Ethnic Study of Atherosclerosis; MG, monoglyceride; NMR, nuclear magnetic resonance; PIVUS, Prospective Investigation 
of the Vasculature in Uppsala Seniors; SABRE, Southall And Brent Revisited Study; ULSAM, Uppsala Longitudinal Study of Adult Men.
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as instrumental variables to investigate their effects on CVD 
(figure 5). Since genetic variants are randomly assigned during 
meiosis, using genetic variants as instruments for metabolite 
levels mimics the design of a randomised controlled trial.40 For 
example, MR analyses have supported a possible causal role of 
MG 18∶2 and apolipoprotein B on CHD risk.41 However, MR 
analysis relies on specific assumptions such as the absence of hori-
zontal pleiotropy, that is, the effects of the genetic variants on the 
outcome are assumed to act exclusively through the risk factor 
(metabolite) of interest. In relation to metabolomics, many lipid- 
related genetic variants are highly pleiotropic and therefore the 
standard MR paradigm may not be suitable.42 Systems biology 
approaches may also be used to highlight links between biolog-
ical pathways. For example, integration of gene and metabolite 
networks revealed an interaction network between genes mainly 
involved in inflammatory, insulin and lipid pathways, and NMR- 
identified metabolite markers of atherosclerosis (figure 3).5

Clinical utility and risk stratification
As well as indicating pathways underpinning CVD, metabolites 
may serve as novel disease biomarkers to aid CVD risk stratifi-
cation for disease prevention, although often these studies have 
been small and underpowered, and their incremental predic-
tive ability over and above traditional risk factors has been 
limited.5 8 27 30 31 Given the importance of lipids in CVD risk 
stratification, research effort has concentrated on the role of 

lipid species and, in particular, in lipoprotein particles. Among 
these, only apolipoproetin- B and lipoprotein A have shown 
some evidence for clinical utility in specific patient populations, 
whereas the clinical utility of lipoprotein subclasses and apolipo-
protein profiles remains to be established.43 44

CONCLUSIONS AND FUTURE DIRECTIONS
Metabolomics presents a powerful and promising approach 
for an in- depth molecular characterisation of cardiovascular 
health and disease. Advances in analytical technologies and 
informatics have made possible the generation and analysis of 
high- dimensional complex metabolic phenotyping data in large 
population studies. Such studies have highlighted the systemic 
nature of CVD, including the role of gut microbial cometab-
olism, branched chain amino acids, glycerophospholipid and 
cholesterol metabolism, as well as activation of inflamma-
tory processes. Although lipid and inflammatory pathways are 
already well known with respect to CVD, metabolic phenotyping 
produces a higher- resolution and comprehensive biological 
signature, which may lead to new understanding of mechanisms 
and novel drug targets. The clinical utility of metabolites in risk 
stratification to predict future cardiovascular risk among healthy 
individuals, over and above current CVD risk algorithms, has 
not yet been established. Efforts to harmonise and synthesise 
the differently generated metabolomic data across studies and 
platforms are needed to enhance the generalisability, reproduc-
ibility, molecular scope and potential for clinical utility of this 
approach. In addition, integration of metabolomics data with 
other orthogonal technologies such as proteomics, genomics and 
epigenetics will provide an even deeper understanding of the 
underlying biological pathways and mechanisms. In this regard, 
validation and follow- up of epidemiological findings with mech-
anistic investigations such as in vitro and animal studies would 
strengthen the evidence for cause- and- effect relationships.
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