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A B S T R A C T

Background: Coronary artery disease (CAD) claims lives yearly. Nuclear magnetic resonance (1H NMR) meta-
bolomics analysis is efficient in identifying metabolic biomarkers which lend credence to diagnosis. We aimed to
identify CAD metabotypes and its implicated pathways using 1H NMR analysis.
Methods: We analysed plasma and urine samples of 50 stable CAD patients and 50 healthy controls using 1H
NMR. Orthogonal partial least square discriminant analysis (OPLS-DA) followed by multivariate logistic re-
gression (MVLR) models were developed to indicate the discriminating metabotypes. Metabolic pathway ana-
lysis was performed to identify the implicated pathways.
Results: Both plasma and urine OPLS-DA models had specificity, sensitivity and accuracy of 100%, 96% and
98%, respectively. Plasma MVLR model had specificity, sensitivity, accuracy and AUROC of 92%, 86%, 89% and
0.96, respectively. The MVLR model of urine had specificity, sensitivity, accuracy and AUROC of 90%, 80%, 85%
and 0.92, respectively. 35 and 12 metabolites were identified in plasma and urine metabotypes, respectively.
Metabolic pathway analysis revealed that urea cycle, aminoacyl-tRNA biosynthesis and synthesis and de-
gradation of ketone bodies pathways were significantly disturbed in plasma, while methylhistidine metabolism
and galactose metabolism pathways were significantly disturbed in urine. The enrichment over representation
analysis against SNPs-associated-metabolite sets library revealed that 85 SNPs were significantly enriched in
plasma metabotype.
Conclusions: Cardiometabolic diseases, dysbiotic gut-microbiota and genetic variabilities are largely implicated
in the pathogenesis of CAD.

1. Introduction

Coronary artery disease (CAD) is one of the leading causes of death
globally [1]. The pathogenesis of CAD includes plaque formation in one
of the coronary arteries which if enlarged may rupture and form
thrombus leading to narrowing of the artery and consequently ischemia
[2,3]. CAD patients tend to have high platelets reactivity, circulating
active platelets and formation of monocyte-platelet aggregates [4].
There are multiple risk factors which may accelerate CAD development

such as hypertension, dyslipidaemia, presence of pro-inflammatory
cytokines and the formation of hyperglycaemia associated advanced
glycation end products [3,5]. Early diagnosis of CAD will prevent dis-
ease progression and ensure promising management outcomes. Fur-
thermore, identifying subjects who are at high risk or in the stage of
developing CAD will help to prevent the disease.

Disease metabolic biomarkers usually lend credence to diagnosis
and help to guide therapy [6]. They may also indicate and explain the
root cause of the disease. Metabolomics analysis of non-invasive or
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minimally invasive samples such as plasma and urine has been proven
to be an efficient tool to identify metabolic biomarkers of diseases and
drugs response classes [7,8]. In metabolomics analysis, researchers use
spectroscopic techniques such as nuclear magnetic resonance (1H NMR)
and mass spectroscopy (MS) to identify a metabotype (metabolic fin-
gerprint/metabolic biomarkers) which can phenotype disease or drug
response [8]. By indicating the metabotype and further investigating
the associated metabolic pathways, better understanding of disease
development and progression can be attained. We previously identified
metabotypes of clopidogrel high on treatment platelets reactivity
(HTPR) in plasma and urine among CAD patients who were planned for
elective interventional angiographic procedure (IAP) [9,10]. Metabolic
pathway analysis and disease wise classification of the identified me-
tabolites showed that insulin resistance, glucose intolerance, obesity,
gut microbiota disturbances, CAD progression and heart failure were
associated with clopidogrel HTPR. Furthermore, we found that the
CYP2C19*2 homozygous mutation was associated with clopidogrel
HTPR, however, this genotype turned out not to be the perfect predictor
of clopidogrel HTPR [11]. While the discovered metabotypes were in-
dicatives of high platelets reactivity as measured by adenosine dipho-
sphate (ADP) stimulation of the P2Y12 receptors, it is not completely
understood whether these metabotypes are due to CAD development
and progression. Therefore, we sought identifying CAD metabotypes
and the associated metabolic pathways among the same patients using
discriminant analysis of their samples against the samples of healthy
control subjects. Towards that end, we applied metabolic phenotyping
and pathway analysis on 50 CAD patients and 50 healthy peers from
another metabolomics study which was conducted at the same research
lab [9,12]. Our aim was identifying metabotypes and metabolic path-
ways associated with stable CAD in plasma and urine using 1H NMR
metabolic profiling.

2. Methods

This is a sub-analysis study which included the 1H NMR metabolic
profiling spectra of 50 stable CAD patients from the clopidogrel HTPR
study and 50 healthy controls from the alcohol dependence (AD) study
[9,10,12,13]. Subjects recruitment and samples collection for both
studies were performed at Hospital Pulau Pinang – Malaysia
[9,10,12,13]. Samples preparation and analysis for both studies were
conducted at the same lab in Universiti Sains Malaysia using the same
metabolomics analysis procedures and conditions. Both studies were
approved by the Medical Research and Ethics Committee (MREC) of
Ministry of Health Malaysia. All the patients and healthy controls who
agreed to participate have signed a consent form prior to sampling. The
50 CAD patients who were selected from clopidogrel HTPR study [10]
were CAD patients (aged between 28 and 60 y), diagnosed on previous
angiogram, on low dose aspirin, not taking any thienopyridine for at
least two weeks before recruitment, having platelets count >70×109/
L, not suffering from current acute coronary syndrome (ACS) and not
having a history of stroke in the past three months, un-coalesced peptic
ulcer, liver cirrhosis and stage five chronic kidney disease (CKD) based
on the National Kidney Foundation, Kidney Disease Quality Outcome
Initiative (KDQOI) definition [14]. The 50 controls were Non-alcohol
dependent subjects chosen from the AD metabolomics study [13]. The
selection criteria were healthy subjects aged between 28 and 60 years
old, not suffering from any chronic illnesses, infectious diseases, or
taking any medications during or one week prior to sampling. Urine
samples were obtained and stored immediately in −80 °C freezer.
Blood samples were collected in BD vacutainer® EDTA (Becton Dick-
inson (BD) vacutainer® Systems). Blood was centrifuged for 10min at
12000 rpm and 4 °C (MIKRO® 22 R, Hettich Zentrifugen) to separate
plasma which was immediately stored in −80 °C freezer.

Plasma and urine samples' preparation and 1H NMR metabolic
profiling were performed as previously described protocol
[9,10,12,13]. In brief, after thawing, plasma samples were centrifuged

at 12,000 rpm and 4 °C for 5min (MIKRO 22 R, HettichZentrifugen®).
Three hundred microliters of the centrifuged plasma were mixed with
300 μL phosphate buffer (pH 7.4). Of the final mixture, 550 μL were
transferred to 5mm NMR tube (BRUKER®, Switzerland). Similarly,
urine samples were thawed then centrifuged for 5min at 4 °C and
12,000 rpm (MIKRO 22 R, HettichZentrifugen®). 400 μL of the cen-
trifuged urine were mixed with 200 μL of phosphate buffer. Five hun-
dred fifty microliters of the resultant mixture was transferred to 5mm
NMR tube (BRUKER®).

Prepared samples were analysed using 1H NMR Bruker 500MHz
(Bruker® BioSpin). TopSpin 3.2 (BRUKER®, BioSpin) software was used
for the the acquisition setups. Baseline correction, shimming and
locking, were done manually. Water peak suppression was applied to
prevent its domination over low concentration metabolites [15]. All the
samples were run at 300 K temperature. For plasma samples, the Nu-
clear Over-hauser enhancement spectroscopy one dimensional (NOESY-
Presat-1-D), the Carr Purcell Meiboom Gill one dimensional (CPMG-1D)
and the 2-dimensional (2-D) J-resolved (J-RES) experimental settings
were used for 1H NMR analysis [9,12]. For urine samples, the NOESY-
Presat-1-D and the J-RES experimental settings were used for 1H NMR
analysis [10,13]. To confirm the identities of the metabolites in the
overlapped spectral regions, we run 2-D Heteronuclear Single Quantum
Coherence (HSQC) experiment on selective samples from each group.

The 1H NMR CPMG-1-D spectra and the NOESY-Presat-1-D spectra
were bucketed (binned) to bin's width of 0.04 ppm by the Analysis of
Mixtures (AMIX) software (ver 3.9.13, BRUKER®, BioSpin) to get bucket
tables of bins' intensities (Microsoft Excel) [16]. The resultant bucket
tables included bins' columns labelled by the central chemical shift
(CCS) chemical shift (ppm) of each bin and rows of subjects' samples
(cases). The water regions (plasma: 4.65–4.88 ppm and urine:
4.72–4.80 ppm) were excluded from each table. In addition, EDTA
peaks were excluded from plasma spectra (free EDTA: 2 singlets at
3.18 ppm and 3.59 ppm; Ca-EDTA: singlet at 2.54 and AB pattern at
3.10 ppm; Mg-EDTA: singlet at 2.68 ppm and AB pattern at 3.20 ppm).
Negative values in the resultant tables were converted to zero. Bins
were excluded from the bucket tables if they had zero values in >50%
of the cases.

Subjects' demographics data were uploaded to statistical software
for social sciences (SPSS), version 22, IBM. Mean and standard devia-
tion (SD) were used to describe continuous variables, while frequencies
were used for categorical variables. Statistical analysis of the processed
1H NMR spectra was done using unsupervised and supervised multi-
variate analysis to indicate the discriminating metabolites between CAD
patients and controls. This was achieved by developing principle
component analysis (PCA) and preliminary orthogonal partial least
square discriminant analysis models (OPLS-DA) followed by factor
analysis (FA) and multivariate logistic regression (MVLR) to indicate
the discriminating metabotypes. The area under receiver operating
characteristic (AUROC) was used to evaluate the OPLS-DA and MVLR
models [17]. The bucket tables were uploaded to the Soft Independent
Modelling of Class Analogy software (SIMCA® 13.0.3, Umetrics®). The
pareto scaling was used to scale the data. The unsupervised PCA and the
hotelling's plot were used to indicate the intrinsic outliers. After that,
the supervised OPLS-DA was run to indicate the best discriminating
models. Sensitivity, specificity, accuracy and AUROC which were gen-
erated through the SIMCA misclassification tool were used to evaluate
each model. The most influencing bins in the models were identified by
the variable influence on projection (VIP) plot. Bins with the highest
VIP value have the major influence in the model. A cut-off of VIP value
>1 was used to select the most influential bins [10]. To further reduce
the bins to the most important ones, bins with VIP value >1 were run
in univariate logistic regression analysis (ULR) using SPSS, (ver 22)
software. Bins with p< .1 in the ULR were selected for FA run, followed
by MVLR. The p< .05 was used for the significance level in the MVLR.
Like OPLS-DA models, the sensitivity, specificity, accuracy and AUROC
were used to evaluate the final MVLR models. The metabolites
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identification was done using representative plasma and urine 1H NMR
spectra from each group (CAD and controls). Chenomx 8.2 (Chenomx®
Inc.), Human Metabolome Database (HMDB) version 3.6 and Bruker
Biofluid Reference Compound Database (B-Biorefcode, Bruker®
BioSpin) libraries were used to identify the metabolites.

To investigate the presence of biologically meaningful patterns
among CAD metabotypes, the metabolic pathway analysis was per-
formed using the functional enrichment and the pathway analysis tool
of the free web-based software MetaboAnalyst 4.0 [18]. The tool
through its updated metabolite set libraries allows for indicating me-
tabolic pathways, single nucleotide polymorphisms (SNPs), diseases
and locations associated-metabolite sets in the discovered metabotypes.
We performed enrichment over representation analysis (ORA) for the
list of metabolites which were identified from bins with p< .1 in the
ULR analysis. Furthermore, to get further insights on the perturbed
metabolic pathways, we also performed a pathway topology analysis
using the identified metabolites from the MVLR models. The p value
and the false discovery rate (FDR) of each perturbed pathway were used
to account for significance and false discovery in the pathway analysis,
respectively. In this regard, the thresholds of p< .05 and FDR<0.1
were used to consider the pathway is impactful in the discovered me-
tabotypes. Fig. S1 in the online supplementary data demonstrates
summary of the steps which were followed to indicate the dis-
criminating multivariate models and the metabolic pathways analysis
(see online supplementary material).

3. Results

The mean (SD) age of the CAD group was 56 (6.3), while the mean
age of the controls was 39.8 (9.4) y (SD: 8.1683). Males were 44 (88%)
and % 32 (64%) of the CAD and controls, respectively. Of all CAD
patients, 22 (44%) and 8 (16%) were suffering from type 2 diabetes
mellites (T2DM) and stage 3 CKD, respectively. All CAD patients were
on aspirin and statins while 41 (82%), 34 (68%) and 6 (12%) were on
one of the Beta Blockers (βBs), angiotensin converting enzyme in-
hibitors (ACEI) and angiotensin II reuptake blockers (ARBs), respec-
tively. The detailed demographics and clinical data of the study's sub-
jects are presented in Table 1. The medications of CAD patients are
detailed in Table S.1 (see online supplementary material).

In plasma, the OPLS-DA model discriminated between CAD patients
and healthy controls with high accuracy (98%) and AUROC (0.994)
(Table 2 and Fig. 1). All the 65 1H NMR spectral bins with VIP> 1 in
this model had strong association with CAD in the ULR (p< .02), (see
table S.2 in the online supplementary material). From the 65 significant
bins in the ULR, 35 metabolites were identified (Table 3). To reduce the
number of the bins prior to running MVLR, we applied FA. The Kaiser-
Meyer-Olkin (KMO) measure of sampling adequacy for the FA was
>0.6 and the Bartlett's Test of Sphericity had p< .05. Upon applying
the FA for the 65 bins, eight factors which had eigenvalue >1 explained
93.27% of the total variance. Of these factors, 4 factors (2, 3, 6 & 7)
were significantly associated with CAD in the MVLR (see tables S.3 &
S.4 in the online supplementary material). The plasma MVLR model
had high accuracy (89%) and AUROC (0.96), albeit slightly lower than
the OPLS-DA (Table 2). Of the significantly associated factors in the
MVLR, factor 3 contained 14 bins corresponding to D-Glucose peaks in
the 1H NMR spectra.

In urine, the OPLS-DA model discriminated between CAD patients
and healthy controls with high accuracy (98%) and AUROC (0.9996)
(Table 2 and Fig. 1). From the 37 bins which had VIP> 1, 19 bins had
p< .1 in the ULR (see table S.5 in the online supplementary material).
From the 19 bins, 12 metabolites were identified (Table 3). We run FA
to reduce the number of the bins prior to running the MVLR. The KMO
measure of sampling adequacy was >0.6 and the Bartlett's Test of
Sphericity had p< .05. Four factors had eigenvalues >1 and explained
94.8% of the total variance. Of them, three factors (1, 2 & 3) were
significantly associated with CAD in the MVLR (see Tables S.6 & S.7 in

the online supplementary material). The accuracy and the AUROC of
the MVLR model were 89% and 0.92, respectively. Table 2 details the
specificities, sensitivities, accuracies and AUROCs of the OPLS-DA and
the MVLR metabotype models. Table 3 presents the list of metabolites
which were identified from the ULR significant bins in plasma and
urine. Fig. 1 depicts the score scatter plots of the OPLS-DA models of
plasma and urine CAD metabotypes.

In plasma, the enrichment ORA of ULR metabolites against the
metabolic pathway-associated-metabolite sets library showed that urea
cycle and glucose-alanine cycle pathways had the highest fold enrich-
ment, the lowest p value (p< .001) and FDR<0.1 (Table 4 and
Fig. 2.A). There were other significant pathways including the glycine-
serine metabolism, valine-leucine-isoleucine degradation, alanine me-
tabolism and Warburg effect, however they had FDR>0.1. Table 4
details the p value and the FDR of the significant pathways. Fig. 2.A
depicts the Bar chart of the enrichment ORA for CAD-plasma metabo-
type against metabolic pathway-associated metabolite sets library in
plasma. The enrichment ORA of plasma ULR metabolites against SNPs-
associated-metabolite sets library revealed that 85 SNPs had p value
<.05, fold enrichment was >30 and FDR<0.1 (see Fig. S.2 and table
E.1 in the online supplementary material). Of the significant SNPs, 11
had very strong significance (p< .0001) and very low FDR
(FDR<0.02). Table 5 details the p values, implicated metabolites and
FDRs of the 11 SNPs with the lowest p and FDR values. The enrichment
ORA of plasma ULR metabolites against diseases-associated-metabolite
sets library showed that 51 diseases were enriched in the metabolites'
list (p value <.05) (see online supplementary table E.2 and Fig. S.3). Of
the significant diseases, 41 diseases had FDR<0.1. Early markers of
myocardial injury and heart failure (HF) had >6-fold enrichment,
strong significance (p< .001) and extremely low FDR (FDR<0.001).
Hyperornithinemia with gyrate atrophy (HOGA), pyruvate dehy-
drogenase deficiency (E3), chronic progressive external

Table 1
Subjects' demographics and clinical data.

Demographics CAD Patients No. (%) Controls No. (%)

Age mean (SD) 56 (6.3) 39.8 (9.4)
Sex:

Male 44 (88%) 32 (64%)
Female 6 (12%) 18 (36%)

Ethnicity:
Malay 18 (36%) 24 (48%)
Chinese 15 (30%) 11 (22%)
Indian 17 (34%) 15 (30%)

Smoking:
Smokers 19 (38%) 15 (30%)
Past-smokers 16 (32%) 4 (8%)
Non-smokers 14 (28%) 31 (62%)

BMI mean (SD) 27.35 (4.17) 22.48 (1.84)
Obesity

Healthy (18.5–24.9) 16 (32%) 49 (98%)
Over weight (25–29.9) 23 (46%) 1 (2%)
Obese (≥30) 11 (22%) 0

Type 2 DM: ___
Type 2 DM 22 (44%)
Non-DM 28 (56%)
Serum Cr/CrCla (total No. 49): ___
Serum Cr (SD) 92.8 (20.7) μmol/L
CrCla (ABW) 76.4 (19) mL/min ___
CKD (total No. 49):
CKD stage-3 8 (16%) ___
Non-CKD (Normal renal function) 41 (82%)

Total number of CAD patients and controls is 50 subjects per each group.
Abbreviations: SD: Standard deviation, DM: diabetes mellitus, CKD: chronic
kidney disease, Cr: creatinine, Cr Cl: Creatinine clearance, ABW: Adjusted body
weight (for obese patients) and No.: number of valid cases.

a Creatinine clearance (CrCl) for each patient was calculated using Cockcroft-
gault (C-G) equation. The adjusted body weight was used to calculate CrCl for
overweight and obese patients.
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ophthalmoplegia and Kearns-Sayre syndrome, pyruvate dehydrogenase
E3-binding protein deficiency and pyruvate carboxylase deficiency had
fold enrichment ≥12, strong significance (p< .0001) and very low
FDR (FDR<0.01). Diabetes Mellitus (DM) - maturity onset diabetes of
the young (MODY) had p value of 0.00096, fold enrichment >4.5 and
FDR 0.016. The enrichment ORA of plasma ULR metabolites against
locations-associated-metabolite sets library showed that prostate, pan-
creas and mitochondria were significantly enriched in the metabolites'
list (p value <.05), however, only prostate had FDR<0.1 (see also Fig.
S.4 in the online supplementary material for the bar chart depiction of
the analysis). Pathway topology analysis using the identified metabo-
lites from the MVLR models showed that perturbations in aminoacyl-
tRNA biosynthesis, synthesis and degradation of ketone bodies, pro-
panoate metabolism, arginine and proline metabolism, alanine-aspar-
tate-glutamate metabolism, valine-leucine-isoleucine biosynthesis, D-
glutamine and D-glutamate metabolism, valine-leucine-isoleucine de-
gradation and butanoate metabolism had p< .05 and FDR<0.1. There
were other significantly perturbed pathways; glycine-serine-threonine
metabolism and glycolysis or gluconeogenesis, however they had
FDR>0.1. Pathway topology analysis is detailed in Table 6. The
pathways are ranked relatively based on the level of significance and
impact. Fig. 3.A depicts graphical overview for the metabolic pathway
topology analysis of CAD plasma metabotype.

In urine, the enrichment ORA of ULR metabolites against the me-
tabolic pathway-associated-metabolite sets library showed that the
methylhistidine metabolism pathway had significantly high fold en-
richment (>40-fold enrichment, (p< .001) and FDR<0.1 (Table 4
and Fig. 2.B)). Another significant pathway was histidine metabolism,
however it had FDR>0.1. Table 4 details the p values and the FDR
values of the two significant pathways. Fig. 2.B depicts the Bar chart of
the ORA for CAD-urine metabotype against metabolic pathway-asso-
ciated metabolite sets library in urine. The enrichment ORA of urine
ULR metabolites against SNPs-associated-metabolite sets library re-
vealed that 341 SNPs had p< .05, however none of them had

FDR<0.1 (see Fig. S.5 and table E.3 in the online supplementary
material). The enrichment ORA of urine ULR metabolites against dis-
eases-associated-metabolite sets library showed that 11 diseases were
significantly enriched in the metabolites' list (p value <.05) (see online
supplementary table E.4 and Fig. S.6). Of them, obesity and degrada-
tion of skeletal muscle had >40-fold-enrichment and FDR<0.1.
Among the significant diseases, there were T2DM, Alzheimer's disease,
DM-MODY, type I and glucoglycinuria, however they had FDR>0.1.
The enrichment ORA of urine ULR metabolites against locations-asso-
ciated-metabolite sets library showed that prostate and muscle were
enriched in the metabolites' list (p value <.05), however, both had
FDR>0.1 (see also Fig. S.7 in the online supplementary material for
the bar chart depiction of the analysis). Pathway topology analysis
using the identified metabolites from the MVLR models showed that
perturbations in galactose metabolism, histidine metabolism and
amino-sugar and nucleotide-sugar metabolism had p< .05. None of
them had and FDR<0.1. The analysis is detailed in Table 6. Fig. 3.B
depicts graphical overview for the metabolic pathway topology analysis
of CAD urine metabotype.

4. Discussion

1H NMR metabolomics approach was applied to identify novel CAD
metabotypes in plasma and urine and the implicated pathways in the
discovered metabotypes. The discriminating OPLS-DA and the MVLR
models (metabotypes) had high accuracies and AUROCs. These meta-
botypes, presuming further validation in future studies, can be clini-
cally useful in CAD diagnosis and management. The identified bio-
markers and the pathway analysis revealed further insights on the
pathophysiology of CAD and the multifactorial predisposing factors.
Many of the biomarkers of the discovered CAD metabotypes are known
to be associated with cardiovascular, atherosclerotic and cardiometa-
bolic diseases. For instance, the discovered metabotypes contained
dyslipidaemia biomarkers; mainly triglycerides, very low-density

Table 2
Specificity, sensitivity, accuracy and AUROC of OPLS-DA and MVLR CAD metabotypes models.

Metabotype model OPLS-DA model MVLR model

Specificity Sensitivity Accuracy AUROC Specificity Sensitivity Accuracy AUROC

Plasma 100% 96% 98% 0.994 92% 86% 89% 0.96
Urine 100% 96% 98% 0.9996 90% 80% 85% 0.92

Abbreviations: OPLS-DA: Orthogonal partial least square discriminant analysis, MVLR: Multivariate logistic regression, AUROC: Area under receiver operating
characteristic.

Fig. 1. Score scatter plot of the OPLS-DA models for plasma and urine CAD metabotypes.
A: Score plot of OPLS-DA plasma model. B: Score plot of OPLS-DA urine model. Abbreviations: Cont: Control, CAD: coronary artery disease. For further details on
these models accuracy and AUROC, refer to table 2.
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lipoprotein (VLDL) and low density lipoprotein (LDL), a well-known
risk factors of CAD [19]. Branched chain amino acids (BCAAs); L-leu-
cine, L-isoleucine and L-valine, and their related catabolites such as
phenylalanine are well-documented proteinogenic-amino-acid trait of
CAD risk factors, CAD development, CAD severity, myocardial infarc-
tion and death [20–22]. Noteworthily, a previous study by Yang and
colleagues indicated that BCAAs were strongly associated with the in-
crease in carotid intima-media thickness [21]. Elevations of phenyla-
cetylglycine, acetone, ornithine and creatinine are commonly discussed
biomarkers in heart failure (HF) [23,24]. Moreover, acetone and 3-
hydroxybutyrate are associated with elevated myocardial energy ex-
penditure in HF [25]. Elevations in choline and 3-indoxylsulfate are
associated with unstable angina [26]. D-glucose peaks were majorly
presented in one of the associated factors in our CAD plasma model
(factor 3 in Tables S.3 and S.4). This is in line with previous reports on
the association of blood glucose level with CAD development and
progression in diabetic and non-diabetic patients [27–30]. In their
study on CAD patients, Yubero-Serrano and colleagues found that glu-
cose concentration at 120min post oral glucose tolerance test was an
independent predictor of increased intima-media thickness of common
carotid arteries (IMMT-CC) [27]. Noteworthily, T2DM – CAD patients
with HbA1c>6.5 had significant increase in IMMT-CC compared to
CAD patients with T2DM - HbA1c<6.5, pre-diabetes and normogly-
cemia. Taken together, the collective spectrum of CAD metabotypes'
biomarkers represents a distinctive phenotype of the complexity of CAD
development and progression.

Using MetaboAnalyst 4.0, a web-based software of pathway analysis
to identify associated metabolite sets, SNPs, diseases, locations and
perturbed metabolic pathways gave profound interpretation and un-
derstanding of the associations between the discovered biomarkers and
CAD. One of the remarkable findings in our study is the pathway ana-
lysis of CAD plasma metabotype against SNPs-associated metabolite set
library. This analysis revealed that there are 85 SNPs that are sig-
nificantly associated with CAD plasma metabotype, particularly 11
SNPs with high significance (p< .0001) (Tables; 5, E.1 & Fig. S.2). To
the best of our knowledge, this is the first study to report an association
between these SNPs and CAD. However, some of these SNPs had been
found to be associated with other conditions. For instance, rs2588400
which had fold-enrichment >60, very high significance and very low
FDR in our study was found to be associated with vitiligo in Koreans; an
East Asian population [31]. Since our subjects are East Asians as well, it
is interesting to discover that this genetic variant (rs2588400) is asso-
ciated with CAD. In fact, vitiligo has been reported to be associated
with cardiovascular disease (CVD) and DM [32,33]. Therefore, further
experimental investigation of the clinical utility of this SNP as a bio-
marker of CAD can be instigating for future research. Another SNP is
the rs2194980 which had fold-enrichment >30, very high significance
and very low FDR. This SNP was found to be associated with the per-
turbation in metabolite levels, particularly the amino acid tyrosine
[34,35]. None of the SNPs which had significant association with CAD
urine metabotype had FDR<0.1 so it is less likely that they have im-
pactful role in the CAD metabotype-SNPs pathway link.

The findings of the ORA of CAD metabotypes against the metabolic
pathway-associated-metabolite sets library and the topology pathway
analysis had many common pathways that were indicated previously in
the metabotypes of clopidogrel HTPR [9,10]. Pathways such as urea
cycle, glucose-alanine cycle, aminoacyl-tRNA biosynthesis, glycine-
serine-threonine metabolism, synthesis and degradation of ketone
bodies, valine-leucine-isoleucine biosynthesis and degradation, bu-
tanoate metabolism, D-glutamine and D-glutamate metabolism, pro-
panoate metabolism, arginine and proline metabolism, glycolysis or
gluconeogenesis and alanine-aspartate-glutamate metabolism were

Table 3
Plasma and urine bins' regions with p value <.1 in the univariate logistic re-
gression analysis and their corresponding identified metabolites.

Bins' ppma Identified metabolites

Plasma
0.94 L-Isoleucine, L-Leucine
0.98, 1.02 L-Valine, L-Isoleucine
1.06 L-Valine
1.10 3-methyl-2-oxovalerate
1.14 2,3-butanediol
1.18 3-hydroxybutyric acid, N-acetyl-threonine
1.26 Lipid (VLDL/LDL Cholesterol), Oleic acid
1.30 L-Lactic acid, L-Threonine, Lipid (VLDL/LDL

Cholesterol), Oleic acid
1.42 L-Lysine
1.46 L-Alanine, L-Lysine, L-Isoleucine
1.50 L-Alanine, L-Lysine
1.54 L-Lysine, Lipid
1.58 Lipid
1.62 2-oxovalerate, Oleic acid
1.66, 1.70 L-Lysine, L-Leucine, Oleic acid
1.74, 1.82, 1.86 L-Lysine, L-Ornithine
1.98, 3.38 L-Proline
2.18 Triacylglycerol
2.22 Triacylglycerol, L-Valine, Acetone
2.26 L-Valine, Acetoacetate
2.30 L-Glutamic acid, L-Proline, 3-hydroxybutyric acid
2.34 L-Glutamic acid, L-Proline, 3-hydroxybutyric acid,

pyruvate, Oleic acid
2.38 L-Glutamic acid, L-Proline, 3-hydroxybutyric acid, L-

Glutamine, 3-oxoadipic acid, Oleic acid
2.78 Polyunsaturated fatty acid, 3-oxoadipic acid
2.82 3-oxoadipic acid
3.26, 3.50, 3.54. 3.82,

3.86, 3.90, 4.62,
4.66, 5.22

D-Glucose

3.42 D-Glucose, L-Proline
3.46 D-Glucose, Acetoacetate, 3-oxoadipic acid
3.70 D-Glucose, DMG, L-Leucine, PAG
3.74 D-Glucose, L-Lysine, Mannose
3.78 L-Glutamine, L-Alanine, L-ornithine, D-Glucose,

Mannose, PAG
4.02 Creatinine, Choline, PA
4.06 L-Lactic acid, Choline
4.22 L-Threonine, N-acetyl-threonine
4.26 Sn-Glycerophosphocholine, L-Threonine, N-acetyl-

threonine
4.46 Salidroside
5.30 Unsaturated Fatty acid
5.70, 5.74, 5.78, 5.82 Urea
7.30 PA
7.34, 7.38, 7.42 PA, PAG
8.42 Formic acid
4.50, 4.54, 7.22, 7.26 Un-identified bins
Urine
3.26 D-Glucose
4.62 D-Glucose
4.9 Mannose
5.06 Riboflavin
5.14 Mannose
5.18 Mannose
5.34 Chlorogenic acid
7.02 Salicylamide, 1-methylhistidine, 4-hydroxyhippuric
7.06 L-Histidine, Salicylamide, 3-methylhistidine
7.50 4-hydroxyhippuric, Hippuric acid, 3-indoxylsulfate
7.78 4-hydroxyhippuric, Salicylamide, L-Histidine
8.94 1-Methylnicotinamide
4.54, 4.58, 4.70, 4.86,

4.94, 4.98, 5.02
Unidentified bins

a The chemical shift of the bin (ppm) corresponds to the central chemical
shift of the bin's range (i.e. 3.78 ppm: 3.76 ppm – 3.80 ppm). The metabolites
were identified and confirmed by overlaying of 1-D CPMG (Carr Purcell
Meiboom Gill one dimensional) in plasma, 2-D J-resolved (J-RES) and 2-D
Heteronuclear Single Quantum Coherence (HSQC) spectra with metabolites
platforms such as; B-BIOREFCODE, Chenomx and HMDB. For further details on
the ULR- p values, please refer to the supplementary data. Abbreviations: ppm:

chemical shift, DMG: N,N-dimethylglycine, PA: L-Phenylalanine, PAG:
Phenylacetylglycine. bins' ppm in bold indicate presence of the bin in multi-
variate logistic regression (MVLR) model.
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significantly associated with clopidogrel HTPR plasma metabotypes
[9]. Similarly, galactose metabolism and histidine metabolism path-
ways were significantly associated with clopidogrel HTPR urine meta-
botypes [10]. Considering that clopidogrel HTPR was assessed using
platelets function assessment kit of platelets P2Y12 receptors' activity
(VerifyNow® P2Y12 kit) [10], one can infer that the aforementioned
pathways which are common with CAD metabotypes, are metabolic-
phenotype of increased platelets reactivity. Indeed, CAD patients tend
to have high platelets reactivity with usual circulation of active plate-
lets [4], and perhaps patients who endure extreme increase in platelets

reactivity suffer low response to antiplatelets as well. Another notable
finding which may substantiate our understanding of CAD associated
platelets reactivity metabolic-phenotype is that many of those common
metabolic pathways had been reported to be perturbed in other well-
known risk factors of CAD. Metabolic pathways of urea cycle, ami-
noacyl-tRNA biosynthesis, glycine-serine-threonine metabolism, argi-
nine-proline metabolism, valine-leucine-isoleucine biosynthesis and
degradation, synthesis and degradation of ketone bodies, alanine-as-
partate-glutamate metabolism, histidine metabolism and glycolysis or
gluconeogenesis were found to be perturbed in T2DM and insulin

Table 4
Enrichment analysis of CAD metabotypes – Pathway associated metabolite sets.

Pathway Associated Metabolite setsa Implicated Metabolitesb Totalc Hitsd Raw pe Holm pf FDRg

Plasma CAD metabotype
Urea Cycle L-Glutamic acid; L-Alanine; Ornithine; Pyruvic acid; Urea, L-Glutamine 29 6 0.000196 0.0192 0.0192
Glucose-Alanine cycle D-Glucose; L-Glutamic acid; L-Alanine; Pyruvic acid 13 4 0.000522 0.0507 0.0256
Glycine and serine metabolism Dimethylglycine; L-Glutamic acid; L-Alanine; L-Threonine; Pyruvic acid; Ornithine; N-

acetylthreonineh
59 7h 0.00925 0.888 0.246

Valine, leucine and isoleucine
degradation

Acetoacetic acid; L-Glutamic acid; 3-Methyl-2-oxovaleric acid; L-Valine; L-Leucine; L-
Isoleucine

60 6 0.01 0.954 0.246

Alanine Metabolism L-Alanine; L-Glutamic acid; Pyruvic acid 17 3 0.0152 1 0.299
Warburg Effect D-Glucose; L-Lactic acid; L-Glutamic acid; L-Glutamine; Pyruvic acid 58 5 0.0342 1 0.559
Urine CAD Metabotype
Methylhistidine Metabolism L-Histidine; 3-Methylhistidine 4 2 0.000746 0.0731 0.0731
Histidine Metabolism L-Histidine; 1-Methylhistidine; 3-Methylhistidine 43 3 0.0117 1 0.571

This Metabolites enrichment analysis was generated by MetaboAnalyst 4.0 web-based program using the identified metabolites from bins with p value< .1 in the
univariate logistic regression (ULR) analysis (i.e. Identified metabolites are presented in Table 3). See Fig. 2 for bar chart visualization of this analysis.

a Only pathway associated metabolite sets with p< .05 are shown in the table.
b Implicated metabolites from CAD metabotypes in the associated metabolites set.
c Total number of metabolites in the metabolites set.
d Hits: number of metabolites from CAD metabotype involved in the metabolites set.
e Raw p: original p value calculated from the enrichment analysis.
f Holm p: adjusted raw p value by Holm-Bonferroni method.
g FDR: false discovery rate.
h N-acetylthreonine is not available in MetaboAnalyst 4.0 database, however it is a product of threonine metabolism and known metabolite of the glycine and

serine metabolism pathway. We considered N-acetylthreonine in the hits count, but it was not auto-included in the calculation of p value and FDR by MetaboAnalyst
4.0 since it was not available in its database. Had it has been included in that analysis, the Glycine and serine metabolism pathway may have had lower p value.

Fig. 2. Graphical overview of the enrichment over representation analysis (ORA) for metabolic pathways associated with CAD metabotypes.
A: Bar chart of the ORA for the CAD plasma metabotype against metabolic pathway-associated metabolite sets library in plasma. B: Bar chart of the ORA for CAD
urine metabotype against metabolic pathway-associated metabolite sets library in urine. Pathway associated metabolites sets are sorted based on fold enrichment and
p value. For further details on the p value of each metabolite set, refer to table 4. Graphs were generated by MetaboAnalyst 4.0 web-based software.
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resistance [36–38]. Since advanced glycation-end-products which are
formed due to persistent hyperglycaemia lead to platelets activation
and impaired fibrinolysis [5,39], 2 distinctive features of CAD [4,40], it
is very conceivable that CAD and T2DM share platelets reactivity me-
tabolic-phenotype. Moreover, persistent insulin resistance leads to poor
outcome in CAD patients [41]. Other metabolic conditions such as
obesity and metabolic syndrome have common altered metabolic
pathways with CAD as well. Perturbations in aminoacyl-tRNA bio-
synthesis, glycolysis or gluconeogenesis, glycine-serine-threonine me-
tabolism, synthesis and degradation of ketone bodies and propanoate
metabolism pathways were identified previously in the metabotypes of
metabolic syndrome and obesity [42–45]. Patients who are suffering
from metabolic syndrome and obesity usually suffer from insulin re-
sistance and glucose intolerance [42,46]. Obesity and metabolic syn-
drome are associated with platelets activity and endothelial dysfunction
[47,48]. While near to half of our CAD patients were suffering from
T2DM, majority of them were overweight and obese (Table 1). In other
words, many of our patients endured at least one cardiometabolic dis-
ease that interferes with platelets reactivity. Taken together, these
findings substantiate the role of glucose intolerance and insulin re-
sistance in CAD development and the importance of early management
of these risk factors in CAD prevention and treatment.

The ORA of CAD metabotypes against disease-associated-metabolite
sets library revealed many significant disease associations. Considering
the identified CAD biomarkers and the metabolic pathways, many of
disease-associations such as HF, early markers of myocardial injury,
DM-MODY, DM-non-insulin and DM-insulin dependent, T2DM and
obesity were not far from expected. Besides what we discussed early on
cardiovascular diseases' biomarkers, many of the metabolites in CAD
metabotypes were commonly described in T2DM, insulin resistance and
obesity. Metabolites such as; D-glucose, mannose, 3-hydroxybutyrate,
acetoacetate, acetone, BCAAs, L-phenylalanine, L-proline, L-ornithine, L-
alanine, L-lysine, 2-oxovalerate, pyruvate, L-threonine, L-histidine, L-
glutamic acid, dimethylglycine (DMG), choline, L-lactic acid, phenyla-
cetylglycine and creatinine are increasingly discussed biomarkers of
T2DM [36–38,49–52]. Most, if not all, of these biomarkers are re-
markably present in the metabolic traits of insulin resistance, metabolic
syndrome and obesity [42,43,46,51–53]. The second most significant
disease association with urine CAD metabotype was the degradation of
skeletal muscle. Since all of our CAD patients were on statins, this as-
sociation might be due to statins' muscle toxicity side-effect. While it
may not be symptomatic or appear in creatine kinase plasma levels,

statin induced myopathy may manifest in the metabolic biomarkers due
to alteration in muscle metabolism and inflammation [54,55]. Fur-
thermore, DM, other metabolic diseases and genetic predispositions
increase the risk of statin induced myopathy [54]. Given that, majority
of our patients were overweight or obese and near to half were T2DM, it
could be inferred that large proportion of the patients were affected by
statins induced muscle toxicity.

The ORA of CAD metabotypes against location-associated-metabo-
lite sets library showed that prostate was the most significant location
in plasma and urine. The correlations between cardiovascular diseases
and both prostatic cancer and benign prostatic hyperplasia (BPH) had
been documented, however, often mitigated by some controversy in the
literature [56,57]. Noteworthy, most of our CAD patients were male.
The second significant location in plasma metabotype was the pancreas
followed by the mitochondria. This can be justified by the association
between DM and CAD which was clearly present in the discovered
biomarkers and the metabolic pathways. Furthermore, it is well docu-
mented that mitochondrial dysfunction and oxidative stress are asso-
ciated with CAD and cardiometabolic diseases [58–60]. The muscle was
the second significant location in urine metabotype. This may add to
our speculation for the phenotype of statins induced myopathy among
our patients [54,55].

The discovered plasma and urine metabotypes in the current study
suggest potential role of dysbiotic gut microbiota in CAD. The meta-
botypes contained dysbiotic gut microbiota derived metabolites such as
choline, L-phenylalanine, phenylacetylglycine, creatinine, D-glucose, L-
leucine, L-isoleucine, L-alanine, L-valine, L-threonine, L-lactic acid,
acetoacetate, 3-hydroxybutyric acid, pyruvate, L-proline, L-histidine, 3-
indoxylsulfate, hippuric acid and 4-hydroxyhippuric acid [61,62]. Al-
though trimethylamine-N-oxide (TMAO), a well-known pro-athero-
genic and cardiovascular events-associated gut-microbiota derived
metabolite [63], was not present in the discovered metabotypes, crea-
tinine and L-valine which are present were found to be associated with
TMAO level in patients suffering from T2DM, metabolic syndrome and
pre-diabetes [62]. This potential role of dysbiotic gut microbiota in
cardiometabolic diseases highlights new perspectives of treatment and
prevention where dietary intervention can be used to modulate dys-
biotic gut microbiota [64,65].

This study showed that 1H NMR metabolomics profiling of plasma
and urine was robust in phenotyping stable CAD with high accuracy. It
provided deep insights on the implicated pathways and the probable
predisposing genetic and non-genetic factors. Our findings may lead to

Table 5
Enrichment ORA of plasma metabotype against SNPs-associated-metabolite sets library.

SNP associated metabolite setsa Implicated Metabolitesb Totalc Hitsd Raw pe Holm pf FDRg

rs169712 L-Proline; L-Leucine; L-Valine; L-Glutamic acid 5 4 2.09E-07 0.00092 0.00092
rs2194980 L-Valine; L-Phenylalanine; L-Glutamic acid; L-Leucine 8 4 2.83E-06 0.0125 0.00227
rs10874325 L-Leucine; Ornithine; L-Valine 3 3 3.09E-06 0.0136 0.00227
rs11939527 L-Proline; L-Leucine; L-Valine 3 3 3.09E-06 0.0136 0.00227
rs2588400 L-Proline; Ornithine; L-Glutamine 3 3 3.09E-06 0.0136 0.00227
rs8041815 L-Proline; Ornithine; L-Leucine 3 3 3.09E-06 0.0136 0.00227
rs1392880 L-Valine; L-Leucine; L-Glutamic acid 4 3 1.22E-05 0.0538 0.00674
rs2567397 | rs7664292 L-Valine; L-Glutamic acid; L-Leucine 4 3 1.22E-05 0.0538 0.00674
rs2300701 L-Leucine; L-Phenylalanine; L-Valine 5 3 3.02E-05 0.133 0.0133
rs313408 L-Leucine; L-Valine; L-Alanine 5 3 3.02E-05 0.133 0.0133

This enrichment ORA of CAD plasma metabotype against SNPs-associated-metabolite set library was generated by MetaboAnalyst 4.0 web-based software using the
list of identified metabolites from bins with p< .1 in the univariate logistic regression (UVLR) analysis (i.e. Identified bins are presented in Table 3).

a Only SNPs with p< .0001 are shown in the table.
b Implicated metabolites from CAD metabotype.
c Total number of metabolites in the SNP-associated-metabolite set.
d Hits: number of metabolites from CAD metabotype involved in the SNP-associated-metabolite set.
e Raw p: original p value calculated from the ORA.
f Holm p: adjusted raw p value by Holm-Bonferroni method.
g FDR: false discovery rate. All of SNPs associated metabolite sets in urine had FDR>0.1 so they were not presented in this table, see online supplementary table

E.3 for further details.
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new perspective where some protective measures can be applied to
prevent CAD development in risk groups. However, further investiga-
tions of the identified biomarkers and pathways in an independent and
large group are warranted to validate the findings of the current study.
In spite of the meaningful findings of this study, it has its limitations.
The MVLR metabotypes' models had lower accuracies and AUROCs
than the OPLS-DA models. This could be due to the loss of some spectral
regions after running the ULR and FA. However, sometimes the lost
spectral regions are noises which lose the significance of their asso-
ciation upon running ULR. Although we matched the healthy controls
with CAD in terms of sex, ethnicities and age, this could not be perfectly
achieved. Despite avoiding the selection of very old CAD patients and
very young healthy controls, mean age of controls was lower than CAD.
This was because choosing older age healthy subjects who are not on
any medications and not having history of any chronic disease was
challenging. Have had we included elder controls, they might have had
confounding diseases and medications. Furthermore, using highly-
matched age, sex and ethnicity groups may cause overemphasizing of
methods artificially [66]. Although the enrichment ORA provided
profound information on CAD-associated-SNPs in our study, future in-
vestigation of these associations using experimental analysis is required
prior to establishing them as CAD-genetic markers. While 1H NMR has
shown to be fast and reliable tool for metabolomics analysis, using
other spectroscopic instruments to analyse the samples such as mass
spectroscopy (MS) may discover more biomarkers and pathways.
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