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A B S T R A C T

Carotid artery stenosis is mainly produced due to the progressive accumulation of atherosclerotic plaque in the
vascular wall. The atherosclerotic plaque is characterized by the accumulation of lipids, low density proteins,
expression of chemokines and adhesion molecules, and migration of monocytes and lymphocytes into the plaque.
Its rupture can produce stroke, but embolic propensity depends principally on the composition and vulnerability
of plaque rather than the severity of stenosis. It is important, then, to ascertain which patients with carotid artery
stenosis have a greater risk of developing neurological symptomatology. Here, we present a metabolomic study
by using nuclear magnetic resonance (NMR) spectroscopy in atheroma plaque and serum samples from patients
with recently symptomatic and asymptomatic carotid stenosis to search for metabolites that could be used as
biomarkers associated with plaque vulnerability and subsequent risk of rupture. Thirty-eight atheromatous
plaque samples (24 asymptomatic patients and 14 symptomatic) and 70 serum samples (43 asymptomatic and 27
symptomatic) were studied by NMR spectroscopy. The data were analysed using multivariate statistics (PLS-DA)
to determine a model to discriminate between symptomatic and asymptomatic samples (atheroma plaques and
sera). The calculated PLS-DA models showed a 100 % sensitivity and a 96.6 % specificity for the cross validation
to discriminate between symptomatic and asymptomatic plaques, and 88.37 % sensitivity and 77.78 % specificity
when serum samples were analysed. According to the results of our multivariate and univariate analysis, the
most discriminative metabolites for plaque vulnerability were threonine in serum samples, and glutamate in
plaque samples. Also, an analysis of the main metabolic pathways involved in plaque vulnerability revealed that
D-glutamine and D-glutamate metabolism, and phenylalanine, tyrosine, and tryptophan biosynthesis were the
most affected pathways in plaque and serum, respectively.
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1. Introduction

Stroke and myocardial infarction are still among the leading causes
of death worldwide [1], being the development of atherosclerosis the
underlying cause in most cases [2]. Based on its histological appearance
and physiopathology, atherosclerosis can be considered a chronic in-
flammatory disease of the circulatory system [3]. It usually begins with
impairment of the molecular activity of the intima layer or endothelial
dysfunction, allowing the entry of macromolecules such as low density
lipoproteins (LDL) into the subendothelial layer, particularly in turbu-
lent blood flow areas. This leads to an inflammatory reaction, with LDL
becoming oxidized (ox-LDL). These particles develop a chemoattraction
and recruitment of monocytes and lymphocytes from the bloodstream
coming inside the vessel wall. Ox-LDL particles are subsequently phag-
ocyted and internalized by macrophages and transformed into foam
cells, which are highly stimulated to produce inflammatory cytokines.
Ultimately, this inflammatory environment, expression of cytokines,
and growth factors result in vascular smooth muscle cell (VSMC)
migration from the media towards the intima, changing their phenotype
and producing extracellular matrix proteins, including collagen, as well
as new waves of cytokines and growing factors. This process leads to the
formation of a fibrous cap surrounding a lipid core of merging LDL
particles released from apoptotic foam cells and the constitution of the
atheroma plaque. The evolution of these plaques can lead to either a
stable or unstable situation, primarily depending on the integrity and
thickness of the fibrous cap [4].

The most clinically significant consequence of atherosclerosis pla-
ques is the impairment of blood flow to the downstream tissues and
organs, mainly due to the diameter reduction or stenosis of the vessel.
Clot formation at this point may block blood flow, leading to a stroke if
the occlusion is produced in the carotid artery or to myocardial infarc-
tion if it is produced in the coronary artery. The formation of thrombus is
produced by the rupture or erosion of the plaque and the release of pro-
thrombotic factors into the bloodstream. Previous to the rupture of the
plaque, the fibrous cap may become thin and unstable, which is known
as vulnerable plaque [5]. The reasons why the plaque can become
vulnerable and rupture remain unclear.

In this context, the identification of biomarkers of plaque vulnera-
bility would be of utmost clinical value as it could help to determine for
which patients an intervention would be required to prevent clinical
symptomatology.

Metabolomics has been explored as a tool for the search of bio-
markers in different clinical scenarios such as cancer, inborn errors of
metabolism, diabetes, infection, glaucoma, or Alzheimer’s disease,
among many others [6–12]. Actually, metabolomics is the omic that
encloses more information to determine the cause of the pathologic
problem. That is because a concrete metabolome is produced due to the
combination of genetic and environmental factors, among others, so it
provides broader information about the molecular features of the
phenotype than any other omics science [13]. There are two main
techniques to ascertain the metabolome: mass spectrometry (MS) and
nuclear magnetic resonance (NMR) spectroscopy. NMR spectroscopy is a
robust and reproducible technique that allows the determination of the
metabolic composition of any sample (blood derivatives, cerebrospinal
fluid, culture cells and media, urine, tears, tissue, etc.) without
destroying it. In addition, the acquisition of NMR spectra requires simple
preparation procedures and only a small amount of sample [14].
Furthermore, NMR spectroscopy allows the study of intact tissue sam-
ples through high-resolution magic angle spinning (HRMAS) without
the need for extracts [15]. This opens the possibility to study samples of
lower size/weight [15,16] and also enables the performance of quanti-
tative studies [17].

In the context of atherosclerosis diagnosis and research, previous
metabolomic studies for the identification of biomarkers have been
performed using NMR spectroscopy. For instance, Wurtz et al. [18]
performed an NMR spectroscopy study for the identification of

subclinical biomarkers of atherosclerosis in plasma and found docosa-
hexaenoic acid, glutamine, and tyrosine as potential biomarkers of
atherosclerosis progression. Vorkas et al. [19] studied the metabolome
composition of atheroma plaque by ultra-high performance liquid
chromatography mass spectrometry (UHPLC–MS), and they found
changes in the levels of acylcarnitine and
phosphatidylethanolamine-ceramides. Tomas et al. [20] studied by MS
the presence of biomarkers of vulnerability in carotid plaque samples.
These authors found that the metabolite profile of the carotid plaques
correlated with the histological analysis of the plaques in the assessment
of their stability. In high risk plaques, there was increased glycolysis and
amino acid metabolism and decreased fatty acid oxidation. However,
previous studies do not offer a leap in the understanding of the causes
leading to the development of a high-risk plaque, and a set of biomarkers
that could be explored as a prognostic tool for plaque instability asso-
ciated with neurological symptomatology has not yet been identified.

Aimed for this context, we have performed a metabolomic analysis of
atheroma plaque and serum from patients with symptomatic and
asymptomatic carotid stenosis, using NMR spectroscopy for the search of
new molecules and circulating markers related to plaque vulnerability
and risk of stroke in patients with carotid stenosis. These metabolites
could be used as biomarkers to determine plaque vulnerability and risk
of rupture.

2. Materials and methods

2.1. Patients selection

This is a case-control study, where subjects were classified as
recently symptomatic patients (case) and asymptomatic patients (con-
trol). Symptomatic patients were considered when transient ischaemic
attack, amaurosis fugax, or stroke with ischaemic origin occurred at most
3 weeks before surgery. Asymptomatic patients were subjects with se-
vere carotid stenosis (>70 %) without neurological symptomatology
submitted for carotid endarterectomy on the basis of international
guidelines. The primary inclusion criteria were being an adult (over 18
years of age) and providing written informed consent. Exclusion criteria
included being over 90 years of age, having terminal malignancies, and
being human immunodeficiency virus positive. Patients were recruited
by the Angiology and Vascular Surgery Service from the Hospital Uni-
versitario y Politécnico La Fe. Cases were enrolled consecutively, and
sex- and age-matched controls were selected from an extensive biobank
collection. The present study was performed according to the declara-
tion of Helsinki and was approved by the ethical committee of the
Medical Research Institute Hospital La Fe (references 2019-094-1 and
2020-189-1_PI20/01171). Samples and data from subjects included in
this study were managed and provided by Biobank La Fe (PT17/0015/
0043) after approval by the scientific and ethical committees. All par-
ticipants agreed to donate samples to biobank and gave written
informed consent.

2.2. Sample collection

Blood samples were obtained during surgery in a clot activator tube,
centrifuged at 1811 g for 30 min at 4 ◦C within 3h after collection to
separate the serum fraction, which was distributed in 300–500 μl ali-
quots and stored at − 80 ◦C until used.

Atheromatous plaque samples were obtained during endarterectomy
procedure according to standardized surgical protocols in the Angiology
and Vascular Surgery Service from Hospital Universitario y Politécnico
La Fe. Samples were rinsed with phosphate buffered saline (PBS), snap
frozen in liquid nitrogen, and stored at − 80 ◦C until use. A fragment of
0.3 cm from the most occluded zone was used for NMR analysis.
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2.3. Sample preparation

The 38 collected atherosclerotic plaques (14 from symptomatic pa-
tients and 24 from asymptomatic ones) were analysed by HRMAS NMR
spectroscopy. For this purpose, tissue samples (10 ± 5 mg) were intro-
duced in a 4 mm disposable micro-rotor with 10 μl of D2O, with sodium
3-(trimethylsilyl)-1-propanesulfonic acid d6 sodium salt (DSS-d6) 5 mM
as an internal standard for chemical shift referencing.

In a parallel substudy, 70 serum samples (35 of them paired with the
atheroma plaque samples studied by HRMAS) were analysed by NMR
spectroscopy. The samples were prepared following the protocol
described by Beckonert et al. [21] Briefly, 250 μl of the serum sample
were introduced in 5 mmNMR tubes and 250 μl of phosphate buffer was
added. Phosphate buffer contained deuterated water (20% v/v) and DSS
1 mM as an internal standard for chemical shift referencing.

2.4. NMR spectra acquisition and processing

The atheroma plaque experiments were carried out in a Bruker
Avance II 500 MHz equipped with an HRMAS probe (Bruker BioSpin).
Noesy sequence was used for the acquisition of the 1D 1HNMR spectra of
the plaques. 256 scans and a spectral width of 14 ppm were acquired.
NMR spectra from the serum samples were acquired in the same 500
MHz spectrometer equipped with a TXI probe (Príncipe Felipe Research
Center Foundation (CIPF) NMR facility). In each set of samples,
atheroma plaques and sera were measured randomly to avoid any bias
due to sample order. Due to the robustness and reproducibility of NMR
spectroscopy, no technical repetitions were necessary, and each sample
was measured only once. Noesy experiments were acquired, with 128
repetitions and a spectral width of 30 ppm. In both types of samples, 2D
homo (1H–1H) and heteronuclear (1H–13C) spectra were acquired to
guarantee the assignment of the metabolites in the spectra. The tem-
perature of the probes for both tissues and sera was set to 278 K (5 ◦C).

Once obtained, the 1D spectra were transformed and post-processed
with the TopSpin 4.0.7 software (Bruker BioSpin Corporation). The

phase and baseline of the spectra were corrected, and the chemical shift
was calibrated according to the DSS CH3 signal at 0.0 ppm. The Human
Metabolome Database (HMDB) [22], Chenomx NMR Profiler [23], and
previously published bibliography [15] were used for metabolite iden-
tification, by comparing the spectra profile in the samples with the
spectra of standards in these resources.

Meaningful signals underwent deconvolution using AMIX 4.0.2
software (Bruker BioSpin Corporation), excluding the water suppression
signal (4.5–5.0 ppm) and the signals at ppm lower than 0.5 ppm and
higher than 8.5 ppm. Then, a mixed Gaussian/Lorentzian variable
function was applied for the deconvolution of these signals. Later on,
integrals were obtained for all spectra in atheroma plaque tissue and
serum samples. For serum samples, relative quantification was based on
the integration of the signal divided by the sum of the integrals of all the
signals in the spectrum. Normalization was done for the atheroma pla-
que samples according to their weight.

2.5. Multivariate statistical analysis

Multivariate statistical analysis was performed using the PLS_Toolbox
Solo 9.3 (2024) software (Eigenvector Research, Inc., Manson, WA,
USA). The same procedures were followed with the data from the tissue
and from the serum samples. Principal Component Analyses (PCA) were
performed in both data sets, atheroma plaques and serum samples, to
explore any potential clustering by sex of patients or by the
symptomatology.

Before the model calculation, a variable reduction was performed in
order to simplify the data set. The variables included in the model were
selected using Genetic Algorithms (GA). GA is a common machine
learning technique based on the process of natural selection that has
been proven to be helpful in feature selection processes [24]. Fifty
maximum generations, PLS regression with 10 latent variables, and
random cross-validation (CV) with autoscaling and normalization by
sum of the data were applied for variable selection.

After variable selection, partial least squares-discriminant analysis

Table 1
Clinical data of patients participating in the study.

Plaque Serum

Symptomatic
(n = 14)

Asymptomatic
(n = 24)

Symptomatic
(n = 27)

Asymptomatic
(n = 43)

Age, mean (range) 70.4 (60–83) 69.4 (50–81) 68.6 (44–83) 68.8 (50–81)
Sex, male/female 13/1 21/3 24/3 38/5
Hypertension (%) 92.85 70.83 80.76 76.74
Diabetes Mellitus (%) 50 50 50 39.53
Dyslipidemia (%) 64.28 62.5 61.54 69.76
Smoking Habits a 4/1/9/0 7/5/12/0 6/3/17/1 17/7/19/0
Alcohol use b 1/13/0 2/21/1 1/26/0 5/36/2
Cannabis use c 0/14 0/24 1/26 0/43
CRF d (%) 7.14 12.50 7.41 16.28
COPD d (%) 21.43 8.69 18.52 19.05
Heart Diseases e (%) 21.43 39.13 22.22 50.00
Previous TIA/Stroke f (%) 14.29 8.69 18.52 14.29
Malignancies (%) 14.29 19.05 18.52 10.26
Other Vascular Diseases g (%) 21.43 66.67 18.52 50.00
Antihypertensive Drugs (%) 78.57 62.50 74.07 76.74
Lipid-lowering Drugs (%) 64.29 79.17 66.67 81.39
Antidiabetic Drugs (%) 42.86 50.00 40.74 32.56
Antidepressant or Sedatives (%) 7.14 33.33 22.22 23.26
Anticoagulant Drugs (%) 15.38 26.09 11.54 29.27
Anti-platelet Drugs (%) 78.57 83.33 66.67 79.07
BMI d, mean (range) 28.45 (24.03–33.20) 24.69 (18.52–30.10) 28.27 (21.33–33.51) 26.44 (18.52–35.16)

a Smoking habits yes/no/ex/not available.
b Alcohol use yes/no/ex.
c Cannabis use yes/no.
d CRF: chronic renal failure; COPD: chronic obstructive pulmonary disease; BMI: body mass index.
e Ischemic heart disease, heart attack, angina.
f Previous transient ischemic attack (TIA) or stroke, more than 1 month before surgery.
g Thrombosis, aneurysms, limb ischemia.
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(PLS-DA) was used to generate a predictive model with the obtained
variables. CV (Venetian blinds) was used to select the finest number of
latent variables for the model. The model was refined and OPLS-DA
model was calculated. In order to determine the goodness of the
model to discriminate between different sets of samples, a receiver
operating characteristic (ROC) was generated, and the area under the
curve (AUC), sensitivity and specificity were calculated. The robustness
and over-fitting of the model were tested through permutation tests (100
iterations).

2.6. Univariate statistical analysis

Univariate statistical analysis was performed on the data from
atheroma plaque and serum. The Shapiro-Wilks test was applied to
check the normality of the variables included in the study. Subsequently,
t-test or U de Mann Whitney test were used, when appropriate, for the
comparison of the means of the relative concentrations of the analysed
metabolites. Based on previous publications, an FDR threshold<0.2 was
established [25–30].

In addition, the relationship between metabolic changes in atheroma
plaques and sera was explored in the 35 paired plaque and serum
samples. For this purpose, the Pearson correlation coefficient and the
bilateral significance of the correlation between the two sets of variables
(atheroma plaque data versus serum data) were calculated.

IBM SPSS Statistics 25 version was used for univariate statistics.

2.7. Metabolite set enrichment analysis

To investigate which metabolic pathways could be involved in pla-
que vulnerability, Metaboanalyst [31] was used. HMDB ID of each
metabolite was used to include them in the enrichment analysis. The
lipid motifs and unknown metabolites were excluded from the analysis.
The metabolite set library chosen for the analysis was the one based on
the KEGG human metabolic pathways. Pathways with a p-value <0.1
and impact >0 were considered to be significant.

3. Results and discussion

Plaques from symptomatic and asymptomatic patients, as previously
defined, have been analysed by NMR spectroscopy to identify differ-
ences in the metabolome that might be associated with plaque vulner-
ability. Serum samples obtained from patients with and without clinical
symptomatology were also analysed. A total of 70 serum samples and 38
atheroma plaque samples were included, 35 of which were paired pla-
que and serum samples from the same patient. Both groups were
balanced in terms of age, sex, and main cardiovascular risk factors.
(Table 1). PCA analyses revealed no clustering of patients by sex or
symptomatology in either the atheroma plaque or serum samples
(Figs. S1 and S2).

Fig. 1. Annotations of the metabolites present in the samples. a) Representative spectrum of tissue samples from atherosclerotic plaques. b) Representative spectrum
of serum samples from patients with atherosclerosis. 1. Fatty Acids (–CH2–CH3), 2. Isoleucine, 3. Leucine, 4. Valine, 5. Ethanol, 6. -(CH2)n-, 7.Lactate, 8. Threonine, 9.
Alanine, 10. Acetate, 11. N-acetylglucosamine, 12. Glutamate, 13. Acetoacetate, 14. Pyruvate, 15. Glutamine, 16. Citrate, 17. –CH––CH–CH2–CH––CH-, 18. Lysine,
19. Creatine, 20. Choline, 21. Acetylcholine, 22. Glucose-6-phosphate, 23. Proline, 24. Methanol 25. Myo-inositol, 26. Glucose, 27. Glycerol, 28. Creatinine, 29.
Triacylglycerol (–CH2–OCO-), 30. –CH––CH-, 31. Glucose-1-phosphate, 32. Uracil, 33. Tyrosine, 34. Phenylalanine, 35. Histamine, 36. Hypoxanthine, 37. Inosine.
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3.1. Metabolic profiling of atherosclerotic plaque tissues and serum
samples

The signals in the spectra were assigned to the corresponding me-
tabolites for atheroma plaques and serum samples (Fig. 1). In the tissue
spectra, due to the importance of the broad and intense signals coming
from molecules such as lipids or lipoproteins, the identification of
smaller signals produced by metabolites was challenging. Nevertheless,
we were able to identify a total of 26 metabolites; 6 of them were amino
acids, and 5 were fatty acids, among others (Table 2). In serum samples,
a total of 29 metabolites were identified (Table 2), 10 of them were
amino acids, and 6 were fatty acids. Remarkably, 18 of the 37 metab-
olites identified were found both in tissue and serum samples. To explore
whether the serummetabolic pattern could reflect local dysregulation, a
correlation analysis was performed for these 18metabolites in the subset
of 35 paired tissue and serum samples. Among all the analysed metab-
olites, valine exhibited a positive correlation in both sample types (r =
0.375, p < 0.05), becoming a potential circulating biomarker of that
occurring at the plaque local site (Supplementary Table S1).

3.2. Identification of potential biomarkers of vulnerability in plaque and
serum

PLS-DA was performed in both serum and tissue data. Cross-
validated models were generated to discriminate between plaques
from symptomatic and asymptomatic patients.

For the atheromatous plaque tissue analysis, a total of 120 signals

(variables) were integrated from the NMR spectra. GAwas applied to the
data matrix, and the best model was obtained with a total of 23 vari-
ables. The resultant PLS-DA, using 3 principal components, was able to
correctly classify stable and vulnerable plaques with 100 % sensitivity
and 91.6 % specificity (Fig. S3). The model was orthogonalized and
OPLS-DA model was calculated. The ROC curve rendered an AUC value
of 0.985, showing the excellent classification capacity of the model
(Fig. 2). The model was statistically significant (p < 0.05) for all the
permutation tests. The metabolites included in the model were threo-
nine, alanine, glutamate, citrate, myo-inositol, glucose, creatine, lactate,
uracil, hypoxanthine, inosine, lipid fragments –(CH2)n-, –CH––CH- and
–CH––CH–CH2–CH––CH-, and two unknown compounds (Table 3). All
the metabolites in vulnerable plaques were increased. Moreover, myo-
inositol and glutamate showed significant differences between plaques
from symptomatic and asymptomatic patients (p = 0.011 and 0.006
respectively), and the –CH––CH- lipid motif was close to significance (p
= 0.055) according to the univariate analysis (Table 3). Furthermore,
fold change values and individual AUC values for each metabolite are
displayed in Table 3. Also, sensitivity and specificity of the most relevant
metabolites are summarized in the Supplementary Table S2.

Our findings regarding myo-inositol levels in atherosclerotic plaques
presented an unexpected result. While previous research has associated
decreased circulating myo-inositol with various pathological conditions
[32], the local dysregulation of myo-inositol within atherosclerotic
plaques has been scarcely investigated. In our study, we observed
elevated myo-inositol levels associated with symptomatic plaques.
Interestingly, a recent study by Jin et al. [33] reported decreased

Table 2
Annotation of the metabolites present in serum and plaque samples. The sample type, the group responsible for the NMR signal, chemical shift, multiplicity, and J
coupling are displayed. To simplify, only one signal per metabolite is shown in the table.

Number
assignment

Metabolite Sample type Group Chemical Shift (ppm) Multiplicity and
J coupling (Hz)a

1 Fatty Acids (–CH2–CH3) Plaque/Serum CH3 0.83 –
2 Isoleucine Serum σCH3 0.93 t, J = 7.41
3 Leucine Serum σCH3 0.95 t, J = 5.89
4 Valine Plaque/Serum γXH3 0.98 d, J = 7.2
5 Ethanol Plaque/Serum CH2 1.16 t, J = 7.08
6 -(CH2)n- Plaque/Serum CH2 1.26 –
7 Lactate Plaque/Serum CH3 1.32 d, J = 7.00
8 Threonine Serum γXH3 1.33 d, J = 6.58
9 Alanine Plaque/Serum βXH3 1.48 d, J = 7.40
10 Acetate Serum CH3 1.91 s
11 N-acetylglucosamine Plaque/Serum CH3 2.03 s
12 Glutamate Plaque βXH2 2.13 m
13 Acetoacetate Serum CH3 2.27 s
14 Pyruvate Plaque/Serum CH3 2.36 s
15 Glutamine Serum γCH2 2.46 m, J = 14.4, 6.8
16 Citrate Plaque/Serum CH2 2.52 d, J = 15.80
17 -CH––CH–CH2–CH––CH- Plaque/Serum CH2 2.79 –
18 Lysine Plaque/Serum CH2 3.09 t, J = 6.50
19 Creatine Plaque/Serum CH3 3.02 s
20 Choline Plaque/Serum -N+-(CH3)3 3.19 s
21 Acetylcholine Plaque/Serum -N+-(CH3)3 3.21 s
22 Glucose-6-phosphate Plaque CH2 3.25 dd, J = 9.21, 7.99
23 Proline Plaque/Serum CH2 3.33 m
24 Methanol Plaque/Serum CH3 3.35 s
25 Myo-inositol Plaque C1HC3H 3.59 dd, J = 3.4, 2.5
26 Glucose Plaque/Serum C6H u 3.60 m
27 Glycerol Serum 1,3 CH2OH 3.65 m
28 Creatinine Serum CH2 4.09 s
29 Tryacilglicerols Plaque -CH2-OCO- 4.30 –
30 -CH––CH- Plaque/Serum CH 5.28 –
31 Glucose-1-phosphate Plaque C1H 5.42 s
32 Uracil Plaque C6H 5.84 –
33 Tyrosine Serum CH 2,6 7.19 m
34 Phenylalanine Serum CH 2,6 7.27 m
35 Histamine Serum CH 7.79 s
36 Hypoxanthine Plaque CH 8.17 s
37 Inosine Plaque CH 8.22 s

a The multiplicity of the signals is indicated as s: singlet; d: doublet, t: triplet, m: multiplet, dd: doublet of doublets.
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myo-inositol levels specifically associated with intraplaque hemorrhage
and, consequently, plaque instability. It is noteworthy that Jin et al. only
included symptomatic patients, leaving the myo-inositol levels in
asymptomatic patients unexplored. Nevertheless, it is worth noting that,
although myo-inositol showed significant differences between plaque
samples (p = 0.011) and a fold change >1.5, FDR was >0.2 thus indi-
cating that these differences could be stochastical. Further studies will
help to elucidate the potential role of local myo-inositol concentration in
plaque instability.

Regarding to glutamate, previous studies have shown that an in-
crease in plasma levels is related to a higher risk of cardiovascular dis-
eases (CVD). Plasma glutamate levels were associated with an increased
risk of stroke in a study performed in 980 participants under follow up,
and found that baseline glutamate was associated with 43 % and 81 %
increased risk of CVD and stroke, respectively [34]. These results were
validated by a different study where type 2 diabetes mellitus patients
showed a positive correlation between glutamate plasma levels and the
risk of stroke [35]. Moreover, Gallina et al. reported that VSMCs within
human atherosclerotic plaques expressed AMPA-type glutamate re-
ceptors. Notably, the expression of these receptors was lower in plaques
from symptomatic patients compared to asymptomatic individuals. The
authors hypothesized that these receptors might play a role in VSMC
phenotypic switching [36]. In conjunction with our findings, it appears

plausible that a decrease in VSMC AMPA-type glutamate receptors in
vulnerable plaques could lead to intracellular glutamate accumulation.

In the analysis of serum samples, a total of 130 signals from the
spectra were integrated. Representative signals from each metabolite
were included as variables for the PLS-DA model, with a total of 32
variables. After applying GA, 12 variables were selected for the
discriminative model. The final model was able to classify the serum of
asymptomatic from symptomatic patients with an 88.37 % sensitivity
and a 77.78 % specificity. The AUC value was 0.89 (Fig. 2b). The
discriminant metabolites were threonine, histamine, acetoacetate,
methanol, isoleucine, valine, lysine, alanine, lactate, and the lipid motifs
–CH2-CH3- and –CH––CH-. The model was also significant for all the
permutation tests. Moreover, according to the univariate analysis,
threonine and –CH––CH- showed a significant difference (p = 0.000 and
0.015 respectively), and histamine was close to significance (p= 0.055),
with an increase in the serum of symptomatic patients for the three
metabolites (Table 3). For the serum samples, the fold change and AUC
values for each metabolite are also displayed in Table 3.

As it has been observed in this study, an increase in the concentration
of histamine has previously been related to the occurrence of cardio-
vascular events [37]. Blood histamine levels are increased in the in-
flammatory process produced in unstable plaques [38]. Histamine is an
inflammatory mediator produced from L-histidine released from mast

Fig. 2. OPLS-DA model graphs and ROC curve with AUC values obtained based on the variables selected by the application of genetic algorithms. A) OPLS-DA
samples classification of the plaque samples. B) ROC curve for the discriminative model of plaque samples. Calibration and CV results are shown. An AUC value
of 0.98 for the CV is reached. C) OPLS-DA samples classification of the serum samples. D) ROC curve of the classification of the estimated (blue) and calibrated
(green) of the serum samples. An AUC value of 0.89 is obtained. Asymptomatic samples are represented by red diamonds and symptomatic samples by green squares.
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cells. The accumulation of activated mast cells and histamine in the
atherosclerotic lesion has been associated with the vulnerability of the
plaque [39]. Blood vessels dilatation, increased vascular permeability,
and the migration of leukocytes into the atheroma plaque are among the
effects of high levels of histamine in blood. Furthermore, histamine can
trigger the production of the glycoprotein tissue factor (TF) by endo-
thelial cells and smooth muscle cells [40]. TF, usually encrypted in the
endothelial cells, is a key protein that triggers coagulation through the
extrinsic pathway once exposed to the blood flow, leading to thrombin
formation [41], and contributes to the development of thrombosis
within the atherosclerotic arteries [40].

We have also found elevated levels of threonine in serum samples

from patients with symptomatic carotid stenosis. This finding contrasts
with previous research where higher circulating levels of threonine were
inversely related to peripheral artery disease PAD [42] or heart failure
[43]. However, considering threonine’s role in the tricarboxylic acid
cycle, providing ATP and α-ketoglutarate for brain metabolism [44,45],
its elevation in our patients might be attributed to an adaptive response
to ischemic brain injury. In fact Wang et al. showed increased threonine
levels in patients with favorable stroke outcomes [46]. Since our sam-
ples were collected days post-ischemic event, it is plausible that elevated
threonine levels are a consequence of the event, serving as a mechanism
for repairing brain injury.

It is worth noting that some of the circulating metabolites included in

Table 3
Metabolites participating in the discriminative models of asymptomatic vs. symptomatic plaques and sera.

Metabolites VIPsa

PLS-DA
VIPsa OPLS-DA AUC p-value FDR Fold Change Trendb

Plaque Myo-inositol 1.989 1.341 0.720 0.011 0.258 1.871 ↑
Glutamate 1.768 1.769 0.771 0.006 0.152 1.948 ↑
-CH––CH- 1.511 1.594 0.744 0.055 0.259 1.668 ↑
Glucose 1.063 0.864 0.696 0.224 0.387 1.414 ↑
Threonine 0.988 0.407 0.639 0.341 0.435 1.246 ↑
Hypoxanthine
-(CH2)n-

0.947 0.563 0.533 0.715 0.747 1.292 ↑
0.861 0.756 0.619 0.286 0.546 1.332 ↑

-CH––CH–CH2–CH––CH- 0.828 1.239 0.687 0.068 0.258 1.553 ↑
Lactate 0.747 0.659 0.598 0.274 0.387 1.216 ↑
Uracil 0.737 0.619 0.550 0.304 0.467 1.338 ↑
Citrate 0.675 1.139 0.655 0.171 0.346 1.685 ↑
2-aminobutyrate 0.558 0.881 0.622 0.107 0.346 1.331 ↑
Glucose-1-phosphate 0.533 0.902 0.639 0.135 0.283 1.366 ↑
Inosine 0.526 0.902 0.545 0.421 0.484 1.583 ↑
Creatine 0.517 0.942 0.639 0.201 0.348 1.439 ↑

Serum Threonine 1.887 2.200 0.750 0.000 0.011 1.356 ↑
-CH––CH- 1.431 1.826 0.672 0.015 0.167 1.295 ↑
Histamine 1.179 1.167 0.637 0.056 0.257 1.108 ↑
Acetoacetate 0.973 0.052 0.537 0.606 0.758 0.995 ↓
-CH2-CH3 0.868 0.657 0.599 0.277 0.759 0.927 ↓
Methanol 0.829 0.852 0.544 0.540 0.721 0.804 ↓
Isoleucine 0.701 0.777 0.605 0.198 0.406 0.802 ↓
Valine 0.700 0.257 0.586 0.672 0.440 1.031 ↑
Lysine 0.642 0.145 0.512 0.876 0.935 1.010 ↓
Alanine 0.511 0.544 0.581 0.258 0.444 1.047 ↑
Lactate 0.493 0.335 0.535 0.613 0.759 0.962 ↓

a VIP: Variable importance in projection, represents the importance of the metabolite in the discriminative capacity of the model.
b The arrow direction indicates the change in concentration of symptomatic compared to asymptomatic patients. Metabolites with significant differences (p < 0.05)

are shown in bold.

Fig. 3. A) Metabolic pathways related to plaque vulnerability based on the metabolites found in the plaque. B) Metabolic pathways related to plaque vulnerability
based on the metabolites found in the serum.
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our model for discriminating symptomatic and asymptomatic patients
have been previously related with cardiovascular events. A meta-
analysis conducted by Wang et al. established a correlation between
elevated isoleucine levels and an increased risk of cardiovascular dis-
eases [47]. Additionally, inosine and hypoxanthine have been proposed
as markers of cardiac ischemia [48], but their role in neurological
ischemic events needs to be further studied.

3.3. Metabolic pathways involved in plaque vulnerability

Metaboanalyst 4.0 was used to generate a metabolite set enrichment
analysis for the identification of biological patterns associated with the
metabolomic data obtained from the serum and plaque samples. First,
the metabolites are individually analysed to determine if they are sig-
nificant, and later, the existence of meaningful patterns is determined. It
can detect subtle but consistent differences among related compounds
that conventional methods may not detect. We defined as notable dif-
ferences those with a p-value <0.1 and an impact >0.

In atheroma plaque samples, nine metabolic pathways were poten-
tially altered between symptomatic and asymptomatic patients. Six
pathways were statistically significant with a p-value <0.05: glyoxylate
and dicarboxylate metabolism, D-glutamine and D-glutamate meta-
bolism, arginine biosynthesis, arginine, and proline metabolism,
alanine, aspartate and glutamate metabolism, starch and sucrose
metabolism, and three pathways notably altered (p-value <0.1): citrate
cycle (TCA cycle), valine, leucine and isoleucine biosynthesis, and
inositol phosphate metabolism (Fig. 3A).

Our results are consistent with the fact that both groups are
composed of individuals with atherosclerosis, which may lead to
discrete changes in the metabolic profiles. The p-value was set to 0.1 due
to the limited number of samples but also because subtle differences
were expected to be observed as it is not anticipated that the metabolism
of cells in vulnerable and stable plaques will produce substantial
changes, and even smaller changes are expected to be reflected in the
bloodstream.

As detailed in Table 4, glutamate is a common metabolite in the
pathways. As it has been previously referred, increased glutamate levels
are positively correlated with cardiovascular risk. Also, circulating
glutamate has been associated with subclinical atherosclerosis inde-
pendently of other risk factors [49]. In fact, glutamate-mediated exci-
totoxicity has been previously proposed as a potential therapeutic target
for ischemic stroke [50]. Besides, citrate and citric acid metabolism has
also previously been related to increased risk in different CVD [51,52].

In serum samples, there were four pathways notably altered between
symptomatic and asymptomatic patients: histidine metabolism,

glycerolipids metabolism, phenylalanine metabolism, and phenylala-
nine, tyrosine, and tryptophan metabolism (Fig. 3B). The alteration in
the metabolism of amino acids has previously been reported to be
involved in the development of atherosclerosis [53]. More specifically,
the levels of phenylalanine and tyrosine have been associated with an
increased risk of coronary artery disease and stroke [54]. Accordingly,
differences in metabolic pathways where phenylalanine and tyrosine are
participating occur between symptomatic and asymptomatic patients
(Table 5). The relevance of histamine and histidine metabolism has
already been discussed.

4. Conclusions

We have performed a preliminary study in plaques and serum sam-
ples from patients with carotid stenosis by NMR. We have sought bio-
markers of plaque vulnerability through the generation of statistical
models able to discriminate symptomatic and asymptomatic patients
with high sensitivity (100 % and 88.37 %) and specificity (91.6 % and
77.78 %) in plaque and serum, respectively. Increased concentration of
myo-inositol, glutamate, and fatty acids was found in vulnerable pla-
ques, whereas an increase in histamine, threonine, and fatty acids was
observed in serum samples. Overall, the data presented herein provided
valuable information on potential biomarkers of plaque vulnerability,
both in plaque and serum samples. Although the presence of biomarkers
in plaque is not of high value from a diagnosis perspective (as it implies
the extraction of the plaque), the molecular mechanism involved in
plaque vulnerability is still unknown, and the metabolites and metabolic
pathways described in this work could be a starting point to understand
better the reasons why some plaques become vulnerable and other
remain stable. Also, locally dysregulated metabolites could highlight
new therapeutic targets. On the other hand, the analysis of metabolites
present in serum of symptomatic and asymptomatic patients could be
studied as biomarkers of risk of plaque rupture. As previously
mentioned, histamine, phenylalanine, and tyrosine, which are described
in this work as potential biomarkers of plaque rupture, have already
been associated with plaque vulnerability.

A limitation of this study is the sample size. However, it is note-
worthy that obtaining carotid plaque specimens from both symptomatic
and asymptomatic patients is exceptionally valuable. In fact, our sample
size (n = 38 distinct carotid plaques) is comparable to or even exceeds
those of similar studies employing different metabolomics techniques
[55–59]. Only the study by Tomas et al. [20] included a larger number
of patients, although their analysis was restricted to a targeted metab-
olomics assessment of a limited set of metabolites, which limits the
ability to discover novel metabolites involved. Our positive results
endorse the performance of validation studies in an independent
external cohort of patients to establish the role of these metabolites as
biomarkers of plaque vulnerability.

Moreover, given the exploratory nature of our study, we adopted an
FDR threshold of 0.2, consistent with previous prospective metab-
olomics analyses [25–30]. As a result, our findings were marginally
significant and may contain a degree of stochastic variability. Conse-
quently, further studies with a larger number of participants would be

Table 4
Metabolic pathways involved in plaque vulnerability, based on the differences in
the metabolites found in the plaques.

Metabolic pathway Metabolites p-
value

Impacta

Glyoxylate and dicarboxylate
metabolism

L-Glutamate, Citrate 0.0014 0.03

D-Glutamine and D-glutamate
metabolism

L-Glutamate 0.0015 0.50

Arginine biosynthesis L-Glutamate 0.0015 0.12
Glutathione metabolism L-Glutamate 0.0015 0.02
Arginine and proline metabolism Creatine, L-Glutamate 0.002 0.10
Alanine, aspartate and glutamate

metabolism
L-Alanine, L-Glutamate,

Citrate
0.004 0.20

Starch and sucrose metabolism Glucose-1-P, Glucose-6-
P

0.036 0.27

Citrate cycle (TCAb cycle) Citrate 0.05 0.09
Inositol phosphate metabolism Glucose-6-P, Myo-

inositol
0.078 0.13

a Impact: Pathway impact value calculated from pathway topology analysis.
b Tricarboxylic Acid Cycle.

Table 5
Metabolic pathways involved in plaque vulnerability, based on the differences in
the metabolites found in serum.

Metabolic pathway Metabolites p-
value

aImpact

Glycerolipid metabolism Glycerol 0.051 0.24
Histidine metabolism Histamine 0.052 0.19
Phenylalanine, tyrosine, and

tryptophan biosynthesis
Phenylalanine,

Tyrosine
0.063 1.0

Phenylalanine metabolism Phenylalanine,
Tyrosine

0.063 0.036

a Impact: Pathway impact value calculated from pathway topology analysis.
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necessary to validate our results. Finally, our samples were obtained
when the ischemic event had already occurred; thus, causality cannot be
established with complete confidence. A longitudinal and a follow-up
study should be performed to understand the applicability of our re-
sults better.
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