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ARTICLE INFO ABSTRACT

Keywords: Background and aims: An untargeted metabolomics approach allows for a better understanding and identification
Cardiovascular risk of new candidate metabolites involved in the etiology of vascular disease. We aimed to investigate the associ-
MEt,abommics ations of cardiovascular (CV) risk factors with the metabolic fingerprint and macro- and microvascular health in
egizilr function an untargeted metabolomic approach in predefined CV risk groups of aged individuals.

Screening Methods: The metabolic fingerprint and the macro- and microvascular health from 155 well-characterized aged

(50-80 years) individuals, based on the EXAMIN AGE study, were analysed. Nuclear magnetic resonance
spectroscopy was used to analyse the metabolic fingerprint. Carotid-femoral pulse wave velocity and retinal
vessel diameters were assessed to quantify macro- and microvascular health.

Results: The metabolic fingerprint became more heterogeneous with an increasing number of risk factors. There
was strong evidence for higher levels of glutamine [estimate (95% CI): —14.54 (—17.81 to —11.27), p < 0.001],
glycine [-5.84 (—7.88 to —3.79), p < 0.0011], histidine [—0.73 (—0.96 to —0.50), p < 0.001], and acetate [-1.68
(—2.91 to —0.46), p = 0.007] to be associated with a lower CV risk profile. Tryptophan, however, was positively
associated with higher CV risk [0.31 (0.06-0.56), p = 0.015]. The combination of a priori defined CV risk factors
explained up to 45.4% of the metabolic variation. The metabolic fingerprint explained 20% of macro- and 23% of
microvascular variation.

Conclusions: Metabolic profiling has the potential to improve CV risk stratification by identifying new underlying
metabolic pathways associated with atherosclerotic disease development, from cardiovascular risk to metabo-
lites, to vascular end organ damage.

1. Introduction

Cardiovascular (CV) diseases are still the main cause of non-
communicable deaths worldwide. The mechanistic pathways of how
classical CV risk factors, such as hypertension, diabetes, obesity, hypo-
cholesteraemia or low cardiorespiratory fitness (CRF), affect macro- and
microvascular health are not fully understood.

Vascular health can be assessed in the macro- or microcirculation as
a subclinical biomarker of vascular end organ damage. Pulse wave

velocity (PWV) is the gold standard to quantify arterial stiffness in the
macrocirculation. Central PWV has the potential to improve CV risk
prediction with a reclassification rate between 13 and 15% [1,2],
compared to standard CV risk assessment, and is a reliable predictor for
CV risk in the general population [1]. An increase of 1 m/s in central
PWV has previously been associated with a 15% higher CV risk and
all-cause mortality [1]. Static retinal vessel analysis (SVA) is a
non-invasive approach to investigate microvascular health [3]. Nar-
rowing of central retinal arteriolar (CRAE) and widening of central
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retinal venular diameter equivalents (CRVE) have previously been
associated with stroke [4], coronary heart disease [5] and higher CV
mortality [6] and seem therefore to be predictive for long-term CV
outcomes [7,8]. Retinal vessel analysis has been shown to have added
value for CV risk stratification of stroke [8] and CV events [7] on top of
classical risk factors.

Metabolites drive various processes affecting vascular health, such as
inflammation, glycolysis and fluid balance [9,10]. Interestingly, the
metabolome is influenced by both genome and exposome [9]. Thus,
metabolic phenotyping seems to have the potential to provide insights
into multiple molecular mechanisms underlying vascular health that
contribute to the pathogenesis of CV disease [11,12]. Previous studies
reported improved accuracy for CV risk stratification by additional
analysis of the metabolic profile [10,13]. A recent scientific statement
from the American Heart Association highlighted the potential of
metabolomics in CV health and disease [14]. Our study, for the first
time, aimed to investigate associations of CV risk factors with the
metabolic profile and vascular health in an untargeted metabolomics
approach in predefined CV risk groups of aged individuals.

2. Materials and methods
2.1. Study design

This cross-sectional study investigated the metabolic profile from a
well-characterized aged cohort (EXAMIN AGE study [15]). One-hundred
and fifty-five aged (50-80 years) men and women with and without CV
risk factors were included in this study. Blood sampling and extensive
clinical phenotyping were performed between 2016 and 2018 at the
Department of Sport, Exercise and Health in Basel, Switzerland. Par-
ticipants were asked to refrain from exercise 24 h, and from alcohol and
caffeine consumption 12 h prior to the examination. Blood sampling as
well as vascular phenotyping were performed under fasting conditions.
Metabolites were analysed in 2020 at the Gottfried Schatz Research
Center for Cell Signaling, Metabolism and Aging, Molecular Biology and
Biochemistry, Medical University of Graz. Researchers who analysed
blood samples as well as vascular parameters were blinded to group
allocation or any other sample characteristics. The study was registered
at ClinicalTrials.gov (NCT02796976) and was conducted in accordance
to the principles stated in the Helsinki Declaration [16]. This study was
approved from the Ethics Committee of Northwest and Central
Switzerland (EKNZ 2015-351). All individuals signed a written informed
consent before the first measurement took place.

2.2. Inclusion and exclusion criteria

The EXAMIN AGE study population was characterised by healthy
individuals and CV risk patients between 50 and 80 years. Healthy
individuals were defined by the absence of any of the CV risk factors
described below. CV risk patients were inactive (<one MET per week)
and had at least two CV risk factors. Risk factors were defined as
obesity, hypertension, diabetes, active smoking status, low high-
density-lipoprotein (HDL) or high low-density-lipoprotein (LDL)
levels or hypertriglyceridemia, or intake of medication to treat these
risk factors (Supplementary Table S1). Participants were separated into
four CV risk groups. Participants in group I were healthy and had no CV
risk factors except age (low CV risk), group II had two CV risk factors,
group III had three CV risk factors, and group IV had > three CV risk
factors. Individuals with decompensated pulmonary or chronic in-
flammatory disease, macular degeneration, glaucoma or any chronic
eye disease or compromising orthopaedic problems were excluded. A
study protocol with detailed descriptions of the inclusion and exclusion
criteria and the phenotyping process has been published previously
[15]. The PROCAM scoring system was used to calculate the ten-year
risk for acute coronary events [17].
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2.3. Blood sampling

Trained medical staff withdrew blood samples by venepuncture of
the cubital fossa of the right or left arm. Serum was isolated and stored at
—80 °C after centrifugation by 3000g for 10 min.

2.4. Reagents

Sodium phosphate, dibasic (NagHPO,4), sodium hydroxide, hydro-
chloric acid (32% m/v), and sodium azide (NaN3) were obtained from
VWR International (Darmstadt, Germany). 3(trimethylsilyl) propionic
acid-2,2,3,3-d4 sodium salt (TSP) was obtained from Alfa Aesar (Karls-
ruhe, Germany). Deuterium oxide (D20) was obtained from Cambridge
Isotopes laboratories (Tewksbury, MA). Deionized water was purified
using in-house Milli-Q Advantage Water Purification System from Mil-
lipore (Schwalbach, Germany). The phosphate NMR buffer solution was
prepared by dissolving 5.56 g of anhydrous NapHPO4, 0.4 g of TSP, and
0.2 g NaN3, in 400 mL of D0 and adjusted to pH 7.4 with 1 M NaOH and
HCI. Upon addition of D50 to a final volume of 500 mL, the pH was re-
adjusted to pH 7.4 with 1 M NaOH and HCL

2.5. Metabolic phenotyping by NMR spectroscopy

To remove proteins and to quench enzymatic reactions in the sam-
ples, 200 pL serum was mixed with 400 pL methanol and stored at
—20 °C for 1 h until further processing. Afterwards, the samples were
spun at 17,949 relative centrifugal force at 4 °C for 30 min. Supernatants
were lyophilized and 500 pL of NMR buffer in DO was added to the
samples and transferred to 5 mm NMR tubes. All NMR experiments were
performed at 310 K on an AVANCE™ Neo Bruker Ultrashield 600 MHz
spectrometer equipped with a TXI probe head. The 1D CPMG (Carr-
Purcell Meiboom_Gill) pulse sequence (cpmgprld, 512 scans, 73,728
points in F1, 11,904.76 HZ spectral width, 512 transients, recycle delays
4 s) with water suppression using pre-saturation, was used for 'H 1D
NMR experiments [18]. Bruker Topspin version 4.0.2 was used for NMR
data acquisition. The spectra for all samples were automatically pro-
cessed (exponential line broadening of 0.3 Hz), phased, and referenced
using trisodium phosphate (TSP) at 0.0 ppm using Bruker Topspin 4.0.2
software (Bruker GmbH, Rheinstetten, Germany).

2.6. Statistical analysis

Spectra pre-processing and data analyses have been carried out using
the state-of-the-art data analysis pipeline proposed by the group of Prof.
Jeremy Nicholson at Imperials College London using Matlab® scripts and
MetaboAnalyst 4.0 [19]. NMR data were imported to Matlab® vR2014a
(Mathworks, Natick, Massachusetts, United States), regions around the
water, TSP, and remaining methanol signals excluded, and probabilistic
quotient normalization was performed to correct for sample metabolite
dilution. To identify differences in metabolic profiles, multivariate sta-
tistical analysis was performed in Matlab® and MetaboAnalyst, 4.0 and
included Principal Component Analysis (PCA), Orthogonal-Partial Least
Squares - Discriminant Analysis (O-PLS-DA), and all associated data
consistency checks and 7-fold cross-validation. Stated concentrations
correspond to normalized concentrations after probabilistic quotient
normalization. Metabolite identification was carried out using Chenomx
NMR Suite 7.6 (Chenomx Inc., Edmonton, AB, Canada) and reference
compounds. Quantification of metabolites was carried out by signal
integration of normalized spectra. As we focussed on polar metabolites,
we removed lipoproteins using methanol extraction to reduce signal
overlap and to obtain high-quality metabolite data for untargeted
metabolomics. Lipids remaining after the extraction were combined to
total lipoprotein-bound lipids for further analysis. Reduced NMR spectra
revealed altered serum concentrations of different metabolites that were
further analysed using univariate statistics. Further use of analysis of
variance and linear regression models and other statistical approaches
are described in the Supplementary materials.
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2.7. Vascular health

The methods to assess PWV using applanation tonometry as a marker
of large artery stiffness and analysis of retinal vessel diameters as a
microvascular biomarker have previously been described in the pub-
lished study protocol [15]. A detailed description of the assessments can
be found in the Supplementary materials.

3. Results

Three hundred and thirty-seven participants were screened for
eligibility. One hundred and eighty-two participants were excluded, n =
174 due to in- and exclusion criteria and n = 8 declined to participate.
One hundred and fifty-five participants were included to investigate the
association of CV risk factors with the metabolic fingerprint and macro-
as well as microvascular health. Seventy-three participants were allo-
cated to CV risk group I, 30 to risk group II, 27 to risk group III, and 25 to
risk group IV. Sample characteristics for the whole cohort and separated
for the four CV risk groups are described in Table 1. Risk groups differed
in several CV risk factors, physical activity levels and CRF as well as
macro- and microvascular health. Risk group I was characterized by the
lowest risk and group IV by the highest CV risk profile (Table 1). Risk
factor distribution is described in Supplementary Table S1.

3.1. Metabolites and cardiovascular risk

Using untargeted NMR spectroscopy, the metabolic fingerprints of
serum samples were determined. PCA and Partial Least Squares-
Discriminant Analysis (PLS-DA) of serum samples showed that the
serum metabolic profiles gradually changed with the increasing number
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of risk factors (Fig. 1A). While the metabolic profile of individuals with a
small number of risk factors was more homogenous, the profile became
more heterogeneous with increasing numbers of risk factors. When
comparing differences in metabolic fingerprint between serum samples
of individuals with different numbers of risk factors, O-PLS-DA revealed
increased clustering of patient samples with increasing correlation co-
efficients R%Y up to 0.534 and Q? of 0.442 (p < 0.01) (Fig. 1B and C).
Reduced NMR spectra revealed altered serum metabolites in different
numbers of risk factors (Fig. 1D) and indicated that the serum levels of
lipoprotein-bound lipids, acetate, glutamine, glycine, histidine, phenyl-
alanine, and tryptophan significantly changed. These six metabolites and
total lipoprotein-bound lipids were further analysed using univariate
statistics. Branched-chain amino acids valine, leucine, and isoleucine
have been reported to be associated with CV risk [20,21], but have not
been observed to be significantly different in our study sample.

Five (glutamine, glycine, histidine, tryptophan, acetate) metabolites
showed statistically significant group differences between the CV risk
groups (Fig. 2). Risk group I (low risk) showed higher glutamine, glycine
and histidine concentrations compared to risk group II, III and IV. In
addition, tryptophan levels were lower in risk group I compared to risk
group III and acetate concentration was higher in risk group I compared
to risk group IV (Fig. 2). There was strong evidence for higher levels of
glutamine [estimate (95% CI): —14.54 (—17.81 to —11.27), p < 0.001],
glycine [—5.84 (—7.88 to —3.79), p < 0.001], histidine [—0.73 (—0.96 to
—0.50), p < 0.001], and acetate [—1.68 (—2.91 to —0.46), p = 0.007] to
be associated with a lower CV risk profile. Tryptophan, however, was
positively associated with higher CV risk [0.31 (0.06-0.56), p = 0.015].
There was no evidence for an association of phenylalanine [-0.35 (—0.97
to 0.28), p = 0.274] and total lipoprotein-bound lipids [3.55 (—1.17 to
8.28), p = 0.139] with CV risk (Fig. 2).

Table 1
Sample characteristics.
Whole population Risk group Risk group II Risk group III Risk group IV P
mean (SD) I mean (SD) mean (SD) mean (SD) mean (SD)

Sex (f/m) 84/71 43/30 20/10 14/13 7/18 0.015
Age (years) 59 (7) 59 (7) 58 (7) 58 (6) 59 (7) 0.444
Height (cm) 169 (8) 169 (8) 166 (8) 169 (7) 172 (7) 0.295
Body mass (kg) 82 (18) 67 (9) 91 (16) 96 (13) 98 (12) <0.001
BMI (kg/m?) 29 (6) 23 (3) 33 (5) 34 (4) 33(3) <0.001
WC (cm) 99 (17) 86 (8) 108 (13) 113 (12) 114 (8) <0.001
Fat mass (kg) 29 (13) 18 (7) 39 (10) 39(11) 37 (10) <0.001
Muscle mass (kg) 30 (6) 27 (5) 29 (7) 32(7) 34 (7) <0.001
Rest sys. BP (mmHg) 130 (15) 128 (15) 133 (15) 132 (17) 132 (13) 0.112
Rest dia. BP (mmHg) 84 (10) 79 (8) 86 (11) 87 (8) 89 (10) <0.001
24 h sys. BP (mmHg) 125 (10) 120 (7) 128 (10) 130 (11) 131 (11) <0.001
24 h dia. BP (mmHg) 79 (7) 76 (6) 79 (7) 82 (9) 82 (8) <0.001
Fasting glucose (mmol/1) 5.3(1.4) 4.7 (0.5) 5.2 (0.7) 5.4 (0.9) 6.8 (2.7) <0.001
Triglyceride (mmol/1) 1.42 (0.91) 0.99 (0.30) 1.43 (0.57) 1.47 (0.53) 2.60 (1.52) <0.001
HDL (mmol/1) 1.6 (0.5) 1.8 (0.4) 1.3 (0.3) 1.4 (0.3) 1.2 (0.3) <0.001
LDL (mmol/1) 3.1(0.8) 3.0 (0.8) 3.3(0.5) 3.1(0.7) 3.1(@1.1) 0.547
Hs-CRP (mg/1) 2.6 (3.5) 1.4 (2.2) 3.1(3.4) 4.0 (5.7) 3.9 (2.8) <0.001
PROCAM score 36 (10) 30 (8) 39 (9) 42 (9) 44 (10) <0.001
10 years risk (%) 6.5 (6.4) 3.3(2.8) 7.6 (5.7) 9.8(7.7) 11.7 (8.7) <0.001
Activity and fitness

Steps per day (n) 10,082 (4385) 11,728 (4677) 8836 (4270) 8659 (3086) 8309 (3113) <0.001

Distance per day (m) 6628 (3118) 7910 (3400) 5471 (2660) 5550 (2176) 5434 (2137) <0.001

Fast walking (min) 1190 (1019) 1579 (1167) 897 (753) 879 (748) 735 (624) <0.001

FQPA (METs) 12.5 (26.4) 25.0 (34.4) 1.1 (2.2) 2.5 (4.0) 0.4 (1.3) <0.001

VOgpeak (ml/min/kg) 31(9) 36 (9) 26 (4) 26 (5) 25 4) <0.001
Vascular health

CRAE (pm) 174 (14) 176 (14) 173 (17) 170 (14) 173 (12) 0.179

CRVE (pm) 213 (17) 207 (15) 219 (18) 219 (17) 219 (12) <0.001

AVR 0.82 (0.06) 0.85 (0.05) 0.79 (0.05) 0.78 (0.04) 0.79 (0.04) <0.001

PWV (m/s) 7.8 (1.6) 7.2 (1.5) 7.8(1.1) 8.4 (1.4) 8.9 (1.7) <0.001

BMI, body mass index; WC, waist circumference; BP, blood pressure; HDL, high-density lipoprotein, LDL, low-density lipoprotein; Hs-CRP, high-sensitive C-reactive
protein; FQPA, Freiburg questionnaire of physical activity; METs, metabolic equivalents; VO,peak, peak oxygen uptake; CRAE, central retinal arteriolar equivalent;
CRVE, central retinal venular equivalent; AVR, arteriolar-to-venular diameter ratio; PWV, pulse wave velocity; SD, standard deviation; p, level of significance for

overall group differences.
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Fig. 1. NMR enables identification of metabolites associated with CV risk profile.
(A) Principal component analysis and partial least squares-discriminant analysis plots of 155 serum samples. (B) Heatmap showing orthogonal-partial least squares -
discriminant analysis derived (O-PLS-DA) Q? for pairwise comparisons of serum samples. (C) O-PLS-DA plot of serum samples of risk group I and risk group IV,
including cross validation. (D) The reduced nuclear magnetic resonance spectroscopy spectrum reveals altered components in normalized serum samples. Positive
covariance corresponds to component present at increased concentrations, whereas negative covariance corresponds to decreased component concentration. Pre-
dictivity of the model is represented by R% 1 = lipoprotein-bound lipids, 2 = acetate, 3 = glutamine, 4 = glycine, 5 = histidine, 6 = phenylalanine, 7 = tryptophan.

The combination of a priori defined CV risk factors (obesity, hyper-
tension, diabetes, hypercholesterolemia, smoking and low CRF) together
explained 45.43%, 37.78%, 38.15%, 9.82%, 15.75%, 14.76%, and
17.34% of the variation of glutamine, glycine, histidine, tryptophan,
phenylalanine, acetate, and total lipoprotein-bound lipids, respectively.
The adjusted R? of metabolites and CV risk factors are described sepa-
rately in Table 2.

Correlation coefficients and 95% confidence intervals of correlations
between metabolites and sample characteristics are described in Table 3.
Obesity [body mass, BMI, waist circumference (WC), and fat mass] was
associated with lower glutamine, glycine, and histidine levels as well as
higher tryptophan levels. Higher glucose levels were associated with
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lower and HDL with higher glutamine, glycine and histidine concen-
trations. Higher LDL levels were associated with higher phenylalanine
and acetate concentrations. High-sensitive C-reactive protein (hs-CRP)
and PROCAM score were associated with lower glutamine, glycine and
histidine as well higher tryptophan levels. Fast walking and VO5 peak
were positively associated with glutamine and histidine. Further asso-
ciations are described in Table 3.

3.2. Metabolites and vascular health

Glutamine, glycine, histidine, tryptophan, phenylalanine, acetate
and total lipoprotein-bound lipids together explained 20% of the PWV
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Fig. 2. Cardiovascular risk and metabolic profile.
Group differences (analysis of variance) of cardiovascular (CV) risk groups and metabolites as well as adjusted R? of linear regression models analysing potential
associations of metabolites and CV risk in all 155 individuals.

Table 2

Adjusted R? of linear regression models of metabolites as dependent variable and cardiovascular risk factors as predictor.
predictor Glutamine Glycine Histidine Tryptophan Phenylalanine Acetate Lipoprotein-bound lipids
BMI 0.097 0.058 0.085 0.016 0.004 0.018 0.005
Hypertension 0.080 0.102 0.053 0.010 0.036 0.008 0.027
Diabetes 0.095 0.067 0.132 0.003 0.021 0.033 0.018
Triglyceride 0.064 0.013 0.023 0.008 0.002 0.015 0.007
HDL 0.018 0.045 0.034 0.031 0.002 0.003 0.025
LDL 0.002 0.004 0.009 0.002 0.038 0.030 0.011
Smoking status 0.069 0.042 0.028 0.022 0.037 0.011 0.036
CRF 0.030 0.046 0.017 0.008 0.019 0.031 0.044

BMI, body mass index; HDL, high-density lipoprotein; LDL, low-density lipoprotein; CRF, cardiorespiratory fitness.
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Table 3

Correlation coefficient and 95% confidence interval of correlations between metabolites and sample characteristics.
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Glutamine Glycine Histidine Tryptophan Phenylalanine Acetate Lipoprotein-bound lipids

Body mass —0.50 (—0.614; —0.44 (-0.559; —0.50 (—0.609; 0.27 (0.119; —0.07 (—0.227; —0.24 (—0.384; —0.02 (-0.174;
—0.377)%** —0.304)*** —0.371)*** 0.411)%** —0.087) —0.087)** 0.141)

BMI —0.53 (—0.631; —0.36 (—0.494; —0.46 (—0.572; 0.19 (0.037; —0.03 (—0.184; —0.14 (—0.295; 0.01 (—0.149;
—0.402)*** —0.220)*** —0.321)*** 0.341)* 0.131) 0.013) 0.167)

WC —0.54 (—0.641; —0.47 (—0.584; —0.50 (-0.612; 0.21 (0.056; —0.04 (—0.194; —0.21 (—0.360; —0.02 (—0.182;
—0.416)*** —0.337)%** —0.376)*** 0.357)** 0.120 —0.059)** 0.133)

Fat mass —0.46 (-0.579; —0.25 (—0.388; —0.36 (—0.488; 0.20 (0.042; 0.02 (—0.137; —0.08 (—0.239; —0.03 (—0.183;
—0.331)*** —0.002)** —0.212)*** 0.345)* 0.178) 0.074) 0.132)

24 h. sys. BP —0.22 (—0.365; —0.24 (—0.388; —0.07 (-0.227; 0.03 (-0.131; 0.09 (—0.066; —0.05 (—0.205; —0.13 (—0.284;
—0.064)** —0.090)** 0.088) 0.185) 0.248) 0.111) 0.026)

24 h. dia. BP —0.17 (—0.324; —0.27 (—0.409; —0.06 (-0.217; —0.07 (-0.224; 0.06 (—0.102; —0.03 (-0.185; —0.01 (-0.173;
—0.017)* —0.115)*** 0.098) 0.091) 0.214) 0.131 0.144)

Glucose —0.44 (—0.555; —0.25 (—0.395; —0.41 (-0.532; —0.05 (—0.205; —0.00 (—0.159; —-0.13 (-0.277; —0.07 (—0.222;
—0.299)*** —0.099)** —0.268)*** 0.109) 0.157) 0.033) 0.092)

Triglyceride —0.30 (—0.437; —0.06 (—0.22; —0.08 (—0.236; —0.07 (—0.230; 0.23 (0.074; —0.09 (—0.240; —0.10 (—0.256;
—0.149)*** 0.099) 0.077) 0.084) 0.373)** 0.073) 0.056)

HDL 0.28 (0.132; 0.32 (0.170; 0.29 (0.142; —0.21 (—0.353; —0.04 (—0.193; 0.05 (—0.109; 0.12 (—0.042;
0.422)%** 0.454)*** 0.431)%** —0.051)** 0.122) 0.205) 0.269)

LDL 0.01 (—0.154; 0.05 (-0.107; 0.08 (—0.079; 0.00 (—0.159; 0.23 (0.073; 0.20 (0.038; 0.03 (—0.126;
0.166) 0.212) 0.238) 0.160) 0.376)** 0.345)** 0.193)

Hs-CRP —0.37 (—0.502; —0.16 (—0.314; —0.25 (—0.393; 0.17 (0.017; 0.13 (—0.032; —0.11 (-0.261; —0.20 (—0.343;
—0.229)*** —0.006)* —0.096)** 0.324)* 0.279) 0.052) —0.039)*

PROCAM score —0.34 (—0.480; —0.25 (—0.401; —0.30 (—0.438; 0.18 (0.019; 0.06 (—0.105; 0.02 (—0.145; —0.02 (—0.185;
—0.189)*** —0.093)** —0.138)*** 0.337)* 0.222) 0.183) 0.143)

Fast walking 0.26 (0.108; 0.12 (—0.043; 0.21 (0.053; —0.21 (—0.356; 0.06 (—0.102; —0.02 (-0.179; —0.04 (—0.198;
0.407)** 0.273) 0.359)** —0.049)* 0.218) 0.142) 0.122)

VO0,peak 0.36 (0.217; 0.06 (—0.100; 0.25 (0.099; —0.15 (—0.303; —0.08 (—0.236; —0.06 (-0.212; 0.14 (—0.019;
0.492)*** 0.214) 0.394)** 0.005) 0.077) 0.102) 0.290)

CRAE 0.17 (0.006; 0.13 (—0.030; 0.16 (—0.004; —0.12 (-0.276; 0.06 (—0.098; 0.15 (—0.009; —0.11 (—0.269;
0.320)* 0.287) 0.311) 0.042) 0.223) 0.307) 0.050)

CRVE —0.20 (—0.351; —0.12 (-0.277; —0.15 (—0.302; 0.04 (—0.124; —0.00 (—0.163; 0.07 (—0.091; —0.06 (-0.215;
—0.041)* 0.041) 0.013) 0.198) 0.160) 0.230) 0.107)

AVR 0.42 (0.276; 0.28 (0.126; 0.35 (0.202; —0.18 (-0.327; 0.07 (—0.091; 0.09 (—0.069; —0.07 (—0.226;
0.543)*=* 0.424)*=* 0.485)*** —0.014)* 0.230) 0.251) 0.095)

PwWv —0.27 (—0.413; —0.27 (-0.416; —0.32 (—0.458; 0.14 (—0.017; —0.09 (—0.243; —0.24 (—0.384; —0.06 (—0.220;
—0.116)*** —0.120)*** —0.171)*** 0.296) 0.074) —0.082)** 0.099)

BMI, body mass index; WC, waist circumference; BP, blood pressure; HDL, high-density lipoprotein, LDL, low-density lipoprotein; Hs-CRP, high-sensitive C-reactive
Protein; VO,peak, peak oxygen uptake; CRAE, central retinal arteriolar equivalent; CRVE, central retinal venular equivalent; AVR, arteriolar-to-venular diameter ratio;

PWV, pulse wave velocity; ***, p < 0.001; **, p < 0.01; *, p < 0.05.

variation. In addition, lower levels of glutamine, glycine, and histidine
were associated with higher PWV. All metabolites and total lipoprotein-
bound lipids together explained 23% of the AVR, 9% of the CRVE, and
5% of the CRAE variation. Higher levels of glutamine, glycine, and
histidine and lower levels of tryptophan were associated with a higher
AVR (Table 3).

4. Discussion

As a main result of our study, classic CV risk factors were found to be
associated with alterations of the metabolic profile. Classic CV risk
factors explained up to 45% of the variation in metabolites. In addition,
metabolites were shown to explain up to 20% of macro- and 23% of
microvascular variation. The implications for translational and clinical
medicine are discussed.

4.1. Amino acids, metabolic syndrome and inflammation

We showed that risk group I (low CV risk) was characterized by a
homogenous metabolic profile, whereas the heterogeneity of the meta-
bolic profile gradually increased with increasing CV risk factors. In
addition, higher CV risk was associated with lower glutamine, glycine,
and histidine as well as higher tryptophan levels. The variation of these
amino acids was mainly explained by CV risk factors reflecting the
metabolic syndrome such as BMI, blood pressure, serum glucose levels,
and HDL. Amino acids are involved in several fundamental biological
processes such as cell proliferation, energy balance, ammonia buffering,
maintenance of the acid-base balance, and others [22]. Imbalances of
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amino acids in serum samples of high CV risk patients describe proteo-
lytic processes, for instance elevated protease functions, leading to
disturbance of several biological processes. Glutamine for example is a
carbon source for the TCA cycle via conversion to alpha-ketoglutarate
[23]. Low glutamine levels may lead to reduced cytosolic aspartate
delivery with ensuing metabolic consequences [24]. Previous studies
showed that an altered circulating metabolic profile may predict
development of metabolic disorders [25,26]. Wang et al. demonstrated
that a combination of three amino acids was able to predict development
of type 2 diabetes 12 years later, which highlighted the use of circulating
amino acids as early biomarkers for future diabetes progression [25].
Low levels of the amino acids glutamine, glycine, and histidine, as well
as high levels of tryptophan, were associated with metabolic risk in our
study. The strong association of amino acids and metabolic risk was the
consequence of the high prevalence of metabolic risk factors in CV risk
groups II to IV. The CV risk groups II to IV were characterized by a high
prevalence of obesity (60%), hypertension (50%), diabetes (44%) as
well as low HDL levels (14%), which are, by definition, key metabolic
risk factors. HDL, especially delipidated apolipoprotein (apo) A, pre-
vents endothelial cell death as a potential mechanism of how CV risk
affects vascular health [27]. However, phenylalanine showed no sta-
tistically significant association with metabolic risk factors in our study.
Floegel et al. demonstrated that serum phenylalanine was independently
associated with increased risk of type 2 diabetes, as well as insulin
secretion [26]. However, serum phenylalanine levels were equally
distributed through all CV risk groups in our study cohort. Therefore, we
would like to speculate that phenylalanine is a subclinical circulating
biomarker to help predict development of type 2 diabetes at early stages
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[25,26], but it seems to have limited potential to discriminate between
healthy individuals and CV risk patients in our cohort. The underlying
mechanism of how phenylalanine affects insulin resistance or impairs
insulin secretion is still not fully understood and needs to be investigated
in future studies. Amino acids are also involved in the mediation of
inflammation processes [28,29]. Four out of five amino acids showed
significant correlations with hs-CRP in our study. Lower levels of serum
glutamine, glycine and histidine, as well as higher levels of tryptophan
were correlated with higher inflammation. A recent review summarized
the functions and signalling pathways of amino acids in systemic
inflammation, which are mainly the suppression of oxidative stress and
the inhibition of proinflammatory cytokines [30].

4.2. Amino acids, physical activity and fitness

Acute exercise sessions and long-term exercise interventions lead to
changes in metabolite concentrations [31,32]. In addition, amino acid
household has been associated with physical activity (PA), sedentary
lifestyle and CRF [33,34]. Interestingly, we showed a positive correla-
tion of glutamine and histidine with fast walking and CRF. Glutamine, as
the most abundant amino acid in the human body, is involved in various
fundamental biologic processes such as lipoprotein, fatty acid and
tricarboxylic acid energy metabolism, glycolysis, fluid balance and
inflammation. Low glutamine serum levels best reflect reduced stores in
the human muscle [29]. Glutamine supplementation has been shown to
increase muscle and decrease adipose tissue glucose uptake and to
inhibit hepatic glucose production [35]. In addition, type 2 diabetic
patients showed reduced CV risk after six weeks of glutamine supple-
mentation [36]. Exercise and glutamine supplementation have been
shown to be equally effective in reducing inflammatory processes and
biomarkers of oxidative stress in rats [37]. Glutamine in particular
seems to mediate some of the anti-inflammatory effects of exercise.

4.3. Amino acids and vascular health

Metabolites seem to have predictive value for CV disease risk [38].
Amino acids are, among other mechanisms, involved in processes
regulating oxidative stress [39] and nitric oxide [40]. These processes
play a central role in the pathogenesis of atherosclerosis [41]. Our study
showed that metabolites explained 20% of macro- and 23% of micro-
vascular variation. In addition, all amino acids showed significant cor-
relations with the macro- or microvascular biomarker. Welsh et al. have
previously shown that amino acids improved the risk classification for
macro- and microvascular events in diabetic patients [13]. Previous
studies highlighted the protective role of amino acids in endothelial cell
(EC) senescence [42]. Glutamine seems to be an essential energy source
for ECs [42]. Low glutamine concentrations in CV risk patients may be
one reason for macro- and microvascular dysfunction, reflected by
higher PWV and a lower AVR in our study. CV risk factors affect circu-
lating amino acid concentrations, which may consequently contribute to
vascular end organ damage. Circulating glutamine concentrations are,
in large part, determined by the individual CV risk profile (45%).
Tryptophan concentrations, on the other hand, are associated with the
CV risk profile to a much lesser extent (10%). In addition, tryptophan
showed only weak associations with microvascular phenotype. These
findings point to a metabolic fingerprint that links specific metabolites
with CV risk factors and vascular health. For example, we found high
glutamine concentrations in the lowest risk group with a stepwise
decrease in risk group II-IV. In addition, we showed strong associations
of high glutamine levels with a beneficial macro- and microvascular
phenotype (PWV and AVR).

4.4. Acetate, cardiovascular risk and vascular health

Acetate is a short-chain fatty acid involved in various metabolic
processes [43,44]. Previous studies already reviewed several important
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pathways through which acetate is involved in metabolic health. Higher
systemic acetate levels may positively affect insulin sensitivity, oxida-
tive capacity, satiety, and improve adipose tissue function that leads to
an antilipolytic and anti-inflammatory effect [43,44]. Interestingly, we
found decreasing circulating acetate levels with increasing CV risk. CV
risk factors explained the variation of acetate by 15%. In addition, ac-
etate was negatively associated with body mass and WC even in our
heterogeneous CV risk cohort. It has previously been demonstrated that
acetate seems to play an important role in weight control trough
different pathways [45]. It has been reported that serum acetate may
positively correlate with LDL cholesterol in men [46], which seems to
confirm our finding of a positive association of acetate with LDL levels.
Studies investigating associations of acetate and vascular health are
scarce. We found a negative association of acetate with PWV. Previous
studies showed lower acetate concentrations in postmenopausal women
with carotid artery calcification [47] and in myocardial ischemia pa-
tients without stenosis [48] compared to controls.

4.5. Total lipoprotein-bound lipids

Dyslipidaemia is known as a CV risk factor related to atherosclerotic
cardiovascular disease [49]. Although the PCA and O-PLS-DA analysis
showed statistically significant differences between our CV risk groups,
these differences were not confirmed by univariate analysis. In addition,
we found no evidence for an association of total lipoprotein-bound lipids
with triglyceride, HDL or LDL. Even if all CV risk factors together
explained 17% of total lipoprotein-bound lipids variation, triglyceride,
HDL and LDL explained only up to 3% of the total lipoprotein-bound
lipids variation. Our approach did not include the analysis of
non-HDL, apoA or apoB, even though previous studies showed their
potential to sensitively detect long-term risk of atherosclerotic cardio-
vascular disease [50,51]. We therefore recommend to perform deeper
analyses of the entire lipoprotein profile in future studies, including the
quantification of lipid distribution within lipoprotein sub-classes, to
allow for further differentiation of CV risk [52].

4.6. Strength and limitations

This study aimed to investigate associations of CV risk factors with
metabolites and vascular health. We have previously shown a potential
epigenetic link of how p66°™ gene expression, a determinant of oxida-
tive stress, might determine microvascular health [53,54]. However, it is
still not well understood how CV risk factors mechanistically determine
vascular phenotypes. The metabolites presented in this work appear to
be potential mediators of the effects of classical CV risk factors on
vascular end organ damage, however, longitudinal studies are essential
to investigate the predictive value of metabolic profiling on CV disease
development. Only a small fraction of lipids remained after methanol
extraction that we combined with total lipoprotein-bound lipids. Un-
fortunately, it was not possible to extract lipoproteins or lipid subclasses
based on these samples. Further studies need to analyse changes in li-
poprotein profiles using NMR-based lipoprotein sub-class analysis. The
CV risk factor distribution in our cohort was very heterogenic, which did
not allow for subgroup analysis of patients diagnosed, for example, with
diabetes or hypertension only. Even if we found strong evidence for an
association of CV risk factors and metabolites, the group differences
between risk groups II to IV were not statistically significant. This might
be explained by the heterogeneity of the CV risk factor distribution and
the small risk difference between the groups.

4.7. Conclusions

Metabolic profiling has the potential to improve CV risk stratifica-
tion. It may help better understand some of the underlying metabolic
mechanisms of atherosclerotic disease development. Our findings help
justify future preventive strategies to target specific metabolites and
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thereby reduce CV risk and associated vascular disease. This study
demonstrated a higher heterogeneity of the metabolic profile with
increasing CV risk and a strong association of CV risk factors with
circulating metabolites. These circulating metabolites may mediate
some of the detrimental effects of CV risk factors on macro- and
microvascular health. More integrated longitudinal research is war-
ranted to disentangle the complex interrelation of clinical CV risk, un-
derlying metabolic profiles and vascular end organ damage. Metabolic
profiling may have added value for CV risk stratification and potentially
affect clinical decision making. Integration of metabolic profiling in CV
risk assessment may potentially enable a more translational approach,
from CV risk to metabolites to vascular end organ damage.
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