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Abstract: Mass spectrometry (MS) and nuclear magnetic resonance (NMR) spectroscopy techniques
have been used extensively for metabolite profiling. Although combining these two analytical modal-
ities has the potential of enhancing metabolite coverage, such studies are sparse. In this study we test
the hypothesis that combining the metabolic information obtained using liquid chromatography (LC)
MS and 1H NMR spectroscopy improves the discrimination of metabolic disease development. We in-
duced metabolic syndrome in male mice using a high-fat diet (HFD) exposure and performed LC-MS
and NMR spectroscopy on plasma samples collected after 1 and 8 weeks of dietary intervention. In an
orthogonal projection to latent structures (OPLS) analysis, we observed that combining MS and NMR
was stronger than each analytical method alone at determining effects of both HFD feeding and time-
on-diet. We then tested our metabolomics approach on plasma from 56 individuals from the Malmö
Diet and Cancer Study (MDCS) cohort. All metabolic pathways impacted by HFD feeding in mice
were confirmed to be affected by diabetes in the MDCS cohort, and most prominent HFD-induced
metabolite concentration changes in mice were also associated with metabolic syndrome parameters
in humans. The main drivers of metabolic disease discrimination emanating from the present study
included plasma levels of xanthine, hippurate, 2-hydroxyisovalerate, S-adenosylhomocysteine and
dimethylguanidino valeric acid. In conclusion, our combined NMR-MS approach provided a snap-
shot of metabolic imbalances in humans and a mouse model, which was improved over employment
of each analytical method alone.

Keywords: metabolomics; LC-MS; NMR; plasma; biomarkers

1. Introduction

Obesity is associated with increased risk of developing cardio-metabolic pathology,
including fatty liver disease, type 2 diabetes mellitus (T2D), hypertension, myocardial
infarction, stroke, musculoskeletal disease, depression, dementia and various types of
cancers [1]. Metabolomics affords the measurement of many metabolites, the abundance of
which in biological specimens is a proximal reporter of disease and/or therapeutics [2,3].
Hence, the use of metabolomics tools to profile metabolic shifts in obesity could provide
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insight into metabolite signatures characteristic of obesity [4]. Metabolic shifts induced by
obesity across the various organs are reflected in the plasma metabolome [5,6].

Mass spectrometry (MS) and proton nuclear magnetic resonance (1H-NMR) spec-
troscopy constitute the primary analytical technologies used in metabolomics-based stud-
ies [7]. MS is a highly sensitive method for the detection of metabolites in biological samples
(concentrations 10–100 nmol/L), although signal detection is affected by the nature of the
experimental conditions and instrumental settings, thus requiring quantification through
the employment of numerous metabolite standards [7,8]. On the other hand, despite its
lower sensitivity (>1 µmol/L) and selectivity (peak overlapping), the employment of NMR
spectroscopy for metabolomics studies offers the advantage of relatively simple sample
processing, non-destructive character, high reproducibility [7,9] and predictable proportion-
ality between signal and the concentration of nuclei within molecules of the sample [7,10].
Besides the quantitative analysis of metabolites, NMR spectra can be used as a fingerprint
of metabolite concentrations that report the systemic metabolic status.

We aimed at testing the power of combining 1H-NMR spectroscopy and MS for
determining plasma metabolome alterations in a diet-induced obesity mouse model that de-
velops metabolic syndrome [11]. After having developed the NMR-MS combined approach,
we tested the metabolome analysis on diabetic and non-diabetic individuals recruited for
the Malmo Diet and Cancer Study [12].

2. Materials and Methods
2.1. Animals

Experiments were performed according to EU Directive 2010/63/EU, approved by the
Malmö/Lund Committee for Animal Experiment Ethics (5123/2021), and are reported fol-
lowing the ARRIVE guidelines (Animal Research: Reporting In Vivo Experiments, NC3Rs
initiative, UK). C57BL/6J mice (8 weeks old) were purchased from Taconic Biosciences
(Köln, Germany) and housed in groups of 2–5 animals on a 12 h light-dark cycle with
lights on at 07:00, room temperature of 21–23 ◦C and humidity at 55–60%. Because of the
important sex dimorphism that we observed in diet-induced obesity in mice (e.g., [13–15]),
this study used only males. After habituating to the facility for 1 week, mice were randomly
assigned to being fed either a high-fat diet (HFD) containing 60% kcal of saturated fat
with a total energy of 5.21 kcal/g (D12492, Research Diets, New Brunswick, NJ, USA) or a
composition-matched control diet (CD) containing 10% kcal of saturated fat with a total
energy of 3.82 kcal/g (D12450J, Research Diets) for a duration of 1 or 8 weeks [15]. Gross
food consumption was measured by weighing the amount of food added weekly and that
remaining uneaten. Caloric intake tended to be higher in mice fed the HFD. Namely, caloric
intake in kcal/mouse/day (cage average, n = 2) was 9.3 ± 1.0 for CD and 11.5 ± 2.3 for
HFD at 1 week, and 9.8 ± 0.1 for CD and 10.7 ± 1.0 for HFD across 8 weeks. Severity
of metabolic syndrome was evaluated with a glucose tolerance test (GTT) conducted as
previously detailed [14]. In brief, after 6 h fasting, blood from the vena saphena was collected
to determine plasma insulin using ELISA (#10-1247-10, Mercodia, Uppsala, Sweden), and
tail-tip glucose was measured before and 2 h after intraperitoneal administration of glucose
(2 g/kg). Metabolic characteristics of the mice (Figure 1A–D) were in general agreement
with those in previous studies [11,15]. More specifically, HFD-fed mice in this study de-
veloped obesity with glucose intolerance, but not hyperinsulinaemia, when compared to
CD-fed mice.

2.2. MDCS Cohort Description

All participants provided written informed consent and the study was approved by
the Ethics Committee of Lund University, Lund, Sweden (LU 51-90). Between the years
1991 and 1996, a prospective, population-based study, “The Malmo Diet and Cancer Study”
(MDCS), was conducted in the city of Malmö, Sweden, which has been previously de-
scribed [12]. The study included anthropometrical measurements, blood sample donations
and questionnaires at the baseline examination (n = 30,447). All subjects born between
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1926–1945 and living in Malmö were invited to participate. In order to study cardiovascular
risk factors and early atherosclerosis by collecting data on anthropometry, blood samples
and ultrasound of the right carotid artery, a sample of the study population (n = 6103) was
randomized into a sub study, “The Malmö Diet and Cancer Cardiovascular Cohort”. MS
metabolomics has been conducted on this population (e.g., [5,6]). Citrated plasma from the
baseline examination (1991–1996) was available. A total of 28 subjects with and 28 subjects
without prevalent diabetes at the baseline examination were randomly selected for this
combined NMR-MS exploratory study. Four samples were only used for MS analysis and
not available for NMR spectroscopy. Samples from 6 subjects were excluded from NMR
analyses after quality control assessment, resulting in a total sample size of 23 individuals
in each group (Figure 1E, Table 1).
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Figure 1. Metabolic characteristics of CD and HFD-fed mice (A–D), and MDCS subject recruitment
and sample selection (E). Body weight was larger for HFD than CD-fed mice (A). Blood glucose
concentrations (B) were increased in HFD-fed mice for 1 week. Plasma insulin concentrations
(C) were increased in HFD-fed animals for 8 weeks. Glucose clearance in a glucose tolerance test
(GTT) was reduced by HFD feeding for 1 and 8 weeks, as evidenced by both increased areas under the
curve (AUC) of the GTT (D). Data is shown as mean ± SD. Bar graphs are overlaid onto individual
data points, with triangles and circles indicating CD and HFD mice, respectively. Asterisks above
data-points indicate significant differences relative to CD-fed mice as indicated (* p < 0.05, ** p < 0.01,
*** p < 0.001), based on Fischer’s LSD post hoc comparison after significant effects ANOVA.

2.3. 1H-NMR

Mice were sacrificed under brief isoflurane anaesthesia, trunk blood was collected into
heparinized tubes and plasma was stored at −80 ◦C. Mouse and human plasma metabolites
were extracted as previously described [15]. Briefly, plasma and methanol were mixed at
1:3, vortexed and sonicated on ice for 30 min. After centrifugation at 13,000× g and 4 ◦C for
30 min, supernatants were dried in a Savant SpeedVac (Thermofisher Scientific, Göteborg,
Sweden) concentrator operating at room temperature. Dried samples were dissolved in
600 µL of deuterium oxide in 100 mmol/L sodium phosphate buffer, pH 7.4, with 0.01%
NaN3. Sodium fumarate (0.3 µmol) was added as internal standard, and samples were
transferred into 5 mm Wilmad NMR tubes (Sigma-Aldrich, Taufkirchen, Germany). For
mouse plasma, 1H-NMR spectra were acquired on an 11.7 T Varian VNMRS spectrometer
equipped with a 5 mm PFG-TRP probe (Agilent technologies, Santa Clara, CA, USA) and
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using a Carr–Purcell–Meiboom–Gill sequence with water suppression, spectral width of
8 kHz, acquisition time of 2 s, relaxation delay of 10 s and 520 acquisitions. For human
plasma, 1H-NMR spectra were acquired on a Bruker Avance III HD 14.1 T spectrometer
equipped with a standard TCI cryoprobe using the ZGPR pre-saturation pulse sequence
for water suppression with spectral width of 9 kHz, 3 s acquisition time and a relaxation
delay of 22 s. The number of acquisitions varied according to initial plasma volume to
attain similar signal-to-noise ratios (ranging from 194–522).

Table 1. Characteristics of subjects in the present study.

No Diabetes (n = 23) Diabetes (n = 23) p-Value

Sex, female n (%) 15 (65%) 14 (61%) n.s.

Obesity, BMI > 25 n (%) 2 (9%) 9 (39%) 0.016

Age (years) 60 ± 6 61 ± 5 n.s.

BMI (kg/m2) 25.2 ± 3.4 29.4 ± 5.9 0.015

Waist circumference (cm) 80 ± 11 95 ± 14 <0.001

Systolic BP (mm Hg) 152 ± 18 156 ± 23 n.s.

Diastolic BP (mm Hg) 90 ± 8 90 ± 9 n.s.

Fasting glucose (mmol/L) 5.2 ± 0.5 9.3 ± 3.3 <0.001

Fasting Insulin (µU/mL) 6.4 ± 3.1 13.2 ± 7.6 <0.001

HOMA-IR 1.6 ± 1.0 5.0 ± 3.3 <0.001

HbA1c (%) 4.9 ± 0.4 7.2 ± 1.9 <0.001

Cholesterol (mmol/L) 6.3 ± 1.1 6.1 ± 0.6 n.s.

Triglycerides (mmol/L) 1.4 ± 0.8 1.9 ± 1.0 n.s.

HDL (mmol/L) 1.3 ± 0.3 1.2 ± 0.3 n.s.

LDL (mmol/L) 4.3 ± 1.0 4.1 ± 0.7 n.s.

CRP (mgl/L) 0.31 ± 0.36 0.48 ± 0.32 a 0.025
Data is mean ± SD, unless otherwise stated; a 2 samples missing; abbreviations: BMI, body-mass index; BP,
blood pressure; CRP, C-reactive protein; HbA1c, glycated hemoglobin; HDL, high-density lipoprotein; HOMA-IR,
Homeostatic Model Assessment for Insulin Resistance; LDL, low-density lipoprotein. p-values were estimated
from Mann–Whitney or χ2 tests, where appropriate. p > 0.05 denoted as non-significant (n.s.).

NMR spectra were processed in MATLAB 2021b (MathWorks, Natick, MA USA) us-
ing the General NMR Analysis Toolbox (GNAT) [16]. After alignment of the fumarate
peak to 6.5 ppm and phase adjustment, the real part of the spectra (spectral points
between 0 and 12 ppm) was saved for analysis. After aligning spectra using fumarate as
reference, we removed spectral points corresponding to chemical shifts of residual water
(mouse: 4.65–5.16 ppm; human: 4.55–5.16 ppm), methanol (3.32–3.35 ppm), fumarate
reference peak (6.45–6.58 ppm) and citrate (only in human plasma: 2.47–2.68 ppm). Spectral
points were normalized to the total spectral area. Peaks were identified by detection of local
maxima, and these spectral points were used for subsequent analysis. Retained data points
were then thresholded at 2-fold the noise level measured between 0 and 0.2 ppm. Any
chemical shift with more than 50% of spectral points below the threshold was discarded.

Spectral points were assigned to metabolites with Chenomx NMR Suite 9.0 (Chenomx,
Edmonton, AB, Canada) and previous publications [8,10,17–20] (Supplementary
Figures S1 and S2).

2.4. Mass Spectrometry (MS)

Plasma metabolites were extracted with the addition of six volumes of a methanol:water
4:1 (v:v) mixture containing stable isotope-labelled internal standards from Cambridge
Isotope Laboratories (Andover, MA, USA), as in previous studies [5,6]. After 30 min of
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incubation, the samples were centrifuged for 20 min at 14,000× g and the supernatants
were transferred to glass vials. Extracted samples were separated on an Acquity UHPLC
BEH Amide column (1.7 µm, 2.1 mm × 100 mm, Water Corporation, Milford, MA, USA)
prior to MS analyses in a UHPLC-QTOF-MS System (Agilent 1290 LC, 6550 MS). Solvent
A consisted of H2O, with 10 mmol/L ammonium formate and 0.1% formic acid. Solvent
B consisted of acetonitrile with 0.1% formic acid. Gradient separation was performed as
follows: 0–3 min, 100–95% B; 3–6 min, 95–80% B; 6–13 min, 80–70% B; 13–14 min, 70–40%
B; 14–16 min, 40%; 16–17 min, 100% B. The flow rate was 0.4 mL/min and the sample
injection volume was 2 µL. The auto-sampler was kept at 16 ◦C. Mass spectrometry was
performed in positive electrospray ionization. The sheath gas temperature was set at 350 ◦C
and the sheath gas flow at 12 L/min. The drying gas flow was 14 L/min and was delivered
at 200 ◦C. The mass spectra were acquired at a rate of 1 spectrum/s and the mass range
was set to 50–1000 m/z. MS/MS data was acquired at 20 eV and an isolation width of
1.3 m/z. Pooled plasma samples were used as quality controls and injected after every five
analytical samples and run at the beginning of each batch, in order to capture analytical
drift and condition the column to maintain high repeatability. Quality control samples
were used to calculate the technical variation of the measurements.

Metabolites were annotated either by correct matching of MS/MS fragmentation and
m/z with The Human Metabolome Database (HMDB) [21] and METLIN [22] (level 2 anno-
tation), or by matching chromatographic retention time, m/z and MS/MS fragmentation
with in-house metabolite library, consisting of synthetic standards (level 1 annotation).
Level 1 and level 2 annotations correspond to annotation confidence as defined by the
Metabolomics Standards Initiative [23]. Information about all annotated metabolites is
included in Supplementary Table S1.

Data pre-processing was performed using the Find by Formula (FbF) algorithm in
Mass Hunter Profinder B.06.00 (Agilent). FbF uses lists of known molecular formulae and
retention times to extract metabolite spectra from mass spectrometry raw data. Allowed ion
adducts included (M+H)+ and (M+NH4)+. Using low-order, nonlinear, locally estimated
smoothing functions to create correction curves, metabolites’ intensities were normalized
based on the measurement of metabolites in quality control samples [24].

2.5. Data Analysis

Z-scores of processed NMR spectral points and MS metabolite concentrations were
analysed in SIMCA v.17.0.2 (Umetrics, Umeå, Sweden) via automated orthogonal pro-
jection to latent structures (OPLS) regression for diet and time-on-diet (mice), or for dia-
betes prevalence (humans). Cross-validation was used to infer on the predictive power
of each OPLS model. OPLS regression models were validated using permutation tests
(100 permutations for each Y variable). Variable importance in projection (VIP) scores
greater than 1 were considered important for the projection of the OPLS regression model.
OPLS model quality was assessed using the cumulative R2 (fraction of Y variation mod-
elled) and cumulative Q2 (fraction of Y variation predicted by the model) obtained from
SIMCA.

Variables with VIP > 1 were used for pathway analysis of NMR alone, MS alone and
combined NMR-MS data in MetaboAnalyst 5.0 [25], using both the Kyoto Encyclopedia
of Genes and Genomes (KEGG) and the Small Molecule Pathway Database (SMPDB) as
pathway libraries [26,27]. When multiple NMR spectral points were available, that with
the highest VIP score was used for pathway analysis. MetaboAnalyst computes a P-value
for the difference of each metabolic pathway (a group of functional-associated metabolites),
rather than each metabolite alone, and employs a pathway topology analysis to determine
the pathway impact score, which represents the importance of a given pathway in relation
to the global metabolic network. False-discovery rate (FDR) was used to compute adjusted
P-values for false positives in the pathway analysis. Outcomes from all MetaboAnalyst
analyses are provided in supplementary documents S1 and S2).
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ANOVA for diet, time and their interaction for the characterization of mouse metabolic
phenotype, Student t-tests, Mann–Whitney tests and Pearson correlation analyses were
performed in Prism 9.3.0 (GraphPad, San Diego, CA, USA). Given the exploratory nature
of the MDCS analysis, Pearson correlations were not corrected for multiple testing.

3. Results
3.1. Plasma Metabolomics in HFD-Fed Mice

The OPLS regression applied to NMR data generated a model composed of two
predictive components and one orthogonal component with cumulative R2 = 0.712 and
Q2 = 0.432 (Figure 2A). OPLS model validation via permutation analysis resulted in
R2 = 0.470 and Q2 = −0.389 for time-on-diet, and R2 = 0.524 and Q2 = −0.302 for diet
effect.
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Figure 2. Multivariate data analysis using OPLS regression on samples from HFD and CD-fed mice.
Plots showing group separation in the OPLS score space for analysis of 1H-NMR spectroscopy data
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(A), metabolite concentrations from MS (B) and their combination (C). Ellipses in score plots
(A–C) represent Hotelling’s T2 (95%). (D) Typical response permutation test plot (n = 100) for
the OPLS model in (C). (E) R2 and Q2 values corresponding to y-axis intercepts are represented for
OPLS models in (A–C). (F) VIP scores estimated from OPLS model in (C) for all MS-determined
metabolites and NMR spectral points, and expansion of the top 50 variables with highest VIP score,
that is, the 50 strongest discriminating variables. Calculated z-score difference between HFD and CD
at either 1 and 8 weeks is shown along the respective VIP score, with positive and negative values
indicating HFD-induced increase and decrease concentration, respectively. Variables with z-score
differences close to zero are likely associated with temporal changes (time-on-diet).

OPLS regression of MS-measured metabolites generated a model composed of two
predictive components and two orthogonal components with cumulative R2 = 0.899 and
Q2 = 0.815 (Figure 2B). Model validation via permutation analysis revealed R2 = 0.461 and
Q2 = −0.647 for time-on-diet, and R2 = 0.471 and Q2 = −0.598 for diet effect.

OPLS regression applied to NMR and MS data together resulted in improved sepa-
rations of the four experimental groups using a model composed of two predictive and
five orthogonal components with R2 = 0.964 and Q2 = 0.687 (Figure 2C). Model valida-
tion via permutation analysis resulted in R2 = 0.885 and Q2 = −0.564 for time-on-diet,
and R2 = 0.896 and Q2 = −0.420 for diet effect (Figure 2D), which represent an improved
outcome when compared to each dataset analysed alone (Figure 2E).

Altogether, we identified 160 NMR and MS variables with a VIP score above 1
(Figure 2F). From these, some of the top scoring metabolites included (metabolites from
NMR with ppm in parenthesis): xanthine, hippuric acid, 2-hydroxyisovalerate (2-HIV;
0.827 ppm), ergothioneine, caprylate (0.853 ppm), 1-methylnicotinamide, glucose (3.700 ppm), 2-
hydroxybutyrate (0.889 ppm), isobutyrylcarnitine, S-adenosylhomocysteine (4.351 ppm), in-
doxylsulfuric acid, 2-hydroxy-3-methylvalerate and/or caprate (0.849 ppm), ethylmalonate
(0.886 ppm), isovalerate (0.900 ppm) and hydroxycaproic acid (Figure 2F). Not surprisingly,
HFD-induced metabolic alterations were larger after 8 weeks than after 1 week of treatment,
as inferred from z-score differences between HFD and CD (Figure 2; see also Supplementary
Figure S6).

Group average z-scores from metabolites with VIP > 1 in the OPLS regression result-
ing from NMR and MS combined were then used for pathway analysis in MetaboAnalyst
(Supplementary Document S1). For this, we used both the KEGG database (Figure 3) and
the SMPDB database (Supplementary Figure S1). Purine metabolism appeared strongly
affected in mice exposed to HFD for 1 week, relative to CD. Pathways of amino acid
metabolism and cellular fuelling (that is, energy metabolism) also appear to be impacted by
HFD (Figure 3A). However, only purine metabolism is significant after correction for multi-
ple analyses (Figure 3B). After 8 weeks of HFD feeding, diet had further effects on other
pathways, and purine metabolism became less prominently affected. Namely, HFD feeding
for 8 weeks significantly impacted nicotinate and nicotinamide metabolism, pantothenate
and coenzyme-A biosynthesis, the degradation of valine, leucine and isoleucine and the
metabolism of cysteine and methionine (Figure 3C,D; Supplementary Figure S3). Notably,
the combination of MS+NMR data for metabolic pathway analysis allowed the discov-
ery of more pathways than using data from either technique in separate (Supplementary
Figure S4).

3.2. Plasma Metabolomics in Individuals with Type 2 Diabetes

OPLS regression of NMR and MS data from individuals in the MDCS was composed of
one predictive component and six orthogonal components with cumulative R2 = 0.479 and
Q2 = 0.381. Plasma samples of diabetic and non-diabetic subjects are partially discriminated
within the OPLS scoring space (Figure 4A). The model validation via permutation analysis
performed for the response variable (diabetes versus no diabetes) resulted in R2 = 0.288
and Q2 = −0.274 (Figure 4B). We obtained 252 NMR and MS variables with VIP > 1, which
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included many chemical shifts corresponding to glucose signals in NMR spectroscopy
(Figure 4C). Besides glucose, the metabolites with the highest VIP scores were from NMR
spectroscopy and included (chemical shift in parenthesis): saccharopine (3.731 ppm), gluta-
mate + chlorogenate (2.020 ppm), glucose + saccharopine (3.741 ppm), 3-methylhistidine
(3.260 ppm), N6-acetyl-L-lysine (1.390 ppm), glutamate + glutamine (2.087 ppm), N6-
acetyl-L-lysine + Alloisoleucine (1.421 ppm), sucrose (3.811 ppm), glutathione (2.958 ppm),
glycylproline (1.969 ppm), N-α-acetyl-L-lysine (2.968 ppm), glutamate (2.041 ppm), 2-
oxoisocaproate (2.070 ppm), lysine (1.883 ppm), N-acetylcysteine (2.049 ppm), isoleucine
(1.497 ppm), arginine (1.657 ppm), 3-hydroxyisobutyrate (1.057 ppm), 4-hydroxybutyrate
(3.578 ppm), butyrate (1.547 ppm), glycocholate (1.064 ppm), NADPH (4.049 ppm), me-
thionine (2.153 ppm), 3,5-dibromotyrosine (2.872 ppm), 2-oxocaproate (1.560 ppm), 5-
hydroxylysine (1.550 ppm), lysine + arginine (1.725 ppm), UMP (3.970 ppm), glutamine
(2.141 ppm), alloisoleucine (1.336 ppm) and dimethylglycine (2.859 ppm).
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Figure 3. Metabolic pathway analysis after 1 week (A,B) and 8 weeks (C,D) of HFD intervention.
MetaboAnalyst with the KEGG database was used to analyse z-scores from metabolites with VIP > 1
in OPLS regression for combined MS and NMR spectroscopy data. Panels (A,C) show the pathway
impact determined using MetaboAnalyst and respective significance (p-values). Graphs in panels
(B,D) include significant findings, that is pathways with unadjusted p < 0.05. Orange symbols and
blue bars represent number of hits (metabolites analysed in that pathway) and −log10(P), respectively.
Bars highlighted with black border indicate pathways in which significance survives false discovery
rate (FDR) correction. Pathways with impact score = 0 are not represented in (A,C) but are listed in
(B,D). Dashed lines in panels (A,C) indicate p = 0.05.

Pathway analysis in MetaboAnalyst (Supplementary Document S2) revealed that T2D
affects 40 out of the 43 metabolic pathways in the KEGG database (Figure 5), which include
all pathways identified in as significantly changing upon HFD feeding in mice. We obtained
similar findings when using the SMPDB database (Supplementary Figure S4).
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Figure 4. Multivariate data analysis using OPLS regression on samples from individuals with and
without diabetes. (A) Plot showing group separation in the OPLS score space for the combined
analysis of 1H-NMR spectroscopy data and metabolite concentrations from MS. (B) Response per-
mutation test plot (n = 100) for the OPLS model in (A). (C) VIP scores estimated from OPLS model
in panel (A) for all MS-determined metabolites and NMR spectral points, and expansion of the top
50 variables with highest VIP score, that is, the 50 strongest discriminating variables, along with
calculated z-score difference between individuals with and without diabetes. Ellipse in score plot (A)
represents Hotelling’s T2 (95%).

Finally, we set to conduct a cross-sectional analysis of MDCS data for 34 NMR chemical
shifts and MS-measured metabolites. These variables were selected based on the magnitude
of concentration changes after either 1 or 8 weeks of HFD exposure in mice, as ascertained
from significance in t-tests applied (Supplementary Figure S5). From those metabolites,
not all were detectable in human plasma. Correlation analysis revealed associations be-
tween metabolite levels and metabolic syndrome parameters (Figure 6). Interestingly,
impaired glucose homeostasis, which was depicted by glycosylated haemoglobin (HbA1c),
glucose, insulin and/or HOMA-IR, correlated positively with plasma glucose concentra-
tions and negatively with taurine, S-adenosylhomocysteine (SAH), NADP+, caprylate,
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arginine, alanine and 2-HIV. Although less significant, obesity depicted by body mass
index (BMI) and/or waist circumference correlated positively with levels of lactate, kynure-
nine, homoarginine, glucose and dimethylguanidino valeric acid (DMGV), and negatively
with 2-hydroxyisovalerate (2-HIV). Dyslipidaemia (levels of cholesterol, TAG, HDL and
LDL) also showed correlations with the concentrations of trimethyllysine, taurine, SAH,
L-targinine, kynurenine, hippurate, glucose, DMGV and 2-HIV.
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Figure 5. Metabolic pathway analysis depicting the impact of diabetes on systemic metabolism.
MetaboAnalyst with the KEGG database was used to analyse z-scores from metabolites with VIP > 1
in OPLS regression for combined MS and NMR spectroscopy data. (A) Pathway impact determined
using MetaboAnalyst and respective significance (p-values). (B) Significant findings after false
discovery rate adjustment (adjusted p < 0.05; bars) and respective number of hits (metabolites
analysed in that pathway; symbols). Pathways with impact score = 0 are not represented in (A) but
are listed in (B). Dashed line in panel A indicates p = 0.05, and labels are as follows: 1—pyrimidine
metabolism; 2—histidine metabolism; 3—alanine, aspartate and glutamate metabolism; 4—cysteine
and methionine metabolism; 5—glutamine and glutamate metabolism; 6—glutathione metabolism;
7—arginine and proline metabolism; 8—arginine biosynthesis.
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Figure 6. Cross-sectional analysis of selected variables in plasma from human subjects with and
without T2D. (A) Exploratory Pearson correlations between metabolic syndrome parameters and
metabolic variables in MS and NMR selected from the mouse study. p-values were not corrected
for multiple comparisons. (B–E) Examples of correlation plots between metabolic syndrome pa-
rameters and NMR/MS variables. Abbreviations: BMI, body mass index; CRP, C-reactive protein;
DMGV, Dimethylguanidino valeric acid; DBP, diastolic blood pressure; HDL, high-density lipopro-
tein; 2-HIV, 2-Hydroxyisovalerate; HOMA-IR, homeostatic model assessment for insulin resistance;
LDL, low-density lipoprotein; SAH, S-Adenosyl-L-homocysteine; SBP, systolic blood pressure; TAG,
triacylglycerols.

4. Discussion

The combination of MS and NMR spectroscopy has been proposed to improve the
overall quality of metabolomic studies by augmenting the coverage of the metabolome,
although hitherto there are limited studies effectively combining the two analytical methods
for metabolomics in the medical field [28–30]. In the present work, we demonstrate that the
NMR-MS combined approach improves the sensitivity for determining plasma metabolome
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alterations in a diet-induced obesity mouse model that develops metabolic syndrome. In
fact, OPLS regression applied to NMR and MS data together resulted in improved group
separation regarding both HFD exposure, and time-on-diet (or age), relative to analysis of
data from each analytical technique separately (see Figure 2). The top three metabolites that
appeared to drive metabolic syndrome during HFD exposure were xanthine, hippurate
and 3-hydroxyisobutyrate.

After 1 week of HFD exposure, xanthine concentration already appeared decreased in
the mouse plasma. In contrast to our finding, HFD exposure in mice was reported to in-
crease xanthine levels in urine of obesity-prone but not obesity-resistant mice
(Wei et al., 2021). Xanthine is a diet-derived compound, namely following the metabolism
of compounds like caffeine, theobromine and theophylline, and is also considered to be a
host-microbiome co-metabolite. Accordingly, Wei et al. proposed that elevated urinary xan-
thine was triggered by increased abundance of gut bacteria of the genera Bifidobacteriaceae,
Roseburia and Escherichia [31]. However, none of these genera was found to associate with
xanthine in human plasma in the GutsyAtlas data [32]. The reduced xanthine concentra-
tions upon HFD exposure are more in line with reports of increased activity of the purine
catabolism enzymes xanthine oxidoreductase and xanthine oxidase in serum of individuals
with obesity, metabolic syndrome and T2D [33–35]. In our study, pathway analysis indi-
cated altered purine metabolism at both 1 and 8 weeks of HFD exposure in mice, and also
in individuals with T2D. While xanthine was not observed in plasma samples obtained
from the MDCS cohort, targeted analysis of hypoxanthine and paraxanthine were found to
be correlated with metabolic syndrome parameters (see Figure 6).

Plasma hippurate concentrations were found to be reduced by HFD exposure, inde-
pendently of the exposure duration. In contrast, they did not seem to be associated with
T2D prevalence in the MDCS cohort (VIP = 0.449), and, in a targeted analysis, hippurate
was positively correlated with plasma levels of cholesterol and LDL (Figure 6). These
contrasting results might relate to microbiome differences in the human cohort and the
laboratory mouse. Indeed, hippurate was suggested as a metabolomic marker of gut
microbiome diversity and associated with increased risk of metabolic syndrome [36,37].
Interestingly, treatment of HFD-fed mice with hippurate at 20 nmol/day was reported to
improve glucose tolerance and to augment glucose-induced insulin secretion [37].

Levels of the valine derivate 2-hydroxyisovalerate (2-HIV) increased during HFD
exposure, and metabolism of branched-chain amino acids was significantly impacted
by HFD in pathway analysis. The concentration of another intermediary metabolite of
valine degradation, 3-hydroxyisobutyrate (3-HIB), was reduced after 1 week of HFD, but
increased after 8 weeks of HFD feeding (VIP = 1.286). These metabolite alterations are in
line with the known involvement of branched-chain amino acids in metabolic syndrome
and diabetes [38], which our pathway analysis found altered in both HFD-fed mice and
diabetes individuals. In a targeted analysis of variables from the MDCS cohort, 2-HIV was
found to be inversely correlated with metabolic syndrome at level of both glucose and lipid
homeostasis. In line with our findings, plasma 2-HIV levels were found to be associated
with BMI, while urinary levels of 2-HIV were associated with glycemic control [39,40].
Cobb et al. [41] and Yousri et al. [40] reported an association between 3-HIB and glycemic
control, and Mardinoglu et al. [42] reported an association of plasma 3-HIB levels with
T2D. Moreover, this metabolite appears to be an adipocyte metabolism regulator and to be
involved in obesity development, since it modulates insulin-dependent glucose uptake,
increases fatty acid accumulation and reduces mitochondrial respiration [43].

S-Adenosylhomocysteine (SAH) was found to be increased in HFD-fed mice at both
1 and 8 weeks. Furthermore, in the targeted analysis of the MDCS cohort, SAH seemed
associated with a healthy metabolic phenotype, since it negatively correlated with parame-
ters of impaired glucose homeostasis and dyslipidemia (see Figure 6). SAH is produced
during methylation reactions, and it can be hydrolysed to adenosine and homocysteine [44].
Adenosine is acknowledged to have cytoprotective properties, namely by acting on the
abundant adenosine A1 receptors; alterations of adenosinergic signalling have been impli-
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cated in diabetes, and modulation of the adenosinergic system has been proposed as health
promotion strategy [45]. In turn, homocysteine is found increased in metabolic disease and
type 2 diabetes [46] and particularly associated with cardiovascular disease [47]. However,
healthy effects of higher SAH might be rather related to mimicking physiological effects of
caloric restriction by stimulating S-adenosylmethionine synthesis, which was proposed for
Saccharomyces cerevisiae [48].

We conducted similar OPLS analyses in samples from the animal model and from
the human cohort. In the latter, not surprisingly, the top VIP scores were dominated by
NMR chemical shifts of glucose. Nevertheless, we identified more than 200 NMR and
MS variables with VIP > 1 for identifying T2D, which then revealed alterations in about
40 metabolic pathways of the KEGG database. Metabolic pathways deemed significantly
impacted by HFD feeding in mice were also significantly altered in individuals with
diabetes, when compared to healthy controls. Other metabolites were found important in
the separation of mouse groups upon experimentally induced obesity, and their plasma
concentrations eventually showed correlation with metabolic syndrome parameters in
the MDCS cohort. For example, our targeted exploratory analysis of the MDCS cohort
showed a correlation between levels of dimethylguanidino valeric acid (DMGV), obesity
and dyslipidemia, which confirms the previously reported association with hepatic fat
accumulation [49]. Interestingly, DMGV is also associated with some degree of resistance
to metabolic benefits of physical exercise [50]. In our point of view, a strength of this study
is the translational approach that allows us to test the findings from the mouse study in
plasma obtained from the MDCS cohort.

An important limitation of our study is the sample size. However, this study was meant
be an exploration of the potential of the NMR-MS combined approach for metabolomics in
metabolic syndrome and diabetes, which was successfully demonstrated. Furthermore, the
mouse study has focused only on male mice, which precludes the analysis of sex-specific
differences in metabolic regulation and disease susceptibility. However, the inclusion of
both sexes would reduce the statistical power of this exploratory study due to the important
sex dimorphism that we have observed in diet-induced obesity in mice [13–15].

Typically, binning of spectral segments is employed in the spectra processing pipeline,
thus reducing the number of variables for subsequent analysis [51]. This approach might
result in the loss of spectral resolution, and most importantly, loss of small signals in the
spectra. Therefore, we have opted for unbiased peak detection (local maxima) in the sum of
all spectra after chemical shift alignment. Using this approach, it is likely that peaks from
metabolites existing in small amounts are preserved for further analysis.

A disadvantage of 1H NMR spectroscopy is the complex metabolite signals and their
substantial overlap in recorded spectra. Therefore, rather than signal quantification, we
opted for an unbiased analysis of the spectral signature, thus enhancing the number of
variables for pattern recognition in OPLS. However, overlapping peaks were not used for
pathway analysis since one cannot determine which metabolite resulted in the observed
signal change. In future studies, this could be improved by acquiring 2D NMR spectra
using experiments such as total correlation spectroscopy (1H-1H TOCSY), which would
provide additional spin-system information for assigning peaks to metabolites.

5. Conclusions

Altogether, we conclude that a combined, unbiased NMR+MS approach is relevant for
metabolomics studies in the realm of metabolic disease. Despite being limited by the small
sample size of this study, this approach allowed us to better define metabolic imbalances
caused by HFD exposure in mice as early after 1 week of dietary intervention (likely before
end-organ damage is established). All metabolic alterations observed in HFD-fed mice and
many more were confirmed in individuals with diabetes.
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Supplementary Materials: The following supporting information can be downloaded at: https://www.
mdpi.com/article/10.3390/metabo13070874/s1, Document S1: output from MetaboAnalyst analysis
of mouse experiments; Document S2. output from MetaboAnalyst analysis of individuals with and
without diabetes; Table S1. List of reported metabolites from MS measurements; Figure S1. NMR
spectroscopy of human plasma at 600 MHz. The solid line represents the measured spectrum, and
the circles depict the data points taken for OPLS analysis; Figure S2. NMR spectroscopy of mouse
plasma at 500 MHz. The solid line represents the measured spectrum, and the circles depict the data
points taken for OPLS analysis; Figure S3. MetaboAnalyst results using SMPDB for HFD vs. CD in
mouse experiments. Analysis was performed on z-scores from metabolites with VIP > 1 in OPLS
regression for combined MS and NMR spectroscopy data. Top graphs show the pathway impact
determined using MetaboAnalyst and respective significance (p-values). Pathways with impact
score = 0 are not represented. Dashed lines indicate p = 0.05. Bottom graphs include significant
findings, that is, pathways with unadjusted p < 0.05. Orange symbols and blue bars represent number
of hits (metabolites analysed in that pathway) and –log10(P), respectively. Bars highlighted with
black border indicate pathways which significance survives false discovery rate (FDR) correction;
Figure S4. Comparison of MetaboAnalyst analysis of HFD vs. CD with the KEGG library using
MS+NMR data, MS data alone and NMR data alone. Orange symbols and blue bars represent number
of hits (metabolites analysed in that pathway) and −log10(P), respectively. Bars highlighted with
black border indicate pathways in which significance survives false discovery rate (FDR) correction;
Figure S5. MetaboAnalyst results using SMPDB for diabetes vs. no diabetes in MDCS samples.
Analysis was performed on z-scores from metabolites with VIP > 1 in OPLS regression for combined
MS and NMR spectroscopy data. The graphs on the left show the pathway impact determined
using MetaboAnalyst and respective significance (p-values). Pathways with impact score = 0 are not
represented; the dashed line indicates p = 0.05. Graph on the right includes pathways with adjusted
p < 0.05 (after false discovery rate correction). Orange symbols and blue bars represent number of
hits (metabolites analysed in that pathway) and −log10(P), respectively; Figure S6. Volcano plots
resulting from t-tests comparing z-scores for HFD vs. CD.
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