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• Faculty of Veterinary Medicine, Department of Translational 

Physiology, Infectiology and Public Health, Laboratory of Integrative 

Metabolomics

• 4 post-doctoral researchers, 13 PhD students and 4 technicians

Research domains:

LIMET = LABORATORY OF INTEGRATIVE METABOLOMICS

Background:

• Metabolomics and lipidomics in health and disease (incl. wildlife 

reproduction)

• Nutrimetabolomics and DNA-adductomics in the food-health axis

• Metabolomics in food analysis, environmental and biotechnological 

applications
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MATRICES & EQUIPMENT @ LIMET 

• UHPLC – ExplorisTM 120 Orbitrap HRMS
• UHPLC – Q- ExactiveTM Orbitrap HRMS
• UHPLC - QqQ MS
• HPLC - Ion Trap MS
• PDA, Fluorescence, ELSD
• REI-Q-ToF-MS (2),  iKnife and OPO laser

Investigated biological matrices:

Equipment:

• Seafood
• Insects
• Water
• Yeast

• Saliva
• Tomato
• Wheat
• Rice

• Tissue/cell lines
• Urine
• Blood
• Feces

Special focus on holistic metabolomics/lipidomics analyses



METABOLOMICS: 

55

DNA  
Genomics

Proteins  
Proteomics

RNA  
Transcriptomics

Metabolites
Metabolomics Biological

phenotype
Market Europe: CAGR = 20.8%
US$ 128.72 mio in 2021  
à US$ 484.02 mio by 2028; 

Main applications (pharma & biotech):
- Biomarker discovery
- Drug discovery
- Toxicology
- …



METABOLOMICS AND LIPIDOMICS METHODS
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HOW DO WE PERFORM METABOLOMICS?
Within my lab and in both a clinical and nutritional context, various

matrices are targeted for metabolomics analyses:

Urine BloodTissue/ 
cell lines

Frequently investigated in light of many conditions that are linked to 
GIT imbalance & direct link to diet-microbiome 

Interesting because of the interaction 
with microbiota and the diet!

Analytical methods have been developed for the
various matrices for both polar metabolites and lipids

Metabolic health

Homeostatic loss
• Allergy
• Diabetes type 2
• Metabolic syndrome
• Obesity
• IBD, IBS, Hirschsprung
• Gastrointestinal cancers
• …

SalivaFeces
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NUTRIMETABOLOMICS: STATE-OF-THE-ART
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POSSIBLE ANALYSIS TYPES
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Box 6. Different types of possible analysis for biospecimens.

Box 7. Preparation and sustainable storage of vials and containers.

metabolomics as this technology is sensitive to shifts in pH.[72]

In situations where samples are not aliquoted immediately after
collection or in situations where samples need to be thawed in
order to divide already frozen samples into smaller aliquots for
several different analyses/procedures, or for pooled QC sample
preparation, thawing samples on ice, followed by prompt redis-
tribution of the larger sample into several smaller aliquots and
prompt refreezing until analysis, should minimize any variabil-
ity that could be introduced by additional handling. Recording
this deviation from the SOP is required as such information may
later allow one to account for unexpected variance in the dataset.

3.4. Storage

In general, urine, plasma/serum and fecal samples should be
transferred into cryovials immediately after collection and kept
at −80 °C in an ultra-cold freezer or in liquid nitrogen tanks
until analysis with continuous monitoring of temperature and
storage data. In case of 24-h urine or fecal samples collected
at the volunteer’s home, when the sample collection is not
immediate as in case of plasma/serum, samples in container
should be stored in volunteer’s refrigerator at 4 °C in order to
lower enzymatic and bacterial activities. Once the collection of

Mol. Nutr. Food Res. 2019, 63, 1800384 C© 2018WILEY-VCH Verlag GmbH & Co. KGaA, Weinheim1800384 (15 of 38)
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MASS SPECTROMETRIC ANALYSIS: 
DIFFERENT APPROACHES

10

Targeted analysis Untargeted analysisSuspect analysis

Accurate mass
Retention time
Isotope profile

Accurate mass
Retention time prediction

Isotope profile

Top-down approach
Predefined list Specific Database No database



HIGH-END ANALYTICAL MS INSTRUMENTATION

• Analytical tools

11

HRMS technology

Alternatively: 
time-of-flight

Orbitrap

Analysis of a predefined  
number of target compounds: 

quantitative

Accurate mass screening of a virtually 
unlimited number of compounds: 

(semi-)quantitative

QqQ technology

Advanced
instrumentation



GENERAL MODEL FLOW FOR DATA ANALYSIS
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Box 12. General modelling flow for data analysis and selection of statistical methods.

Chapter 7 (Appendix 4, Supporting Information) provides a
review of data conversion and feature extraction methods in
MS-based metabolomics (section 7.1, Appendix 4, Supporting
Information) whereas section 7.2, Appendix 4, Supporting Infor-
mation provides the corresponding information for NMR-based
metabolomics.

8. Data Visualization, Preprocessing, and Analysis

Once the features have been extracted, the data is typically
presented in a “raw” data matrix, which normally needs to
be processed before data analysis. We refer to this phase as
preprocessing. This step encompasses several operations,
such as imputation of missing values, sample normalization,
and transformation/scaling of variables. The subsequent data
analysis includes a broad range of techniques used to extract
relevant information from the data. Nutritional studies often rely
on repeated measure designs, which can be either parallel or
crossover according to the aim of the particular experiment[157]

(see Chapter 2). Classical statistical modeling offers established
approaches to effectively manage these designs. However,
explicit inclusion of such a design or factor information in
multivariate analysis and machine learning is less established
and is still an active area of research. Regardless of whether

one is using classical or multivariate data analytical approaches,
modelling, validation, and testing are crucial aspects that have
to be carefully considered. Above all, we want to stress that the
selection of the most appropriate approaches for data analysis
and validation require an early and continuous interaction
between the data analysts and the researchers when defining
the study design and its goals. Box 12 shows tips and tricks on a
typical workflow for data analysis and statistical modeling.

8.1. Data Visualization

The efficient use of visualization tools to capture the complex-
ity of a nutritional metabolomic dataset does often not receive
sufficient attention in the design of the data analysis protocol.
However, relevant results should be clearly visible inspecting the
raw data, regardless of the complexity of the data and the anal-
ysis strategy. In particular we recommend that: i) biomarkers
should, e.g., show different concentrations in strip-plots; ii) cor-
related variables should show nonrandom patterns in xy-plots;
and iii) outliers should be clearly distinguishable from the bulk
of the data.[158,159] If these criteria are not met, an error has most
likely occurred in the data analysis pipeline. Unfortunately, it
is not always easy to visualize metabolomic datasets, especially
in complex experimental designs. First, the sheer number of
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HOW DO WE PERFORM METABOLOMICS: EX. FECES?
Extraction methods: 

MS more sensitive than NMR 
(nanomolar versus µmolar range)

• Specifically developed for faeces: both for lipids and polar 
metabolites

• Using low amounts of starting material (100-200 mg dry weight)
• Applying solid- or liquid-liquid extraction

Detection methods:
• Using UHPLC for chromatographic separation
• Using Q-ExactiveTM Orbitrap MS for detection (Exploris 120 since mid 2021)
• High-resolution full-scan events for discovery phase (70,000 FWHM)
• MS/MS events for identification purposes (17,500 FWHM)

• Methods applied in a truly untargeted (holistic) fashion
• But also a large set of analytical standards available for targeted interpretation

Method application:
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HOW DO WE PERFORM METABOLOMICS: EX. FECES?
Polar metabolomics – chemical targets:

Feces, positive ionization Feces, negative ionization 

• Amino acids
• Amines
• Other N-compounds
• Polyols
• Bile acids
• Carbohydrates
• Short chain fatty acids
• Hydroxy acids
• Multicarboxylic acids
• Monocarboxylic acids

Validated High Resolution Mass Spectrometry-Based Approach for
Metabolomic Fingerprinting of the Human Gut Phenotype
Julie Vanden Bussche,*,† Massimo Marzorati,‡ Debby Laukens,⊥ and Lynn Vanhaecke†

†Laboratory of Chemical Analysis, Ghent University, Merelbeke, 9820, Belgium
‡Laboratory of Microbial Ecology and Technology, Ghent University, Ghent, Belgium
⊥Department of Gastroenterology, Ghent University, Ghent, 9000, Belgium

*S Supporting Information

ABSTRACT: Fecal samples are an obvious choice for
metabolomic approaches, since they can be obtained non-
invasively and allow one to study the interactions between the
gut microbiota and the host. The use of ultrahigh performance
liquid chromatography hyphenated to Orbitrap high-resolution
mass spectrometry (UHPLC-Orbitrap HRMS) in this field is
unique. Hence, this study relied on Orbitrap HRMS to
develop and validate a metabolic fingerprinting workflow for
human feces and in vitro digestive fluids. After chemometric
sample extraction optimization, an aqueous dilution appeared
necessary to comply to the dynamic range of the MS. The
method was proven “fit-for-purpose” through a validation
procedure that monitored endogenous metabolites in quality control samples, which displayed in both matrices an excellent
linearity (R2 > 0.990), recoveries ranging from 93% to 105%, and precision with coefficients of variation (CVs) < 15%. Finally,
feces from 10 healthy individuals and 13 patients diagnosed with inflammatory bowel disease were subjected to metabolomic
fingerprinting. 9553 ions were detected, as well as differentiating profiles between Crohn’s disease and ulcerative colitis by means
of (orthogonal) partial least-square analysis ((O)PLS)-DA (discriminate analysis) models. Additionally, samples from the
dynamic gastrointestinal tract simulator (SHIME (Simulator of the Human Intestinal Microbial Ecosystem) platform) were
analyzed resulting in 6446 and 5010 ions for the proximal and distal colonic samples, respectively. Supplementing SHIME feed
with antibiotics resulted in a significant shift (P < 0.05) of 27.7% of the metabolites from the proximal data set and 34.3% for the
distal one. As a result, the presented fingerprinting approach provided predictive modeling of the gastrointestinal metabolome in
vivo and in vitro, offering a window to reveal disease related biomarkers and potential insight into the mechanisms behind
pathologies.

Metabolomics is a holistic method to acquire compre-
hensive insights in the functioning of a biological system,

by unbiased analysis of as many small molecules as possible.1 Its
potential is reflected by recent reports in which it is applied to
improve disease diagnosis or prognosis, understand the
mechanisms behind pathologies, and increase the under-
standing toward individual therapeutic responses.2,3 In this
context, an increasing awareness exists that many diseases,
which lead to a significant perturbation of metabolism, are
intrinsically linked to the gut functional ecology.4 Due to the
close symbiotic association, the microbiome strongly impacts
the metabolic phenotype of the host, which results in the
hypothesis that metabolic readouts can give insights into
functional metagenomic activity.5,6

These metabolic readouts can be performed trough a
targeted (profiling) or an untargeted (fingerprinting) approach.
Targeted metabolomics investigates the quantitative changes of
predefined metabolites by employing authentic analytical
standards, whereas untargeted metabolomics intends to reveal
fingerprints of all metabolites monitored or biomarkers derived

thereof. In both cases, the analytical technique requires high
specificity and sensitivity. For this reason, high-resolution mass
spectrometry-based techniques (HRMS) have become com-
mon practice in the field of metabolomics.7 Moreover, the
hyphenation of HRMS with high performance chromatography
provides the benefit of reducing potential ion suppression.3,8

An important but often forgotten aspect in metabolomic
analysis is the necessity of delivering reliable and reproducible
results. Implementing a validation procedure for as many steps
as possible in the presented workflow, i.e., sample pretreatment
and analysis, data normalization, and biostatistics,3 is therefore
mandatory. Unfortunately, specific guidelines are lacking at the
time.
Metabolomics can be applied to any biological matrix. The

most frequently used specimens for exploring systemic
alterations of metabolites in humans are serum,9 urine,10 and

Received: July 17, 2015
Accepted: October 9, 2015
Published: October 9, 2015

Article

pubs.acs.org/ac

© 2015 American Chemical Society 10927 DOI: 10.1021/acs.analchem.5b02688
Anal. Chem. 2015, 87, 10927−10934

2015

Dr. Lieven Van Meulebroek

• Fatty acyls
• Phospholipids
• Prenols
• Sterols
• Glycerolipids
• Glycerophospholipids
• Polyketides
• Sphingolipids

Lipidomics – chemical targets:

Holistic Lipidomics of the Human Gut Phenotype Using Validated
Ultra-High-Performance Liquid Chromatography Coupled to Hybrid
Orbitrap Mass Spectrometry
Lieven Van Meulebroek,† Ellen De Paepe,† Vicky Vercruysse,† Beata Pomian,† Simon Bos,‡

Bruno Lapauw,§ and Lynn Vanhaecke*,†

†Laboratory of Chemical Analysis, Department of Veterinary Public Health and Food Safety, Faculty of Veterinary Medicine, Ghent
University, Salisburylaan 133, 9820 Merelbeke, Belgium
‡Inflammatory Bowel Disease Research Unit, Department of Internal Medicine, and §Department of Endocrinology, Ghent University
Hospital, De Pintelaan 185, 9000 Ghent, Belgium

*S Supporting Information

ABSTRACT: As lipids are assigned a plethora of biological
functions, it is evident that dysregulated lipid metabolism
signifies a key element in many pathological conditions. With
this rationale, this study presents a validated lipidomics
platform to map the fecal lipidome, which integrates unique
information about host−gut microbiome interactions, gastro-
intestinal functionality, and dietary patterns. This particular
method accomplished coverage across all eight lipid categories:
fatty acyls, glycerolipids, phosphoglycerolipids, polyketides,
prenols, saccharolipids, sphingolipids, and sterols. Generic
extraction of freeze-dried feces was achieved by solid−liquid
extraction using methanol and methyl tert-butyl ether. Extracted components were separated by liquid chromatography, whereby
the selected ethylene-bridged hybrid phenyl ultra-high-performance liquid chromatography stationary phase allowed fast
separation of both individual lipid species and categories. Detection was achieved by high-resolution full-scan Q-Exactive
Orbitrap mass spectrometry and covered a broad m/z scan range (67−2300 Da). Method validation was performed in a targeted
fashion to evaluate the analytical performance across all lipid categories, revealing excellent linearity (R2 ≥ 0.9921), acceptable
repeatability (coefficients of variance ≤15.6%), and stable recovery (coefficients of variance ≤11.9%). Method suitability for
untargeted fingerprinting was verified, demonstrating adequate linearity (R2 ≥ 0.90) for 75.3% and acceptable repeatability
(coefficients of variance ≤30%) for 84.5% of about 9000 endogenous fecal compounds. Eventually, the potential of fecal
lipidomics was exemplified within a clinical context of type 2 diabetes, thereby revealing significant perturbations [orthogonal
partial least-squares discriminant analysis Q2(Y) of 0.728] in the fecal lipidome between participants with normal blood glucose
levels (n = 26) and those with type 2 diabetes (n = 17).

The chemical complexity among lipids was a major
incentive for the LIPID MAPS consortium to establish a

classification system based on eight lipid categories: fatty acyls
(FA), glycerolipids (GL), glycerophospholipids (GP), poly-
ketides (PK), prenol lipids (PL), saccharolipids (SL),
sphingolipids (SP), and sterol lipids (ST). Each category is
characterized by a profound hierarchy of classes and subclasses,
by which a total of about 40 000 biologically relevant species
have been incorporated to date.1 Following this complexity,
lipids are involved in a plethora of biological processes,
including energy homeostasis, immune response, membrane
architecture, enzyme activity, inflammation, cellular signaling,
and transduction of cellular events.2−5 Evidently, a dysregulated
lipid metabolism has been implicated in a variety of
pathological conditions such as diabetes mellitus, obesity,
Alzheimer’s disease, schizophrenia, cancer, atherosclerosis, and
multiple sclerosis.4,6−8 In-depth assessment of the biological

relevance of lipid alterations in biological systems may thus
yield valuable insights on metabolic homeostasis in relation to
human health and disease.9

On this basis, the lipidomics domain has recently emerged,
whereby the aim is to map the complete assortment of
molecular lipid species together with associated metabolic
fluxes.10 Although any biological matrix can be selected, the
most frequently used specimens to explore lipid alterations are
serum,11,12 plasma,13,14 and urine.15,16 Feces also represents an
interesting choice because of the unique link with gastro-
intestinal functionality, encompassing gut integrity and
digestive and absorptive processes.17 Moreover, this biological
matrix strongly reflects dietary intake and captures the tight

Received: September 3, 2017
Accepted: October 20, 2017
Published: October 20, 2017

Article

pubs.acs.org/ac

© 2017 American Chemical Society 12502 DOI: 10.1021/acs.analchem.7b03606
Anal. Chem. 2017, 89, 12502−12510
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Urine
9647 components

Plasma
6122 components

Feces
9672 components

Urine
• 2520

Plasma
• 1111

Feces
• 2992

2426 757

310

3944

A validated multi-matrix platform for metabolomic fingerprinting of
human urine, feces and plasma using ultra-high performance liquid-
chromatography coupled to hybrid orbitrap high-resolution mass
spectrometry

Ellen De Paepe a, 1, Lieven Van Meulebroek a, 1, Caroline Rombouts a, Steve Huysman a,
Kaat Verplanken a, Bruno Lapauw b, Jella Wauters a, Lieselot Y. Hemeryck a,
Lynn Vanhaecke a, *

a Ghent University, Faculty of Veterinary Medicine, Department of Veterinary Public Health and Food Safety, Laboratory of Chemical Analysis, Salisburylaan
133, B-9820 Merelbeke, Belgium
b Ghent University Hospital, Department of Endocrinology, De Pintelaan 185, B-9000 Ghent, Belgium

h i g h l i g h t s g r a p h i c a l a b s t r a c t

! A non-targeted UHPLC-HRMS based
platform for feces, plasma and urine
is presented.

! Excellent validation parameters,
including linearity, precision and re-
covery were achieved.

! Respectively 9 672, 9647 and 6122
components were retrieved for feces,
urine and plasma.

! Feces appears to be equally informa-
tive as plasma, while the use of the
multi-matrix platform improves the
model's discriminative abilities.

! The multi-matrix platform provides
unique opportunities for biomarker
detection or pathway elucidation.

a r t i c l e i n f o

Article history:
Received 26 March 2018
Received in revised form
20 June 2018
Accepted 23 June 2018
Available online 26 June 2018

Keywords:
Blood plasma
Feces
Urine
UHPLC-Q-exactiveTM orbitrap HRMS

a b s t r a c t

In recent years, metabolomics has surfaced as an innovative research strategy in human metabolism,
whereby selection of the biological matrix and its inherent metabolome is of crucial importance.
However, focusing on a single matrix may imply that relevant molecules of complementary physiological
pathways, covered by other matrices, are missed. To address this problem, this study presents a unique
multi-matrix platform for polar metabolic fingerprinting of feces, plasma and urine, applying ultra-high
performance liquid-chromatography coupled to hybrid quadrupole-Orbitrap high-resolution mass
spectrometry, that is able to achieve a significantly higher coverage of the system's metabolome and
reveal more significant results and interesting correlations in comparison with single-matrix analyses.
All three fingerprinting approaches were proven ‘fit-for-purpose’ through extensive validation in which a
number of endogenous metabolites were measured in representative quality control samples. For tar-
geted and untargeted validation of all three matrices, excellent linearity (coefficients of determination

* Corresponding author.
E-mail address: Lynn.Vanhaecke@UGent.be (L. Vanhaecke).

1 These authors contributed equally to this work.
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UNIQUE SALIVARY METABOLOMICS METHOD
Untargeted validation: 8564 metabolites (CV < 30%)
ü Instrumental precision: 86.6%
ü Inter-assay precision: 83.0%
ü Intra-assay precision: 76.8%
ü Linearity (9-point serial dilution: 1 to 0.01): R2 ≥ 0.90 = 82.7%

Plasma
6765

Feces
9619

Urine
9337

Saliva
8564

2020

Kathleen Wijnant

 

Endogenous metabolites 
Alcohols 
Phenols 
Benzenes 
Keto acids 
Monocarboxylic acids 
Dicarboxylic acids 
Hybrid peptides 
Imidazoles 
Pyridines 
Fatty acids 
Quaternary ammonium salts 
Ethers 
Carbohydrates 
Ketones 
Amino acids 
Amines 
Hydroxy acids 
Steroids 

2020



RECENT ANALYTICAL DEVELOPMENTS 
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Metabolite ontology search: in-house 
standard database comprising ca. 750 
polar to medium polar and ca. 250 lipid 
metabolites

Dual extraction and UHPLC approach 
metabolomics & lipidomics combined:
e.g. 100 mg freeze dried feces

Beata Pomian



DATA ANALYSIS DEVELOPMENTS: AUTOMATION

18

Dr. Marilyn De Graeve

Dr. Marilyn De GraevePART IV: 
Pathway 
Analysis

Normal weightObesity
Overweight
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DATA ANALYSIS DEVELOPMENTS: INTEGRATION

Pablo Vangeenderhuysen

• Supervised and unsupervised multi-omics analysis 
(DIABLO and MOFA)

• Spearman-based metabolome driver analysis: 
clinical data, microbial OTUs, diet, drugs, stress 
markers, etc.)

• Metabolite abundance predictions (o.a. gradient-
boosted decision tree) of highly correlated drivers

Dr. Marilyn De Graeve
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UNRAVEL GUT MICROBIOME-DIET AXIS
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(1) Fe2+ + H2O2 → Fe3+ + HO• + OH
− 

(2) Fe3+ + H2O2 → Fe2+ + HOO• + H
+ 

Fenton Reaction 

ROS 

Lipid peroxidation products 
(MDA and 4-HNE) 

Protein oxidation products 

Cardiovascular diseases 

Oxidative stress 

Genotoxic and cytotoxic  Dityrosine 
Cancer initiation, promotion and progression Cancer progression, diabetes mellitus 

Tryptophan N’-Formylkynurenine 

Kynurenine Kynurenic acid Other KP metabolites 

Tryptophan katabolism 
IDO-1!  

AhR! 
 

Expansion Tregs cells 
 
Immune escape tumor 

pro-insulin synthesis 

Red meat: carnitine 

Trimethylamine 

Trimethylamine-N-oxide 

3-Dehydroxycarnitine 

Modification cholesterol metabolism 

Red meat: heme 

Discovery of 5 
discriminating
metabolites
with potential
involvement in 
red meat related
diseases

• 3-dehydroxycarnitine
• dityrosine
• kynurenine
• N’-formylkynurenine
• kynurenic acid

(1) Fe2+ + H2O2 → Fe3+ + HO• + OH
− 

(2) Fe3+ + H2O2 → Fe2+ + HOO• + H
+ 

Fenton Reaction 

ROS 

Lipid peroxidation products 
(MDA and 4-HNE) 

Protein oxidation products 

Cardiovascular diseases 

Oxidative stress 

Genotoxic and cytotoxic  Dityrosine 
Cancer initiation, promotion and progression Cancer progression, diabetes mellitus 

Tryptophan N’-Formylkynurenine 

Kynurenine Kynurenic acid Other KP metabolites 

Tryptophan katabolism 
IDO-1!  

AhR! 
 

Expansion Tregs cells 
 
Immune escape tumor 

pro-insulin synthesis 

Red meat: carnitine 

Trimethylamine 

Trimethylamine-N-oxide 

3-Dehydroxycarnitine 

Modification cholesterol metabolism 

Red meat: heme 

Cardiovascular
disease

Progression cancer, 
diabetes mellitus

Initiation, promotion and
progression of cancer

Rombouts et al., 2017 (Scientific Reports)

NUTRIMETABOLOMICS: RED VS. WHITE MEAT DIGESTION

Dr. Caroline Rombouts



Recommended chicken

Recommended red

Western chicken

Western red

COLONSMALL INTESTINE

Pig feeding trial: 2×2 factorial design 

red & processed chicken

recommended

Western

NUTRIMETABOLOMICS IN PIGS
WITHIN 2 CONTRASTING DIETS



WITHIN 2 CONTRASTING DIETS

Small intestine (1851) Colon (1990)

Meat
(chicken vs. red & processed)

64 99

chicken: 26, red: 38 chicken: 82, red: 17 

Background diet
(prudent vs. Western)

299 321

prudent: 66, western: 233 prudent: 128, western: 193

Number of differentiating metabolites (VIP >2; p-value < 0.05)

short-chain acylcarnitines
carnitine, carnosine
3-dehydroxycarnitine

Interesting metabolites

anserine
1- or 3-methylhistidine

medium- and long-chain acylcarnitines
glycidyl esters
monoacylglycerols

NUTRIMETABOLOMICS IN  PIGS

Dr. Sophie Goethals



MICROBIAL-CARNITINE DERIVATES HIGHER IN TISSUE 
UPON RED MEAT DIGESTION

Carnitine

3-Dehydroxycarnitine

Trimethylamine

Trimethylamine-N-oxide

Acylcarnitines

Cancer metabolism?

FMO3 ?

In vitro colonic formation of 
3-dehydroxycarnitine

n = 6

↑ in urine of women with CRC, 
Bae et al. (2014), Cancer Res.

Cashman et al. (1999),
Biochem. Pharmacol.

Intestinal bacteria

Intestinal bacteria
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Type 2 diabetes (n = 41)
§ Men and women

§ BMI < 35

§ 35 to 65 years

§ HbA1c > 6%

§ UZGent (prof. B. Lapauw)

Normal glycaemic state (n=42)
§ Men and women

§ BMI < 35

§ 35 to 65 years

§ HbA1c < 5.5%

§ Family

§ 1 stool sample

§ 1 blood sample

§ 1 questionnaire

2020

CLINICAL METABOLOMICS: TYPE 2 DIABETES

Dr. Lieven Van Meulebroek



• Use OPLS-DA model to define components with discriminating potential

• Start search for candidate biomarkers

• VIP-score (> 1)

• S-plot (correlation 0.5, covariance 0.02)

• JK-confidence intervals (not across zero)

Selection strategy

26

Lipidomics and polar metabolomics 

Elevated in healthy
Elevated in diabetes

173 candidate markers

TYPE 2 DIABETES STOOL METABOLOMICS STUDY



Polar metabolomics

Total of 70 markers

§ 27 elevated in diabetes type 2

§ 43 elevated in healthy control

Initial focus on diabetes markers

§ Non-metformin markers (n = 2)

§ Frequent link with metformin (n = 24)

Six are in source fragments of metformin 
Three are directly linked to metformin

Thirteen are derived from metformin 

T2D STOOL BIOMARKER IDENTIFICATION



Polar metabolomics

Non-metformin markers

2-amino-2-butenal Perindoprilat Perindopril

Lowers blood pressure and 
improves heart functioning

Possible role in inflammation

T2D STOOL BIOMARKER IDENTIFICATION



Polar metabolomics

Metformin-linked markers

§ Metformin oxidation products 

§ Collin et al. 2004; OH● -induced oxidation of metformin in aqueous solution. 

§ Research in context of antioxidant properties of metformin, 
other beneficial effects involved in the prevention of diabetic complications

T2D STOOL BIOMARKER IDENTIFICATION



Polar metabolomics

Metformin-linked markers

§ Metformin reaction products with dicarbonyls

§ Dicarbonyl compounds

o Methylglyoxal and glyoxal

o Reactive agents involved in formation of advanced glycation end products (AGEs)

§ AGEs are associated with diabetic vascular complications (Ruggiero-Lopez et al. 1999)

T2D STOOL BIOMARKER IDENTIFICATION
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Lipidomics

• m/z 498.4529 Da, RT 7.62 min

• C31H55N5

• 2-[N'-[(10R,13R,17R)-10,13-dimethyl-17-[(2R)-6-methylheptan-2-

yl]-2,3,4,7,8,9,11,12,14,15,16,17-dodecahydro-1H-cyclopenta 

[a]phenanthren-3-yl] carbamimidoyl]-1,1-dimethylguanidine

Cholesterol-lowering effects of metformin 

have been described
(enzymatic impact AMPK, genes and lower formation of LDL)

T2D STOOL BIOMARKER IDENTIFICATION
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Diagnosis

Skin prick test
à 25% false +

Serum IgE
à 25% false +

Oral food challenge
à dangerous Ellen De Paepe

CLINICAL METABOMOLOMICS: COW’S MILK ALLERGY

Treatment

Elimination diet

Anaphylaxis 
treatment



33

CLINICAL METABOMOLOMICS: FOOD ALLERGY

Lipid metabolism
Sfingolipids
à Hyperresponsive mast cell state
Lipid allergy mediators
à PAF synthesis during anaphylaxis

Carbohydrate and energy 
metabolism
- Shift to aerobic glycolysis
- Ketogenesis during anaphylaxis

Microbial metabolism
SCFAs and bile acids 
à Altered microbial and host 
metabolic activity

Nucleotide metabolism
Purine pathway

Uric acid 
à Underlying inflammation

Amino acid metabolism
Tryptophan pathway

Decreased IDO-1 activity
à Th2-skewed immune 
environment
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DISCRIMINATE HEALTHY AND IgE MEDIATED CMA

R2Y Q2 p-value
IgE CMA – Healthy 0.866 0.519 5.70e-05
CMA – Healthy 0.979 0.467 0.00029
IgE CMA – IgE other 0.996 0.626 0.0017
IgE CMA – non-IgE CMA 0.986 0.681 1.35e-05
IgE FA – Healthy 0.992 0.297 0.21

Polar metabolomics 
feces

20 healthy
20 IgE mediated CMA
19 non-IgE mediated CMA
11 other IgE mediated FAs
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DISCRIMINATE HEALTHY AND IgE MEDIATED CMA

IgE FAHealthy

Increased Trp levels à
inactivation IDO-1

Tryptophan metabolism

Bile acids

Energy metabolism

IgE CMAHealthy

Decreased TCA intermediates à
TCA disruption

Inflammation
Decreased alternative BA 
synthesis, or dysbiosis

IgE CMAHealthy IgE CMAHealthy

Allergic inflammation

Other alterations
- Nucleotide metabolism
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DISCRIMINATE HEALTHY AND IgE MEDIATED CMA

R2Y Q2 p-value
IgE CMA – Healthy 0.981 0.462 0.027
CMA  – Healthy 0.919 -0.0649 1
IgE CMA – IgE other 0.991 0.0285 0.999
IgE CMA – non-IgE CMA 0.983 0.539 0.011
IgE FA – Healthy 0.984 0.46 0.004

Polar metabolomics 
urine

20 healthy
20 IgE mediated CMA
19 non-IgE mediated CMA
11 other IgE mediated FAs
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DISCRIMINATE HEALTHY AND IgE MEDIATED CMA
Inflammation
Increased 13-oxoODE levels à
highly specific for CMA FA

CMAHealthy

Energy metabolism
Decreased carnitine levels à
mitochondrial (TCA) disruption

Purine metabolism

IgE CMAHealthy

IgE CMAHealthy

Alterations in guanine, cytosine, 
adenine

Histidine metabolism

IgE FAHealthy
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Alpha diversity Beta diversity

p-value 0.12

p-value 0.03

No significant difference in 
diversity overal

Significant difference according to CMP intake for 
both alpha and beta diversity:
- Increased microbial richness if CMP consumption
- More similar/stabile core microbiome if CMP 

consumption

p-value 0.03

DISCRIMINATE HEALTHY AND IgE MEDIATED CMA



INTEGRATED METABOLOMICS AND MICROBIOMICS

39

Lipidomics feces

Polar metabolomics feces

Polar m
etabolomics

 urine

OTUs

Pablo Vangeenderhuysen
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CLINICAL METABOLOMICS: PEDIATRIC OBESITY

1. Prediction and prevention of metabolic disorders
2. Unraveling the main drivers towards 3P medicine



44

CLINICAL METABOLOMICS: PEDIATRIC OBESITY

Margot De Spiegeleer

Overview of altered lipid 
metabolism and 
visualization of its complex 
interplay resulting in a 
sustained oxidative 
environment and low-
grade inflammation. 
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Low stress

High stress

Q2: 0.704
R2(Y): 0.861
P < 0.001

Q2: 0.732
R2(Y): 0.983
P = 0.001

Healthy weight

Obese

CLINICAL METABOLOMICS: OBESITY IN CHILDREN

Deeply phenotyped OPERA cohort (Prof. S. De Henauw) 
137 children, 6-18y
70% normal weight (IOTF ≤ 0)
29% IOTF ≥ 1 (overweight or obese, including 9% obese: IOTF 2 or 3) Kathleen Wijnant



Feature class Feature subgroups
Microbiome data OTUs

Antropometric data BMI z-score
IOTF
Waist (cm)
Waist-to-height
Fat percentage (%)

Psychological data Perceived Stress Scale (PSS)
Child Depression Index 2 (CDI-2)
Emotional Eating Scale (EE)

Relative Cortisol Reactivity Score

Resting heart rate variability RMSSDms (baseline timepoint S6) (ms)
Hair cortisol

Positive and Negative Affect Schedule (PANAS) Negative Effect score

Biological data
Age (yrs)
Sex
Puberty

Lifestyle Screentime (daily)
Physical activity (school transport)
Physical activity (sports)
Physical activity (hrs sports/week)
Smoking

Chronic Sleep Reduction Questionnaire (CSRQ)

Clinical data Cardiometabolic markers
Triglycerides (mg/dl)
LDL (mg/dl)
HDL (mg/dl)
fasting insulin (mU/L)
fasting glucose (mg/dL)
HbA1c (mmol/mol)
MeanHR (bpm)

Inflammation markers
IL6 (pg/ml)
IL8 (pg/ml)
IL10 (pg/ml)
TNF-α (pg/ml)
IFN-γ (pg/ml)
CRP (mg/l)

Appetite markers
Leptin (ng/ml)
Adiponectin (µg/ml)
Ghrelin (not active) (pg/ml)
GLP1 (pg/ml)
Pancreatic polypeptide (PP) (pg/ml)
PYY (pg/ml)

Endocrine markers
TSH (mU/L)
FT4 (pmol/L)



Diet (week intake 
frequencies) High fat snacks

High  fat food
High sugar snacks
High sugar food
Fruit and vegetables
Whole grain products
Dairy products
Animal products (meat, fish, eggs)
Coffee
Legumes
Cooked vegetables
Raw vegetables
Milk
Yoghurt
Fish
Red Meat
White Meat
Eggs
Meat alternatives (soy,…)
Cheese
Butter 
Olive oil
White bread
Dark bread
White pasta
Whole grain pasta
Grains / Cereals
Nuts and seeds
Dried fruits

Drug intake active components Isotretinoïne
VitaminD
Methylphenidate_hydrochloride
Salbutamol
Setraline
Desloratadine
Cetirizinedihydrochloride
Insulin
Melatonin
Fumaraatdihydraat
Budesonide
Levocetirizinedihydrochloride
Fluticasonpropionaat
Levonorgestrel
Ethinylestradiol
Formoterol
Rupatadine
Magnesiumcitraat
Valsartan
Paracetamol
Metformin
Oxymetazoline_hydrochloride
Prednisolonacetaat
Framycetinesulfaat
Nafazolinenitraat
Clonidinehydrochloride
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CLINICAL METABOLOMICS: OVERWEIGHT-OBESITY IN CHILDREN

Top 100 significant metabolite – metadata 
correlations

Left: Antropometric
Below: Psychological markers

Metabolite annotation on-going!



METABEASE AND FAME COHORTS

49
Margot De Spiegeleer Jasmien Van Arnhem

Recruitment phase 1 finalized 03/2022

n = 240
Children TS 0 (6-11y)

Stool, urine and blood samples for 
metabolomics, microbiome and clinical 
analyses.

à 2 follow-up points (Y0, Y1, Y2)

Recruitment started 03/2022

n = 600
Adolescents (12-16y)

Stool, saliva and in patients blood samples 
for metabolomics, microbiome and clinical 
analyses.

Questionnaires on dietary intake and stress.
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Prof. S. De Saeger 

Prof. J. Raes 

Prof. A. Covaci 

Prof. T. Nawroth

FLEXIGUT - THE FLEMISH EXPOSOME PROJECT
TOWARDS A COMPREHENSIVE UNDERSTANDING OF THE

LIFE-COURSE IMPACT OF DIETARY AND ENVIRONMENTAL EXPOSURE
ON CHRONIC LOW-GRADE GUT INFLAMMATION



RAPID HRMS-BASED FINGERPRINTING
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IN SITU OR POINT OF CARE METABOLOMICS: AIMS

52

Extensive sample preparation
Approx. 30 min/sample
High labor and material demands

Limited to no sample preparation
Approx. 30 sec/sample
Semi-automated

RECSAMP

IR laser 
lightguide

PTFE tubing

Q-ToF

Conventional metabolomics 
workflow

1. Sample 
transport

2. Availability 
of raw sample

3. Pretreatment & 
extraction 4. Chromatographic 

separation
5. Ionization and MS

6. Data 
interpretation

Point-Of-Care metabolomics 
workflow

Orbitrap ExplorisTM120

Vent line

XevoG2-XS QToF

IR
laserlight
2.94 µm

1. Sample 
transport

2. Availability 
of raw sample 3. Ambient ionization

4. Data 
interpretation

< 50/day
> 200 EUR/sample

> 500/day
< 50 EUR/sample



LA-REIMS: INSTALLATION & EQUIPMENT

53

Instrumentation
Xevo G2-XS Q-ToF MS

REIMS source

Harvard11 Elite syringe 
pump

Opolette 2940 nm mid-IR 
laser  

Free space optics 

Motorized positioning 
stage (optional)

Laser 
beam

Sample
tube

Motorized stage



PROCEDURE
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Sample pre-treatment
Homogenisation, rehydration if lyophilized 

Centrifugation, filtration

No pre-treatment

No pre-treatment

15 – 100 μL

Scan number
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Vera Plekhova



METHOD PERFORMANCE
54

6

13
69

10
79

15
73

12
17

76
6 12

87 14
24

Feces Urine Saliva Plasma

Number of detected features

Positive polarity Negative polarity

68

83

97

7273

94 85

67

Feces Urine Saliva Plasma

Percent of features with CV below 30% threshold

Positive polarity Negative polarity 55
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• Fingerprints containing 11,550 features
• 26 discriminating metabolites present
• Potential for POC application!

Proof of principle: LA-REIMS 
expedient platform to differentiate 

between 
normal and high glycemic state!

IN SITU FECAL METABOLOMICS IN T2D

Healthy

Type 2 diabetes

Latent variable 1 (37.7% of variance)

La
te

nt
 v

ar
ia

bl
e 

2 
(4

7.
8%

 o
f v

ar
ia

nc
e)

R2(X) 0.420

Q2(Y) 0.662

p-value of 2.3 e-13

Valid OPLS-DA 
model

2020
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METASAMP® : NOVEL HIGH-THROUGHPUT DIRECT BIOFLUID 
SAMPLING AND METABOTYPING DEVICE 



METASAMP® : NOVEL HIGH-THROUGHPUT DIRECT BIOFLUID 
SAMPLING AND METABOTYPING DEVICE 
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Existing commercial 
medical swab

58

Electrospun customized
medical swab

• Direct sampling (no storage, pre-treatment, ...)
• Porous fibrous network
• High surface area
• Enhanced absorption of metabolites

Electrospun nanofibrous membrane

Rectal MetaSAMP
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METASAMP® : NOVEL HIGH-THROUGHPUT DIRECT BIOFLUID 
SAMPLING AND METABOTYPING DEVICE 
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METASAMP® : SUPERIOR STABILITY UPON SHIPPING

Salivary MetaSAMP Saliva Rectal MetaSAMP Feces

Urinary MetaSAMP Urine

Day 0
Day 2, 20°C
Day 2, 4°C
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MetaBEASE
41 normal weight (IOTF ≤ 0)
35 IOTF ≥ 1 (overweight or obese)

IOTF ≥ 1 vs. healthy (IOTF ≤ 0) Q2Y p-value

Feces 0.40 4.14e-6

Rectal MetaSAMP 0.56 1.52e-10

OPLS-DA model parameters

METASAMP® : SUPERIOR CLINICAL PREDICTIVE POWER
Rectal MetaSAMP
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OPERA:
66 normal weight
20 overweight
11 obese

Salivary MetaSAMP Saliva
Q2Y p-value Q2Y p-value

Obese vs. 
normal weight 0.545 1.53e-10 0.442 5.76e-9

Obese and 
overweight vs. 
normal weight

0.533 4.00e-05 0.576 4.06e-10

Obese vs. 
overweight 0.698 4.63e-05 0.541 2.71e-05

OPLS-DA model parameters

Obese

Overweight

Healthy

METASAMP® : SUPERIOR CLINICAL PREDICTIVE POWER

Salivary MetaSAMP
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WORK PLAN: WP3 

20 healthy
20 IgE mediated CMA
19 non-IgE mediated CMA
11 other IgE mediated FAs

Urinary MetaSAMP Urine
Q2Y p-value Q2Y p-value

IgE CMA vs. 
healthy 0.642 1.29e-11 0.523 3.64e-7

IgE CMA vs. other
IgE FA 0.535 2.24e-06 0.536 6.68e-6

IgE CMA vs. non-
IgE CMA 0.550 0.00038 0.511 0.00010

OPLS-DA model parameters

Other IgE FANon-IgE CMA

Healthy

IgE CMA

METASAMP® : SUPERIOR CLINICAL PREDICTIVE POWER
Urinary MetaSAMP



TAKE HOME MESSAGE
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TAKE HOME MESSAGE
• Nutri- or clinical (biofluid) metabolomics workflow: a complex process integrating branching 

into its structure in order to allow for the necessary flexibility associated with the complex 

analysis of human biology as well as with the wealth of technological solutions

• Combing data from dietary intake, gut microbiota, psychological parameters, drug intake, 

etc. (i.e. the exposome) with the metabolome of biospecimens will further aid to unravel 

the diet-gut microbiome-health axis and pave the way towards 3P medicine.

à While physiology and biochemistry of (intermediate) metabolism were largely left 

behind when the genomics revolution arrived, metabolomics has revived the study of 

metabolism, as it in essence offers the most direct link to final health outcomes. 



Lynn Vanhaecke
Prof.

Department of Translational Physiology, Infectiology and Public health
LABORATORY OF INTEGRATIVE METABOLOMICS

www.vvv.ugent.be

Ghent University
@ugent
Ghent University

Institute for Global Food Security, 
SCHOOL OF BIOLOGICAL SCIENCES


