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Résumé : Une approche traditionnelle en nutrition a longtemps été d’étudier l’effet d’un régime ou
bien d’un nutriment donné sur une fonction particulière ou un organe cible, ceci pour expliciter les
mécanismes par lesquels les macro et micronutriments interviennent dans les voies métaboliques.
Le développement de techniques analytiques très performantes et d’outils à haut débit comme par ex-
emple la métabolomique ouvre maintenant un champ d’investigation beaucoup plus large permettant
d’intégrer un ensemble de réponses biologiques résultant de la complexité de l’aliment et des régimes
alimentaires. La métabolomique consiste en l’acquisition à partir de fluides biologiques (sang, urine, sal-
ive) de profils métaboliques complexes par l’analyse de centaines de métabolites le plus souvent par 1H-
RMN, ou différentes techniques de couplage (HPLC-MS ou GC-MS) et leur comparaison par analyses
statistiques multivariées. Elle s’est d’abord développée dans le champ de la toxicologie pour prédire les
effets toxiques de médicaments dans les phases précoces de développement. Les études en nutrition
sont encore récentes mais différents programmes de recherche concernent l’identification de marqueurs
précoces de déséquilibres métaboliques associés à l’apparition de pathologies. Deux approches sont
possibles: la première est une approche ciblée qui concerne l’étude d’une voie métabolique définie
comme par exemple le métabolisme des glucides ou celui des lipides. La deuxième est une approche glo-
bale qui consiste à définir une empreinte métabolique en caractérisant le plus grand nombre possible de
métabolites afin d’identifier les diverses voies métaboliques perturbées suite au stimuli. Toutefois, les
bases de données « métabolites » permettant la saisie et la consultation de molécules identifiées lors
d’explorations nutritionnelles sont encore insuffisantes pour permettre l’identification d’un grand nom-
bre de métabolites. Chez l’homme, il existe également une variabilité interindividuelle importante ce
qui représente un autre facteur limitant pour cette approche à haut débit. De plus, contrairement aux
effets des toxiques, les effets liés à un changement de régime sont souvent de faible amplitude ce qui
peut entraîner des difficultés de détection et d’identification des métabolites. La plateforme d’explora-
tion du métabolisme de Clermont-Ferrand participe au développement de l’outil métabolomique dans
le domaine de la nutrition et de la bioinformatique en partenariat avec le centre de bioinformatique de
Bordeaux (CBiB) en particulier dans le cadre de l’ANR Metaprofile. Il s’agit de structurer une base de
données en nutrition incluant non seulement des données de métabolomique mais également des
données complémentaires de transcriptomique et de protéomique afin d’interroger et de croiser les
différents jeux de données, et ainsi obtenir l’ensemble des informations des gènes aux métabolites.

Mots clés : nutrition,métabolomique,métabolites, spectrométrie de masse, bioinformatique, base de données

An important challenge of contemporary biol-
ogy is to establish the relationship between
phenotypes and disruptions in the underlying
cellular functions and in the past, much effort
has been devoted to a gene-based approach.
However, such an approach, although success-
ful, is far from sufficient, considering that most
cellular components exert their function
through intricate networks of regulation, pro-
tein interactions and metabolites.

The study of metabolism is a founding disci-
pline of biochemistry but major parts of sec-
ondary metabolism, which determine impor-
tant aspects of the biological function and
phenotype of an organism, remain entirely un-
explored. In the current postgenome era, me-
tabolites are considered as the result of the in-

teraction of the system’s genome with its
environment and are not merely the end prod-
uct of gene expression but also form part of the
regulatory system in an integrated manner.
Metabolomics, which seeks to systematically
characterise metabolic perturbations in a dy-
namic andmultivariate framework can provide
a vehicle for defining phenotypes relating to
health and disease.

The rapidly expending field of metabolomics
has been driven bymajor advances in analytical
tools such as NMR (Nuclear Magnetic
Resonance) [1] and Mass Spectrometry and
the corresponding hyphenated methods such
as high performance liquid chromatography
coupled with mass spectrometry (LC-MS) in
particular [2-4] but also in chemometrics

and bioinformatics technologies [5-8].
Metabolomics [9, 10] can be described as a
global analysis of small molecules of a biofluid
(blood, urine, culture broth, cell extract, etc),
which are produced or modified as a result of a
stimuli (nutritional intervention, environmen-
tal stressors, drug etc). The production and uti-
lisation of metabolites is more directly con-
nected to the phenotype exhibited by an
organism than the presence of mRNAs or
proteins.

The purpose of this short review is not to be
exhaustive but to give a few examples showing
how metabolomics can be applied to nutrition
research and to evaluate what should be devel-
oped in that field (analytical instruments, sam-
ple preparation, statistics and bioinformatics) ifdo
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metabolomics is to realise its potential in the
field of nutrition.

Nutritional metabolomics

What are the perspectives?
Themetabolomics field has beenmainly devel-
oped in pharmaceutical, medical and plant
sciences. However, its application to nutrition
is still relatively new although this topic consti-
tutes a growing domain of interest for our soci-
ety [11-13]. Many challenges exist in nutri-
tional metabolomics. For example the
amplitude of the effect of a nutrient and espe-
cially of a micro-nutrient on the metabolic
pathways is expected to be low compared to
that of a drug. Furthermore, the metabolome
will be the result of the food metabolome and
endogenous metabolism. Nutritional metabo-
lomics will then have two main objectives, i) to
determine biomarkers of exposure and ii) to
identify biomarkers ofmetabolic function in or-
der to correct a dysfunction by an appropriate
dietary intervention. Factors influencing the
metabolic profile of healthy individuals must
be fully understood.
While pharmacology may apply when disease
is established, nutrition has an important role
to play at the stage when it is possible to detect
very early biomarkers of homeostatic dysregu-
lation where minor metabolic effects will have
to be identified against a background of ge-
netic and environmental variation requiring
the development of specific methodologies
and sophisticated data processing tools.
A typicalmetabolomic experiment (figure 1) in-
cludes i) preparation of the sample, ii) analysis
of bio fluids or tissues via HPLC-MS, NMR or
GC-MS, iii) treatment of data set, and iiii) the
identification of key or discriminatory metabo-
lites. The data acquisition and retrieval may be
achieved by a targeted analysis where specific
pathways are analysed or an untargeted analy-
sis where no prior selection of pathways is per-
formed. Both have advantages and disadvan-
tages and the approach taken depends
ultimately on the study in question. To maxi-
mize metabolite coverage the current trend is
to use a combination of NMR and MS techni-
ques. However, combining the data from these
different platforms is not trivial andmuch work
needs to be done to develop this area.
Metabolomics is a very promising tool to eval-
uate the exposure of animals or humans to mi-
cronutrients such as for example polyphenols
whichmay participate to the prevention of car-
diovascular diseases and cancer [14]. In one
study, Sang et al., 2008 identified 25 metabo-
lites of tea polyphenols from urine sample col-
lected at different time periods after consump-

tion of green tea using LC/MS/MS. These
metabolites resulted from the glucuronidation,
sulfation, methylation and ring fission of tea
polyphenols (epicatechin, epigallocatechin).
Ring fission metabolites were the results of the
action of the intestinal flora. As epicatechin
(EC) is also present in cocoa and in many fruits,
metabolites of EC and the ring fission products
cannot be used to evaluate tea consumption.
On the contrary, conjugated metabolites of
epigallocatechin and its ring fission products
may be used as the exposure markers to reflect
tea consumption.

In another study, Fardet et al. [15] compared
the urinary metaboloms of rats fed two lignins
isolated either fromwheat bran (LEWB) or pop-
lar wood (PL) and compared them to urinary
profiles of rats fed either ferulic acid (FA) or syn-
aptic acid (SA). Comparison of the urine LC-
QToF metabolic profiles (figure 2) indicated
similarity between both lignin supplemented
groups (PL and LEWB) and the control groups
which confirms that lignins are inert and not
absorbed in the body. On the contrary, meta-
bolic fingerprints of the FA and SA supplemen-
ted groups were distinct from the control
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Figure 1. The different steps of a nutritional study using a metabolomics approach.
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Figure 2. PLS-DA score plot of the LC-QToF metabolic profiles of rats fed C, LEWB, PL, SA, or FA diets. Three classes
were predefined: FA group at day 1 and 2; SA group at day 1 and 2; SA group at day 1 and 2; C, LEWB, and PL
groups at day 0, 1 and 2 and FA and SA groups at day 0. Reproduced by permission from [15].
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group. Differences came from non metabo-
lized FA and SA and from metabolites excreted
in urine. Some of the identified metabolites
were the sulfate esters, glucuronide andglycine
conjugates of the phenolic acids, but also of
dihydrosinaptic, vanillic and benzoic acids.
Again, this study shows the power of metabo-
lomics to reveal biomarkers of exposition to
food phytochemicals. In the same field of re-
search, Walsh et al. [16] showed that utilization
of two complementary techniques such as
NMR and LC-MS and a cross platform compar-
ison of two resulting data sets using co-inertia
analysis will be a promising approach for me-
tabolite and exposure marker identifications.
Metabolomics may also be used to reveal indi-
viduals at risk for metabolic deregulation or pa-
thologies. One of the first metabolomics ap-
proach to study biochemical modifications
following a dietary intervention (soy proteins)
in humans was published by Solanki et al. [17].
Briefly, 5womenof 21-29 years oldwere fed for
one month a diet of non-soy-containing food.
During a second month period, the diet was
modified to include 60 g/day of soy protein
corresponding to 45 mg isoflavones. Blood
samples were collected during the whole study
and analyzed by NMR in order to identify me-
tabolite change during the feeding period.
Statistical analyses (figure 3) show that even if
the extent of the metabolic response was sub-
ject specific, the nature of this response was
consistent across subjects and a two compo-
nent PLS-DA model could predict the dietary
intervention period accurately as reported in.
Identification of metabolites revealed that a
soy intervention resulted in an increase of 3-

hydroxybutyrate, N-acetyl glycoproteins, a de-
crease in sugars and an increase in lactate
which indicates an increase in anaerobic me-
tabolism and suggests a possible inhibition of
gluconeogenesis.
Some studies have already shown the possibil-
ity of identifyingmarkers of pathologies such as
cancer, diabetes, cardiac diseases [18-22] using
ametabolomic approach. For example, Salek et
al. [19] used NMR and multivariate statistics to
examine the disease urinary profiles changes of
mice, rat and human suffering of type 2 diabe-
tes mellitus. Metabolic similarities between the
3 species were observed. Furthermore, in addi-
tion to the expected changes in energymetab-
olism (fatty acid oxidation and gluconeogene-
sis), major effects were detected in nucleotide
metabolism, with a decrease in N-methylnico-
tinate and an increase in N-methylnicotina-
mide (NMN amide) and in N-methyl-2-pyri-
done-5-carboxamide (2PY). The authors
concluded that the “effects in NMN amide
and 2PY metabolism may provide novel bio-
markers for following the progression of type
2 diabetes mellitus”.
Even if NMR and HPLC-MS have been used ex-
tensively in the field of metabolomics, gas-
liquid chromatography coupled to mass spec-
trometry (GC-MS) may also be a powerful tool
to pinpoint the metabolic pathways which
have been deregulated as a consequence of di-
agnosed pathologies. In a recent study using
GC-ToF based metabolomics, Denkert et al.
[20] showed that this method could be used
for biochemical phenotyping of normal and
colon cancer tissues. The analysis of 45 samples
(18 from normal colon mucosa and 27 from

colon carcinomas) found 82 metabolites to be
discriminant. These metabolites were con-
nected to abnormalities inmetabolic pathways
using the KEGG REACTION database. Urea
cycle metabolites, purines, pyrimidines, and
amino acids were found at higher levels in can-
cer tissues compared to normal mucosa while
the intermediates of TCA cycle and lipids were
decreased. The authors consequently sug-
gested that this type of metabolic profiling ap-
proach may be useful to monitor changes in
tumor metabolism and therefore of response
to therapy.

What needs to be improved
and developed?

Sample collection and preparation
In nutritional metabolomics, there is often a
large variability in the samples compared to
the changes of interest induced by the nutri-
tional intervention. So it is very important to
quantify andminimize the analytical variability.
Sources of variation during a metabolomic
study on humans have been described by
Maher et al. [23]: it includes sample collection,
storage and pre treatment, instrument stabil-
ity, and intra/inter-individual variations. The
development of sample preparation methods
is challenging in metabolomics, as biological
media contain a high number of metabolites,
with a wide chemical variety and at very differ-
ent concentrations. Bruce et al. [24] showed a
method to evaluate a protocol from sample ex-
traction to data analysis for ametabolomic pro-
filing approach. Many studies give recommen-
dations for sample treatment but there are still
no standard operating procedures available.
Moreover, requirements for the validation of
metabolomic methods have not been de-
scribed yet.

Data processing tools and bioinformatics
After acquisition of LC-MS data, many difficul-
ties and pitfalls appear at each step of the data
analysis workflow:

Data extraction
The metabolomic data analysis workflow be-
gins with extraction of information from the
different chromatograms and spectra. It is a
critical step because all the further statistical
analyses depend on the accuracy of this extrac-
tion. A lot of automated extraction softwares
exist. Some are developed by the different
instrument manufacturer and others are being
developed by research laboratories and are free
software. They all use different algorithms and
have a lot of parameters to be optimized. As a
consequence, they don’t give the same dataset
results and it is really difficult to define which
software is the best.
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Figure 3. PLS-DA of the OSC filtered data based on spectra collected pre soy (Δ) and post soy (■) intervention pe-
riod. Adapted from [16].
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Statistical analysis
Nutritional intervention studies generally in-
duce subtle changes on metabolites intensities
which may be lower than inter-individual vari-
ability. As a consequence, it is sometimes diffi-
cult to observe a significant difference between
treatments if data are not obtained under well
designed experimental conditions on a reason-
able number of subjects. Another difficulty is
the choice of statistical tools. Supervised tech-
niques like PLS-DA (Partial least square discrim-
inant analysis) if used with only few observa-
tions may lead to overfitted models which are
good for explanation but weak for predicting.
These techniques are very powerful but must
be validated before biological interpretation
[25]. Moreover, the variability induced by vari-
ation of the retention time during the experi-
ment can lead to misalignment and generate
duplicate ions with a problem of co linearity in
the statistical analysis. Another typical LC-MS
problem is dirtying of the ion source which af-
fects the intensity of ions and consequently the
statistical analysis results and which must be
corrected by an appropriate normalisation.

Data base and metabolite identifications
The identification of metabolites is one of the
main limiting factors of metabolomics when
using mass spectrometry. The main reason is
the huge chemical diversity that is present in
the biological media. Exact mass measure-
ments, especially done on high resolution
mass spectrometers, enable the elemental
composition of detected peaks but there are
still a lot of compounds that can match a given
atomic composition. MS/MS strategies can be
applied but there are still some issues, like lack
of signal intensity or nonspecific losses. Stoll et
al. [26] have developed an identification strat-
egy based on the isotope pattern evaluation to
reduce the elemental compositions deter-
mined with a FTICRmass spectrometer. King et
al. [27] have also described a series of rules for
chemical formula extraction and compound
ranking from high resolution mass spectra.
Another complementary approach is data-
bases searching but there is today a lack of ex-
haustive databases dealingwith the nature and
the levels of the metabolites present in the bio-
logical media of interest. The most useful data-
bases for compound identification are the MS-
basedmetabolite databases,which provide ref-
erenceMS spectra of pure compounds, like the
Metlin database [28], the HMDB library [29].
However, the metabolomics community still
has to establish standards for these databases,
especially concerning the analytical experi-
mental details and queries, and to share their
databases to cover the huge diversity of meta-
bolites of interest.

Conclusion

Themetabolomics field has beenmainly devel-
oped in pharmaceutical, medical and plant
sciences. However, its application to nutrition
is still relatively new although this topic consti-
tutes a growing domain of interest for our soci-
ety. Metabolomics is a very promising tool to
evaluate the exposure of animals or humans to
nutrients and consequently to determine bio-
markers of exposure. Metabolomics may also
be used to reveal individuals at risk for meta-
bolic deregulation or pathologies, and deter-
mination of early biomarkers of metabolism
perturbation before the detection of clinical
signs is ofmajor importance. However, in nutri-
tional metabolomics, there is often a large vari-
ability in the samples compared to the changes
of interest induced by the nutritional interven-
tion. So it is very important to quantify and
minimize the analytical variability. The identifi-
cation ofmetabolites is one of themain limiting
factors of nutritionalmetabolomicswhenusing
mass spectrometry. The main reason is the
huge chemical diversity of metabolites which
are present in the biological fluids. In order to
progress in the metabolite identification, the
metabolomics community is developing some
databases but it still has to establish standards
for these databases, especially for analytical ex-
perimental details and queries, and to share
these databases to cover the huge diversity of
metabolites of interest.
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