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Unlike other systems such as plants, microorganisms or fungi, human cells are not
proficient in eliciting the production of defense compounds in response to
external stresses and threats. Human metabolism is essentially based on a set
of primary metabolites that participate in the various regulatory events of cells and
tissues. The challenge is therefore to maintain homeostasis and allow the survival
of the individual through the modulation of existing endogenous metabolic
pathways with a relatively stable set of ubiquitous compounds. Since these
complex regulatory phenomena are potentially subject to multiple influences,
assessing their overall variability, as achieved by most conventional approaches, is
not sufficiently informative. The experimental evaluation of several factors acting
simultaneously on the metabolome is paramount. Because metabolomics
involves the characterization of multivariate metabolic phenotypes, such a
methodology requires specific data analysis tools to fully exploit the relevant
information considering the different factors, as well as their respective impact on
metabolite levels. The investigation of high-dimensional multifactorial data in
metabolomics opens new challenges and requires the development of innovative
experimental strategies involving structured designs of experiments to assess
cause-effect associations and offer deeper insight into relevant biological
information. In the future, key outputs should not only consider lists of
metabolites, but also include their specific variation related to each effect that
can be identified and/or quantified, thus allowing accurate biochemical and
functional relationships to be highlighted.
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Exploring metabolic modulations

The recent development of high-throughput Omics technologies has led to the collection
of large numbers of signals to characterize the complexity of a sample. Among these
innovative approaches, metabolomics is now recognized as an efficient tool for a better
understanding of physiological mechanisms that allow an organism to survive, grow, and
develop. The maintenance of homeostasis is at the basis of living beings’ survival by
controlling the biochemical events necessary for the proper functioning of vital
processes. While other organisms such as plants, fungi or microbes may produce
secondary defense metabolites, the modulation and adaptation of existing endogenous
metabolic pathways is the only mechanism for human (and more broadly mammalian) cells
to respond to external stressors. Measuring metabolites as substrates and products of
enzyme-catalyzed reactions needed for proper cell functioning and maintenance
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constitutes therefore a very efficient strategy to characterize its
biochemical state (Wishart, 2019). Besides the challenges of
measuring the metabolome leading to multiple sources of
variations which will not be discussed here, e.g., sample storage
and analytical variability, (Blaise et al., 2021), exploring biological
variability constitutes also an important question.

In metabolomics, multivariate models are mainly used to rank
the variables according to their contribution to the model
components (Boccard and Rudaz, 2014). The latter are used to
explore the data, and detect potential trends or relevant groupings of
observations. One of the first major challenges in achieving this goal
is that, even after adapted pretreatment, metabolomic datasets are
often characterized by high dimensionality, i.e., the number of
variables (peaks, chemical shifts, ions, etc.) can be very large,
while the number of observations remains usually low.
Unsupervised methods assume that variability is related to
biological information. However, the intrinsic complexity of the
phenomena under investigation is often substantial and this type of
approach may thus be of limited use. Supervised modeling can use
the knowledge of the experimental groups to optimize their
discrimination. When prediction accuracy is satisfactory and
sufficiently robust, it is then possible to assign new observations
to one class or another (e.g., healthy vs. cancer tissue), but in most
cases, the model is not an end in itself and the prediction of
individuals is only one of the outputs.

For the scientist, both approaches allow subsets of metabolites
associated with different situations to be highlighted, e.g., a
physiological phenotypic signature or a pathological condition.
However, the observable levels of metabolites forming
biochemical fingerprints are intrinsically influenced by many
endogenous processes and responses to external influences or
stresses, making the estimation of global biological variability of
little relevance in most cases. When a massive alteration of a specific
pathway occurs, the variability observed on a subset of variables may
be highlighted and lead to a relevant biological interpretation.
However, the occurrence of mixed effects will largely depend on
the biological matrix under investigation. While variability can be
limited by analyzing specific matrices and/or biological
compartments (e.g., specific tissue or cell types), the observed
abundance of a primary metabolite in a biological fluid flowing
through organs such as blood results from a combination of many
contributions. As a consequence, the specificity of such metabolic
modulations remains difficult to evaluate and the reductionist
approach of assessing one source of variability at a time will
ignore this complexity.

Disentangling mixed effects

As cells reside in specific local conditions, their biochemical
processes and functions are influenced by their close biological
surroundings. A first step in the direction of disentangling these
multiple influences is to solve or simplify the spatial context
under investigation. For that purpose, specific in vitro systems
involving particular genetically characterized cell types in a
controlled environment may greatly help to study metabolic
regulations in the context of a given local tissue neighborhood.
Many efforts have been made to improve the translation of

results obtained on in vitro systems to in vivo situations. From
the perspective of the experimental strategy conception, design
of experiments constitutes an efficient methodology to
systematically decompose and quantify cause-and-effect
relationships between factors and outputs (Boccard and
Rudaz, 2020). As such, it offers practical solutions to
disentangle the intrinsic confusion arising from the
measurement of endogenous metabolites, but adapted
methods are needed to account for the high-dimensional
nature of datasets involving potential interactions between
multiple compounds. When an experimental design involving
several factors is implemented, it is then possible to evaluate the
contribution of each of the variables to the different effects
(main effects and possible interactions) and rank them as closely
as possible to real conditions. Even more interestingly, it is
possible to decompose the variability of each metabolite
according to the effects involved using a cumulative
contribution expressed as a percentage of its total variance
(Gonzalez-Ruiz et al., 2017). In this way, the specific
proportion of the variability observed for a given metabolite
can be associated with each effect. Ranking the metabolites
according to the specific proportion of their observed
variability for a given effect is mandatory for a more efficient
investigation of complex biological modulations (Gonzalez-Ruiz
et al., 2019). This output is essential when one wishes to go
beyond a global observation of variability to understand specific
modulations with respect to homeostasis maintenance, e.g., by
comparing a given combination of factor levels to the reference
control. Furthermore, the residual part that cannot be explained
by the experimental factors can also be valuable to assess
possible external contributions to the biological variability. In
the perspective of biomarker detection, this part of variability
can also constitute a relevant criterion to validate, or on the
contrary invalidate, the choice of a subset of metabolites. Indeed,
if the natural variability of the levels of a metabolite is too
important, e.g., due to inter-individual differences, its relevance
as a biomarker could be limited. In vitro experiments and
genetically well-characterized organisms are often used to
limit the biological variability, and the possibility to assign
experimental parameters is particularly well adapted for the
use of experimental design. However, it is not always possible
or desirable to use such controlled systems to investigate a
biological question, and cohort studies constitute an
interesting alternative. In this case, additional sources of
variability linked to individual characteristics may further
increase the complexity of metabolic modulations and a
longitudinal follow-up is often desirable (Gagnebin et al.,
2020). Taking into account the pairings between
measurements, the metabolic background of each individual
submitted to multiple influences constitutes a reference and
the comparison with this basal situation makes it possible to
mitigate its specificities. The choice of a proper timing for
sampling is then crucial to provide a reliable picture of the
studied phenomenon and offer kinetic insights into metabolic
processes. Indeed, the apparent lack of modulations observed at
some sampling points may be due to delayed or faster metabolic
alterations than expected in the initial experimental protocol.
Thus, sample collection should be properly scheduled to allow
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modeling of the temporal evolution based on relevant time
points.

Making mechanistic hypotheses more
reliable

Reducing overall biological variability by computing ratios
between pairs of metabolite levels as biomarkers represent
another computational approach that will certainly continue to
gain importance for describing complex biochemical homeostatic
phenomena. It may constitute an internal normalization by
reporting intensities in a relative way, and modulations of ratios
between metabolites may indeed highlight patterns in metabolic
pathways that are associated with a given condition or phenotype.
While modern high-throughput analytical technologies have
massively increased the possibilities to evaluate metabolite
relationships, it does not seem relevant to explore all
combinations in a systematic way. Knowledge-driven strategies
will be of great help, as meaningful metabolite ratios might be
efficiently selected on the basis of the proportion of the different
effects included in the experimental design, as well as the reaction
paths between metabolites involved in multiple interconnected
pathways. Such an approach will better contextualize
metabolomic results by highlighting biochemically relevant
associations between metabolite ratios, thus offering more
consistent biological hypotheses (Boccard et al., 2021).

By connecting substrates and products of the same reaction,
metabolic networks modeling constitutes another relevant
methodology to link biochemical events defining the

metabolism with mechanistic explanations (Amara et al.,
2022). Because specific phenotypic signatures may spread
over several pathways, the evaluation of the different reaction
paths between biomarkers will certainly provide valuable
information to better understand the phenomena directing
the maintenance of homeostasis. For that purpose, path
search strategies, such as the lightest path approach, can
incorporate biochemical rules to highlight the most relevant
metabolic routes (Frainay and Jourdan, 2017). Better
investigating multifactorial modulations and mapping them
on spatially resolved metabolic networks will definitely help
for an improved understanding of homeostasis maintenance.
A scheme summarizing the different steps required for an in-
depth evaluation of the different sources of biological variability
and their interpretation is proposed in Figure 1.

To summarize, metabolomics is a rapidly evolving research field
currently moving from standard biomarker discovery to a more
mechanistic description of biochemical processes leading to specific
metabolic phenotypes. The study of multifactorial metabolomic data
raises new challenges and calls for the elaboration of novel
experimental approaches based on structured designs of
experiments, when possible. The investigation of the complex
datasets generated will need adapted modelling methods
combining variance decomposition and multivariate modelling
[e.g., ASCA, AMOPLS (Boccard and Rudaz, 2016)] to provide
new insights into cause-and-effect associations. Biochemical and
functional relationships need to be more efficiently highlighted
using metabolic networks to help selecting relevant metabolite
ratios, thus facilitating interpretation. Taken together, these
knowledge-driven strategies will hopefully allow a better

FIGURE 1
The different steps required for an in-depth evaluation of the different sources of variability and their biological interpretation.
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understanding of the regulations governing inter-connected
endogenous biological processes responsible for homeostasis and
health.
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