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Metabolic networks for multi-omic interpretation

OMIC data
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From network to context-specific model

1 MAP

= all known possible roads

1 GENERIC METABOLIC NETWORK RECONSTRUCTION
= knowledge base with all known reactions
for an organism

SEVERAL "traffic" maps

=~ metabolic
capacity

= condition-specific (depending
on time, transport ...)

-----
.

SEVERAL CONDITION-SPECIFIC METABOLIC
NETWORKS (MODELS)
= cell-specific, tissue-specific, stage-specific ...

selection based on context data
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Constraint-based modelling to contextualize metabolic networks

OMICS

Réseau métabolique humain Recon2
Thiele I., et al. Nat Biotechnol. 2013.
5063 metabolites

7440 reactions
2194 genes
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Elution time

constraints N\
Eliminating impossible
phenotypes ...

— the imposition of constraints limits computable
phenotypes to the relevant biological plausible ones.

Intensity

CONTEXTUALIZATION
= building TISSUE- or CONDITION-
SPECIFIC METABOLIC MODELS
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Large-Scale Modeling Approach Reveals Functional Metabolic Shifts /
during Hepatic Differentiation [P/ ———
Nathalie Poupin,**® Anne Corlu,’ Nicolas J. Cabaton,” Hélene Dubois Pot-Schneider, ™ N
Cédle Canlet,” Flodie Person,” Sandrine Bruel,” Clément Frainay,” Florence Vinson,’ . N
Florence Maurier, "’ Fabrice Morel," Marie-Anne Robin,” Bemard Fromenty,” Daniel Zalko,
and Fabien Jourdan!
- . . :
— generic metabolic capacity e
- 1 specific phenotype

= an infinity of possible phenotypes
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Constraints from TRANSCRIPTOMIC data
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Tsocitrate dehydrogenase 1 mutations prime the all-trans 6-7% reactions associated with highly expressed genes
retinoic acid myeloid differentiation pathway in acute o, . . .
myeloid leukemis 3-5% reactions associated with not expressed genes

Boutzen et al. (2016). J Exp Med.

- X —7@Xalir-
= IN?A N. Poupin - Assises Jeunes Chercheurs AlimH - 1-3 octobre 2019 M \ o

T~ SCIENCE & IMPACT



Constraints from METABOLOMIC data

'  METABOLOMIC DATA GENERIC HUMAN
USBP = - — m e e e m e METABOLIC (_ )

% genagss NMR analyses = NETWORK
mee=teul measures of extracellular
metabolite concentrations
N%
production and consumption fluxes
for measured metabolites
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(lac / ala / glyc)

- 12 metabolites CONSUMMED

(glc/gIin/pyr/ile/leu/val/lys
/ pro / his / met / phe / cys)

production
flux

= uptake or secretion of metabolites
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+ model parametrization (growth rate, IDH reaction,

)
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Principle of the method
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Comparison of cell-specific subnetworks
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Pathway enrichment

Fatty Acid oxidation ek
Steroid metabolism o
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Glyoxylate & dicarboxylate metab.

ACTIVE

Stuani et al., Nat. Cancer, under review
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Network visualization helps in the interpretation of modulated reactions

Fatty Acid oxidation pathway (577 reactions)

Reaction activity status based on Reaction activity status predicted m
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Use of metabolic network modeling to help in the identification of therapeutic targets

Pieces of evidence suggesting
metabolic specificities

Targeted analyses based on a
priori assumptions
Biochemical measures,
targeted metabolomics data
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How to find a targetable metabolic vulnerability?

Stuani et al., Nat. Cancer, under review
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Metabolic exploration at larger scale
to generate new hypotheses

Integration of transcriptomic &
metabolomic data in genome-scale
metabolic networks

Major differences in the
Fatty Acid Oxidation pathway
(especially transfer of FA from

cytosol to mitochondria)
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More targeted exploration
to validate & precise the hypothesis

biochemical measures invitro ¢

p-oxidation

/1 mitochodrial FA oxidation
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A oxidative phosphorylation
A fluxes in the TCA cycle

palmitate* oxid

/1 dependency to mitochondrial respiration:
potential therapeutic target?
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Tests of combined treatments
(AraC + IDH inhibitor + inhibitor of
mitochondrial respiratory chain)
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Visualisation and algorithms for omics integration

Sub-network extraction using
"lightest-path" algorithm

Figure by Nathalie Poupin

18 metabolic pathways including at least 1
mapped metabolites < 2345 reactions

Bioinformatics, 34(2), 2018, 312-313

doi: 10.1093/bioinformatics/btx588

Advance Access Publication Date: 15 September 2017
Applications Note [0).630):30}

MetExploreViz: web component for interactive
metabolic network visualization

Systems biology

Maxime Chazalviel'?, Clément Frainay’, Nathalie Poupin’,
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and Fabien Jourdan™*
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Omics data mapping on genes, proteins, reactions and metabolites

User Profile | Network Data Network Curation

About ~ Omics *  ®) Login

Network Viz
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Load network Mining ¥ Drawing ¥ Export ¥ Import ¥ Save ¥ Edit mode ﬁ E Search Node(s)
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Conclusion

* Metabolic networks is a good framework to integrate omics
data ... related to metabolism.

* Itis not a statistical integration

* |dentifiers is a challenge even for proteomics and
transcriptomics

* Mapping on reactions is not a bijection (logical rules on GPRs)

e Visualisation is an added value for multi-omics data
interpretation

 MetExplore is still not able to have all data at the same time
(under construction)

 General remark: important to be precise on what we mean by
integration. Too generic word.
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European RFMF Metabomeeting 2020
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Confirmed plenary and keynote speakers: https://rfmf-mpf-2020.sciencescont.org/

Pr. Warwick (Rick) Dunn, University of Birmingham, UK.

Dr. Maria Fedorova, Universitat Leipzig, Germany.
Networking opportunities Dr. Ingela Lankoff, University of Uppsala, Sweden
Pr. Zoran Nikoloski, Max Planck Institute, Germany.

Good Food! Good Science! Dr. Emma Schymanski,University of Luxembourg, Luxembourg.

Pr. Marcel Utz, University of Southampton, UK.

cYQ) . "W SCOTTISH N\
O“‘ ~ METABOLOMICS IMN
Sufks ; NETWORK

Metabolomics Society Italian Metabolomics Network

Metabolic
O\ Profiling
Forum

o® Netherlands
Metabolomics Centre

German Society for
Metabolomics
Research

Spanish Metabolomics
Society



https://rfmf-mpf-2020.sciencesconf.org/

