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Des modèles prédictifs pour la simulation fine de processus biologiques

Equipe BioSys de MaIAGE

Objectifs de l’équipe BioSys
q Développer des méthodes et des outils permettant de modéliser, d’analyser et de

simuler des systèmes biologiques, de l’échelle des processus subcellulaires à celle de
l’individu (ou des communautés) dans leurs environnements

q Développer des outils permettant de représenter, d’exploiter et d’intégrer les
connaissance, les informations et les nombreuses données, allant des nouvelles `omiques’
au phénotypage haut-débit et en intégrant l’imagerie spatiale et temporelle de l'échelle
subcellulaire à celle d’une population de cellules

Modèle de la traduction des protéines
(déterministe & stochastique)

Données utilisées (déterm.): physiologie, 
quantification RNAtot, rRNA, 

transcriptomique, protéomique quantitative

Modèle d’allocation de ressources 
entre les processus cellulaires

Données utilisées: physiologie, 
métabolomique, fluxomique, protéomique

quantitative

Modèle de la transcription des ARNm
Données utilisées: DNA, RNAseq, Tiling

arrays, métabolomique
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Relate molecular
entities



Protein folding

Membrane occupancy

Cytosol occupancy

Protein production

Energy & precursors
production

Formalization into an optimization problem
Resource Balance Analysis (RBA)

A. Goelzer , V. Fromion and G. Scorletti Cell design in bacteria as a convex optimization 
problem. 48th IEEE Conference on Decision and Control, China, 4517 -22. 2009.
A. Goelzer , V. Fromion and G. Scorletti Cell design in bacteria as a convex optimization 
problem.  Automatica,47(6):1210-1218. 2011. 4
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752 parameters to be estimated

From literature

From data

ν" # ≤ %&'(# From annotation
& bioinformatics
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Quantitative 
proteomicsPhysiology

Fluxomics



Data type Group

Physiological data: length, width, volume
Growth rate, Cell dry weight

Inra - Jouy/Grignon
Greifswald

DNA concentration (5 conditions) Inra – Grignon

Transcriptomic data Inra – Grignon

Protein quantification (absolute)
[quantification some key membrane proteins]

Greifswald

Concentration of ribosomes Greifswald

Amount of total mRNAs Greifswald/Inra - Grignon

mRNA half life Greifswald

Polymerase activity (chip on chip) Inra – Jouy

Metabolic data - external/internal ETH – Zurich

Data dedicated to RBA validation (5 conditions) 
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La difficulté de croiser des données quantitatives absolues
et hétérogènes

Trois groupes impliqués dans la génération des données expérimentales
• Les conditions de culture doivent être « strictement » identiques

• Les informations communes doivent être identiques

Par ex. même taux de croissance pour les cultures dans les 
différents labos 

Par ex. une DO600 de 0,4 doit être comparable entre les différents 
labos

Nécessité d’établir des SOP précises, et des stratégies pour 
contrôler que les SOP sont bien respectées

Du point de vue de la modélisation:
• Le cauchemar des conversions d’unités entre données expérimentales 

et entités modélisées
• Des informations essentielles pour les modèles quantitatifs mais souvent 

absentes

• Evaluer la cohérence du jeu de données par rapport à l’existant

Souvent des données « macro » à l’échelle de la cellule: 
Par ex: conversion DO/poids sec, DO/nombre de cellules, volume, 
quantité totale de protéines, etc.
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Before calibration       Analysis of the datasets

Metabolomics/Fluxomics/Physiology
• HPLC, LC/MS, GC/MS, 2 replicates per condition
• Computation of the uptake rates & excretion rates of nutrients + 

confidence intervals
• Comparison with known fluxes in similar medium and solving

discrepancies if any… (pb of conversion OD/cell dry weight)

Quantitative proteomics (1st dataset on B. subtilis)
• 9 replicates (3 biological x 3 technical replicates), LC-MS/MS
• Per condition:

ü Analysis of the variance with respect to the mean (variance 
stabilization by log transformation), to the number of replicates

ü Computation of the 95% confidence interval
ü Coverage of the (active) metabolic pathways, and other macro-

molecular processes
ü Correlation analysis between known operons and regulons

• Between conditions:
ü Differential analysis between two conditions including a volume 

correction by a multi-test Benjamin-Hochberg procedure with a 
threshold of 1%



Analysis of protein abundance (9 replicates)
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~37% around mean for 
9 replicates



Number of protein by cell among the core metabolism (S)

11

Detection of most of cytosolic expressed proteins including  
those of metabolic pathways
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Protein allocation among all the cell processes  (PYR vs. CHG)



A dedicated procedure for parameter estimation 
from fluxome and absolute protein quantification
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Identification of apparent catalytic rate of ≈600 enzymes
for each growth condition

(Consistency with the expected distribution) 

A. Bar-Even, et al. The Moderately Efficient Enzyme: Evolutionary and Physicochemical Trends Shaping Enzyme Parameters, Biochemistry, 2011, 50 (21), pp. 
4402–4410
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Evolution of the apparent catalytic rates
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Also possible for another organism 

Source of information:
q The iJO1366  metabolic model [2]
q Quantitative proteomics [3] and fluxomics [4] 

[1] Bulovic et al. Metab Eng 2019; 55:12-22.
[2] Orth et al.  Mol Syst Biol 2011; 7: 535.
[3] Schmidt et al. Nat Biotechnol 2016; 34 (1): 104-110.
[4] van Rijsewijk et al. Mol Syst Biol 2011; 7: 477.

Estimation of parameters:
q Apparent catalytic rates !", efficiencies of molecular machines in glucose 

minimal medium (data from [3]+[4])
q Total protein abundance per compartment wrt growth rate, etc. based on 

[3]

Use of RBApy workflow to build a RBA model for Escherichia coli [1] 
By applying the same rationale for data analysis/ parameter estimation   
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What we need & what is missing
In data acquisition/treatments 

For some data (from our experience in microbiology), lack of a clear consensus on
• Data units especially between different scientific communities
• Identifiers (e.g. metabolomics, fluxomics) ?

And also
• Missing information on the mathematical treatment between the raw and the 

treated data
• Missing physiological data 
• Alternative splicing: multi-mRNAs, multi-proteins?
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What we need & what is missing
In the cell description 

The active molecular machine at the basis of the cell description
• Badly and rarely described by itself: ex. Uniprot, TAIR, etc. 
• Some promising attempts for pathway-centered repository (Reactome, 

ChloroKB, etc) … But still ambiguous
ü e.g. The mitochondrial protein IDH3A of S. cerevisiae in Reactome is

linked to the protein P28241  (that still contains the signal peptide)

A problem of cell description and in fine of cross-references between repositories. 
Which lead to a problem of data identification during acquisition  

The problem of cell description is even more difficult for multicellular organism
ü In genome-scale metabolic models of plants, the gene encodes the reaction

New omics technologies allow the large-scale identification of new types 
of « data » (a few examples):
• Molecular machine efficiencies (including apparent catalytic rates )
• Half-lifes of mRNAs, proteins
• Gene-specific translation efficiencies,
• etc.

How to store the information ? 
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