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Développement de pipeline bioinformatique pour
'anayse de données multi-omiques
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Bacnet: Une plateforme d’integration de données omiques

Becavin et al., BioPhysical Journal 2010 (Danes et al. Bioinformatics 2021)




The human upper airway epithelium




Human Lung Cell Atlas
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Deprez et al, AJRCCM 2020
Wungnak et al., Nature Medecine 2020
Muus et al., Cell 2020
Sikkema, Nature Medecine (In Press)

Rk
SOGRESS.

hicee, . Ma& é;HS;MCeIIs
» Muiticilisted cells

cO

Reconstruction d’atlas cellulaire des voies respiratoires



Biologie des systemes

L'approche systémique en biologie

Bioinformatique et données omiques

Reconstruire un réseau biologique
* Les différents types de réseaux
Reconstruction de réseau biologique
Les obstacles a la reconstruction
Structure des réseaux biologiques

* Etat de I'art des reseaux biologiques les plus
étendus

Virtual cell et digital twins
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Du Phenotype au Genotype

103 m

Comment caractériser un
organisme vivant ?
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les ?) phénotype

« Le phénotype c’est I'ensemble des traits observable » wikipedia
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Le gene comme elément héréditaire
expliqguant un phenotype

Walter Sutton (1902)
Gregor Mendel (1822-1884)

Séparation des paires de chromosomes pendant

Le phénotype est héréditaire la méiose
N | ' Le génotype
‘ e @ |
% B Thomas Morgan (1910)
D @ | ©
5 U @ ‘ E' Théorie chromosomique de I’hérédité
0 1€ ‘@ Y4 ’ ° s

Broows s Le génotype et le phénotype sont liés
O Round, green @ Wrinkled, green




LADN comme support DU GENOTYPE

Franklin, Watson, Crick (1953)

Squelette Sucre-phosphate

Légende :
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Thymine (T)

Adénine (A)

Cytosine (C)

Guanine (G)

Désoxyribose (sucre)

Phosphate

Liaison hydrogéne

AGGGTCATTAAATATATATAAAGATCTATATAGAGATCTTTTTATTAGATCTACTATTAAGGAGCAGGATCTTTGTGGAT
AAGTGAAAAATGATCAACAAGATCATGCGATTCAGAAGGATCAGATCGTGTGATCAACCACTGATCTGTTCAAGGATTAG
CTGGGATCAAAAACCTATGTTATACACAGCCACCTTGGGATCTAAAACTTGTTATATGGATAACTATAGGAAGATCACCG
GATAATCGTATAGTTATCCACATGAGATT TGAT TGAAAAAGCATCAATCAATTTTTTCACTACCGTTAAATTTATCCACA
ATCCAAAAAAAAGAGCGGCATTAAGCCGCTCTGCATGGAATAGGTCATTATTTAGAAGCGATTGATGACGCGTTTGAGCC
AAGCTTCAGCGGCATCTTCAGGCACTGGGTGCTCTTGTACATCGATGGTAAAGCAGTTGGCCAGAGGTTTAGCACCAATA
TCCCCCAGCAGCTGATAGGCATGTTTACCTGCCGCGCAGAAAGTATCGTAGCTTGAATCACCAATCGCGACCACGGCATA
ACGTAGTGCAGAGGTATTCGGTGETGTATTCTGCAGAGCCTGAATAAAGGGCTGGATATTATCCGGGTACTCACCAGCCC
CGTGGGTTGAGGTGATGATCAGCCAAGTCCCTTTAGCAGGGATCTCACTCATGTTGGGCTGGTTATGAATTTTGGTGTCA
AAGCCTTGTTCTTGCAGTAAAT CACTCAGGTGGTCACCCACATATTCCGCACCGCCTAGGGTGCTGCCAGTAATGATATG
AATCATAGCGTTACTCTATTTCCCAATACAGAATGATGAAAAAATGCGGCCAAGCAGATCATCGGAGCTGAACTCGECCG
TAATTTCGTTAAGGTGTTGCTGGGCTATACGCAGCTCTTCGGCGAGGATTTCTCCGGCCATATAGCCTTCAAGTTGTTGE
TGGCCAATCGCTAAGTGCTCTGCGGCTCGCTCTAGGGCAT CGAGATGACGGCGGCGTGCCATAAAGCCACCTTCCTGATT
GCCTGAAAAACCCATGCACTCTTTEAGGTGCTGACGCAAGGCATCGACCCCTTGGRCCTGTTTTGGCTGATAGGCGGATCA
AGGTGGGTTGATTAACATGGCAGATCCCAAGGGGCTCACCAGTTTGATCGGCTTTATTACGGATCACAGTGATCCCAATA
TTCTCTGGCAGTT TGTCAACAAAATCAGGCCAGATGTCCTGTGRATCGGTGGCCTCTGTGGTGGTGCCATCGACCATAAA
CAGTACGCGATCGGCTTGGCGGATCTCTTCCCATGCGCGCTCAATACCAATTTTTTCTACCGCATCAGAAGCGTCTCGTA
GTCCCGCAGTATCGATGATGTGCAGCGGCATCCCATCAATATGGATATGCTCACGCAGAACATCACGGGTGGTACCGGCA
ATGTCGGTAACGATGGCAGACTCTTTACCTGAAAGCGCATTGAGTAGGCTCGATTTACCCGCATTAGGACGCCCAGCAAT
CACCACCTTCATCCCTTCGCGCATAATGGCGCCTTGGT TGGCTTCACGGCGCACTGCGGCAAGATTATCTATGATGGTTT
GCAGATCAGCGGAAACCTTACCATCGGCCAGAAAATCGATCTCTTCTTCTGGGAAATCAATTGCGGCTTCAACATAGATG
CGCAGGTGAATCAGCGATTCCACCAAGGTATGGATGCGTTTAGAAAACTCGCCTTGCAGTGATTGCAGCGCGGATTTCGE
GGCTTGCTCAGAGCTGGCAT CAATCAGGTCTGCGATGGCTTCCGCTTGOGTTAAATCCATCTTGTCATTGAGGAAAGCGE
GTTCTGAGAATTCACCGGGACGGGCTGGRGCGCACTCCTTTAATCTGCAAAATACGGCGGATCAGCATATCCATGACGACT
GGGCCACCGTGACCTTGCAGCTCAAGCACATCTTCACCGGTAAATGAATGAGGATTGGGGAAAAACAGCGCAATGCCTTG
ATCGAGCTGTTGGCCATCTTCATCGGTGAAAGGCAAGTATTCGGCATAGCGGGGTCTGAGCGTGCGTCCAGTGACTGTCT
GCGCGACGTGGGCAGCCAGTGGGCCTGATACACGAATAATGCCGACACCACCACGGCCGGGTGCCGTAGCTTGCGCGACA
ATGGTATCTGTTGTCATAGTGTTACCTGAACAGGATTGAATTAGCGCCATTGTAATCAGCAGCCAACAAAAAGGCGACCT
TTTGGCCGCCTCTTTATTACTCAATCAAACTTACTTGGAGTGTAAGCCTTTTTTCTCTAGCGCTTTGTAGATCAGCGTTT
GCTGGATTAGCGTTACGATGTTCGACACCAACCAGTACAGAACCAGACCTGATGGGAACCACAGGAAGAAGAAAGTGAAL
ATGACTGGCATGAAGGTCATGATCTTCTGTTGCATTGGATCGGTGATCOTGATCGGGCTCATCTTCTGGATAACGAACAT
GCTCGCACCCATCAGCAGTGGCAAGATGTAGTAAGGATCTTGCGCGGACAAGTCATGAATCCAAC CAAAGAATGGAGAGT
GACGCAGCTCTACCGACTCCATCAGTGCCCAGTACAGCGCAATGAAAATCGGCATT TGCAGAAGGATAGGGAGACAGCCA
CCCAGTGGGTTTACTTTCTCTTTCTTATACAGCTCCATCATCTCTTGGCTCATGCGCTGGCGATCATCGCCAATCCGLTE
ACGCATCGCTTGCAGTTTAGGTTGCAGCATGCGCATTTTCGCCATTGAGGTGTACTGTGCTTTGGTCAGTGGGTACATCG
CACCACGAACAATAAAGGTTAAGCAGATGATGGCCACACCCCAGTTGCCAACAAAGGTCTGAATCACAGACAGCAACCAG
TGCAGTGGCTTAGCAATGAACCACAACCAACCATAATCAACCACCAGAT CAAGATTAGGGGCTGTTGCGGCCATTTGGTC
TTGCAGTTTTGGGCCTACCCATAAGGTTGCTTCAAACTCTGCTTTATCACCGTTGGCAATGGTTTTGTTTGGTGTACGGA
TACCCATATCACCTAAATTATTGATAACGCGTGAGTAAAGCTGTGCTTGCGGCTCATCACGTGGGATCCATGCTGAAGCG
AAGTAGTGCTGGATCATCGCGACCCAGTTTACCGTCACATCGTTTGGTGCACTGAGGTTGCGATCTTTCATGTCGTCGAA
GCTGTACTTCTTGTAACGCACATCGCTGGTTGAGTAAGCACCACCACGGTAAGTTGGCATGGCGAGGTTGCCACCAGAAT



Du genotype au PHENOTYPE PAR
a regulation genetique

Genetic Regulatory Mechanisms in the Synthesis of Proteins
F.Jacob, J. Monod, J. Mol. Biol. 1961

MODEL I Operator Structural —> >
Requlator gene gene genas A D N
—P—R_—+—— -1'9 i B t— Genes
| |
Repressor ’V{J\» NN "JVLVV\/ Messengers
I\ T ’"L“ rrn‘érrm Proteins

i |

Repression or mduction

Metabolite —/ > A R N
MOOEL O
Operator Structural
Regulator gene gene genes
R A
—t— |LO } $ B t— Cenes
l Operator l
Repressor Vv W Messengers
; I / R TN Proteins

Protéines

Repression or induction

Metabolite

Fic. 6. Models of the regulation of protein synthesis.



Décoder le Genotype

Frederick Sanger (1918 — 2013)

Protéine ARN
A chain B chain : ) i : kg
Gly Phe 1 : et P . 4
lle Val e : e
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Glu GIn [ i EE, i
GIn His s ¥ - :
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Le sequencage du genome humain

Human Genome Project

Lancé en 1985
par le gouvernement
américain

1989-2001

5 milliards de dollars
20 Instituts
6 pays

Celera Genomics
(J. Craig Venter)

HUMAN
GENOME "}

1998-2001

300 millions dollars
(Shotgun sequencing)

A Avinicax Assocuarion

Février 2001



Different Generations of Sequencing
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Du Phenotype au genotype

La réevolution omique

Mosre's Law.

2001 2002 2003 2004 2005 2006 2007 2008 2009 2010 2011 2012 2013 2014 2015 2016 2017 2018 2019

1972: Sanger started work on DNA sequencing

1977: Sanger developed Di-deoxy chain termination method of DNA sequencing

1977: Maxam and Gilbert developed chemical degradation method of DNA sequencing

1977: First DNA based genome sequenced (0X174 bacteriophage)

1995: First baclenum Hasmoph/lus influenzae was sequenced by shotgun method

1996: Applied Biosy d d ing based on Sanger's method
1996: First eukaryotic genome ( isiae) was

2001: Firsthuman genome draft was publlshed by two different independent teams
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2005: First NGS platform released Roche 454 GS-20

2006: Introduction of second NGS platform ~Solexa Genome Analyzer

2006: Initiation of 1000 genome project

2007: Introduction of Roche 454 GS-FLX & ABI-SOLID sequencer

2008: Development of lllumina GA-I|

2009: Introduction of Roche 454 GS-FLX Titanium

2010: Introduction of Roche 454 GS-Junior

2011: Introduction of SOLID 5500 W & lllumina MiSeq

2012: Introduction of lllumina HiSeq

2013: Introduction of SOLID 5500xI W & lllumina MiniSeq

2014: Introduction of Roche 454 GS-Junior+, lllumina NextSeq 500 &
lllumina HiSeq X Ten

2017: Introduction of lllumina iSeq 100

2008: Development of first commercial platform of third generation technology i..e Heliscope by

Helicose Biosciences

2010: lon Torrent released the Personal Genome Machine (PGM)

2011: Introduction of PacBio RS C1/C2

2012: Introduction of PacBio RS C2 XL & PacBio RS || C2 XL, lon Torrent released lon Proton

2013: Introduction of PacBio RS |1 C2 XL

2014: Introduction of PacBio RS Il P5 C3 & PacBio RS Il P6 C4

2015: Introduction of lon S5/S5XL 520/530/540

= 2016: Introduction of PacBio sequel

» 2014: Release of MinION platft by Oxford pore Technol

» 2017:Release of ProMethlON, GridION & SmidglON X5 platforms by Oxford
Nanopore Technologles

» 2018:C of P ON platf by Oxford pore Ti
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Microbial Technology for the Welfare of Society, 2019, Springer

Tissue/Cell Lines

@0
I{"" Genomics -

’ Mutation screening .

*  NGS:Whole genome sequencing (DNA-Seq)
l *  NGS: Exome sequencing (DNA-Seq)

NGS : DNA -seq
SNP microarrays

e TR
Chromosomes e / '

Metabolomics
Metabolomic profiling

Carbohydrates Sk 4
Glycomics \ 1

)

Amino acldi
Transcriptomics mRNA

Protein

Gene-expression profiling .| * DNA microarrays Proteomic profiling + * Mass spectrometry
* NGS:RNA-seq

Proteomics * Mass spectrometry after
Pbogpbopro(gom,'c immunoprecipitation with
profiling phosphotyrosine-specific

antibodics

MicroRNA-expression profiling .| * DNA microarrays
*  NGS:small RNA-seq

Wu R.Q., J. dent. Research, 2010



Les differentes echelles omigues
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Le Projet ENCODE

Encyclopedia of DNA Element
2003 - Présent
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Big Science

CGA — Atlas des tissus cancereux

2005 - Présent

NATIONAL CANCER INSTITUTE
THE CANCER GENOME ATLAS

TCGA BY THE NUMBERS

TCGA produced over TCGA data describes including
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of data i TUMOR TYPES ~ CANCERS
..based on paired tumor and normal tissue sets
To put this into perspective, 1 petabyte of data collected from
Y ||“| 11 0 0 0
' 4 PATIENTS
P gg— DVDs Lusing
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DATATYPES

12 tumor types

Glioblast GBM! . 3 .
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Lung adenocarcinoma i

(LUAD) 2 ’
Breast (BRCA) /{' ~ L
Ovarian (OV) Z ; A ~ =
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Du Phenotype au Genotype
Qu’avons-nous appris 7

Il n’y a pas que 3 échelles omiques de régulation

ADN

Les geénes ne sont pas les seuls éléments du génome

Importance des parties non-codantes
ARN

Les modes de régulation sont quasi-infinis

Protéines




La biologie des systemes

LacZ operon version 2021

Genetic Regulatory Mechanisms in the Synthesis of Proteins
F.Jacob, J. Monod, J. Mol. Biol. 1961

https://www.genome.jp/kegg-bin/show_pathway?ko00052+K01190

MODE{R‘ I Operator Structural
equlator gene gene genas
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Repressor VL AN Messengers
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Repression or induction
Metabolite —
MODEL T
Operator Structural
Regulator gene gene genes
R O, A B8
e 4 t t— Genes
l Operator l
Repressor Vv l Messengers
L T / NP TN Proteins

7

Repression or induction

Metabolite

l

Fic. 6. Models of the regulation of protein synthesis.
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https://www.genome.jp/kegg-bin/show_pathway?ko00052+K01190

Réseau de régulation genéetique chez Escherischia Coli

Chague point est un gene
Chaque ligne est un lien de régulation entre gene

Il y a 4292 genes

Le réseau a été reconstruit en utilisant :
524 puces ADN dans 264 conditions expérimentales

Allen et al., PlosOne, Jan 2012
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Le cycle de Krebs REMIS en contexte
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La biologie des systemes

Cancer gene network — Institut Curie

Etudier les processus biologiques avec une approche de
réseau

Une approche « Top-down »

Le tout est plus que |la somme de ses parties




Biologie des systemes

'approche systémique en biologie

Bioinformatique et données omiques

Reconstruire un réseau biologique
* Les différents types de réseaux
Reconstruction de réseau biologique
Les obstacles a la reconstruction
Structure des réseaux biologiques

* Etat de I'art des reseaux biologiques les plus
étendus

Virtual cell et digital twins
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Evolution de la protéomique

Western blot : Mesure de protéine

unique Gel 2D : Mesure de plusieurs protéines
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Evolution de la protéomique

Detection
faraday . 7. \
collectors Pour POUVOIr passer les protelnes dans un spectrometre
m/q} = 46— . . .
{ma) =35 —— il faut les ioniser
m/q} =44 —4- |
g Reduction
magnet = . _ Mélange ../e\fﬁe{ il
X amplifiers VYV o /matrice—échantillon 5;—_,\1'1‘3
P Oxidation -
: . P =1ed
i o , = =] |
lon source output ¢ gl -, o . .
__—beam focussing ) | f*.g;. - o - s * ¢ o @
— _‘__ ion acelerator ‘:o’. ;OF - Ilunisatiun . & Iuns:luleculalres
- y ! @ L -] &
"~ electron trap Désorption ¢ N ¢
T ion repeller T
K\ gas inflow (from behind) :ﬁger:g':j mass Blohvotoas eetons
ionizing filament q ion charge power supply
Spectrométrie de masse lonisation des protéines par spray lonisation des protéines par laser

1888 - 1918 ESI - 1968 MALDI - 1985



Evolution de |a proteomique

Les protéines ionisées sont injectées dans le spectrometre de masse.

. Samples:
Solvents: mobile phase Multiple component
Mixtures

1 Detection
ARIB
i
e Mass Spect t
,‘5 F ass Spectrometer
= = t |/
O Interface +
\- 0 Ion source
High performance liquid HPLC Chromatogram+
Mass spectrum analysis

Chromatography (HPLC) device ~ Column

Schéma du LiquidChromatography/MassSpectrometry LC/MS - 2009

On rajoute un fractionnement des peptides pour avoir une meilleure précision
LC/MS/MS



SEARCH!

e.g. ACE2, GFAP, EGFR

BRAIN ATLAS

2000 - Présent

BLOOD ATLAS

Big Science

HUMAN PROTEIN ATLAS <

Scientific Milestones

©w 0 N O O A~ W N =

— = =k =i =i = =k % =
0 ~N OO o A W N = O

Title

Affinity tags for protein purification

Solid phase sequencing

Pyrosequencing

First concept of antibody-based proteomics
The Human Genome Project
Chromosome 21 pilot

Start of the Human Protein Atlas program
Tissue microarrays

The HPA data management system
Launch of the Human Protein Atlas portal
Creation of an antibody resource

Protein arrays

Biomarkers for body fluids

Epitope mapping of antibodies
Antibodypedia antibody portal

Biomarker discovery in pathology

Knowledge-based portal

Therapeutic antibodies and Affibodies

Title

Targeted proteomics

Integration of RNA and protein profiles
The Tissue Atlas

Correlation of RNA and protein levels
Human secretome resource

Antibody validation

The Subcellular Atlas

The Pathology Atlas

Systems medicine

Wellness profiling and precision medicine
Deep learning and citizen science
Human secretome annotation

The Blood Atlas

The HPA Kaggle Challenge

The Brain Atlas

The Metabolic Atlas

The fight against the novel coronavirus



Comment détecter les régulations transcriptomiques ?

Tissue/Cell Lines

1972: Sanger started work on DNA sequencing - g
1977: Sanger developed Di-deoxy chain termination method of DNA sequencing !
1977: Maxam and Gilbert developed chemical degradation method of DNA seque

1977: First DNA based genome sequenced (DX174 bacteriophage) ’

1995: First bacterium Haemophilus influenzae was sequenced by shotgun methc {d"

1996: Applied Biosystems developed automated DNA sequencing based on San

ol
1996: First eukaryotic genome (Saccharomyces cerevisiae) was sequenced ll Genomics

* NGS:Whole genome sequencing (DNA-Seq)
* NGS: Exome sequencing (DNA-Seq)

VVVVVVYYVYY

NGS : DNA -seq

2001: Firsthuman genome draft was published by two differentindependent tean ‘ Mutation screening . :
SNP microarrays

First
Generation

2005: First NGS platform released Roche 454 GS-20

2006: Introduction of second NGS platform —~Solexa Genome Analyzer
20086: Initiation of 1000 genome project

2007: Introduction of Roche 454 GS-FLX & ABI-SOLID sequencer
2008: Development of lllumina GA-II

20089: Introduction of Roche 454 GS-FLX Titanium

2010: Introduction of Roche 454 GS-Junior

2011: Introduction of SOLID 5500 W & lllumina MiSeq

2012: Introduction of lllumina HiSeq

2013: Introduction of SOLID 5500xI W & lllumina MiniSeq

c . Lipids
_— <N, Lipidomics

\N‘

o

Metabolomics \,f
‘ » .
Carbohydrates Metabolomic profiling

Second
@ Generation |

VVVVVVVVVVYN

Different Generations of Sequencing

2014: Introduction of Roche 454 GS-Junior+, lllumina NextSeq 500 &
lllumina HiSeq X Ten
2017: Introduction of lllumina iSeq 100

Glycomics \\\ e / .

)

Al

» 2008: Development of first commercial platform of third generation technology i..:

Helicose Biosciences "‘ 3 - )‘yx
» 2010: lon Torrent released the Personal Genome Machine (PGM) g, <> ﬁ .
( Third » 2011: Introduction of PacBio RS C1/C2 2 Amino acids
—  » 2012: Introduction of PacBio RS C2 XL & PacBio RS Il C2 XL, lon Torrent relea: 'rr.n Db £ .
Generation » 2013: Introduction of PacBio RS Il C2 XL scriptomlts mRNA J S
» 2014: Introduction of PacBio RS || P5 C3 & PacBio RS Il P6 C4 3 . 1 o DN N Protein . " . X
> 2015: Introduction of lon S5/S5XL 520/530/540 Gene-expression profiling | DNA microarrays Proteomic profiling Mass spectrometry
» 2016: Introduction of PacBio sequel * NGS:RNA-seq Dralssudis " .
* Mass spectrometry alter

, ; ; i ¥ i ing | * DNA microarrays
» 2014: Release of MinlON platform by Oxford Nanopore Technologies MicroRNA-expression profiling | 4 Phosphoproteomic immunoprecipitation with
Fourth » 2017: Release of ProMethlON, GridION & SmidgION XS5 platforms by Oxford * NGS:small RNA-seq profiliag phosphotyrosise-specific
(9" % Nanopore Technologies et
Generation » 2018: Commercialization of ProMethION platform by Oxford Nanopore Technolcy.wo antibodics

Wu R.Q,, J. dent. Research, 2010

Microbial Technology for the Welfare of Society, 2019, Springer



Evolution de |a transcriptomique
Les prémices avec les puces ADN

L

-
R .;::::us . _mRNA mMRNA 2 Filter
Phenol  <» Protein AR g Raverse Cy Dyes A : . laser s intensity
. i T Nucleotides ,  Transcriptase +ton +* 27 ratio
—— Cy5 Cy3 a
CDNA = febelled CDNA
Sample Purification RT Coupling Hybridization Scanning Normalization
and washes and analysis
R G
LR s g |

* Expression des ARNs

* Comparaison de génomes
 SNP

 ChiIP
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Séquencage haut débit - short-read

MRNA extraction

. Rl ORF-2

Reads mapping
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https://www.illumina.com/content/dam/illumina-marketing/documents/applications/ngs-library-prep/ForAllYouSegMethods.pdf



https://www.illumina.com/content/dam/illumina-marketing/documents/applications/ngs-library-prep/ForAllYouSeqMethods.pdf
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https://www.illumina.com/content/dam/illumina-marketing/documents/applications/ngs-library-prep/ForAllYouSeqMethods.pdf

Séquencage haut débit - long-read

MRNA extraction

. Rl ORF-2

Reads mapping




Sequencage a cellule unigue

_ 10x Next GEM Technology for Slngle Cell Partitioning

( J

.C!‘

Sample Oil Gel Beads in EMulsion (GEMs) 7

|eve® 'y o/

\ 4 .‘

l ‘ \ “'x‘o.o‘j

@ ® 0 0° ® ® 0 ° ® O &

Adapted from 10x Genomics



Une variété de techniques single-cell

Lineage

©

» scGESTALT??
» ScarTrace®
* LINNAEUS*
* MEMOIR?

DAIAMA L

DNA
methylation
* scBS-seq"’
* snmC-seq'®
* sci-MET*

Intracellular

protein
o PEA%50

Genome

sequence
* SNS°
* SCl-seq™®

State Trajectory
Cell surface proteins
* CITE-seq®
* REAP-seq’!
® 4142
—— Spatial position
° MERF’SH]OIIOS.]OQ
e smFISH%?
* STARmap?! ©0®
0© OO 0O
© ~ 000
O o
00¢
, 00 ‘o
~~.. 0000
Op 00000
0o ©0 00 o
o 0OvYO0
@]
°c°0¢’%
OO @)
Pseudotime
mRNA * Monocle™”
Histone * Drop-seq’ ‘ W'Shb°"$:4
modifications * InDrop’ ® Velocyto 72
Chromatin * scChlP-seq®2*  ° Smart-seq2* ¢ Diffusion
accessibility * MARS-seq’ ‘
* scATAC-seq"’ * 10X Genomics®
* sciATAC-seq** * SPLiT-seq®

* scTHS-seq®
* 10X Genomics

Integrative single cell analysis, Stuart & Satija, Nature Rev. Genetics. 2019

* sci-RNA-seq’



Mesure simultanée sur cellule unigue
Exemple : 10X Multiome sequencing

/-

Single Cell Multiome
ATAC + Gene Expression




There are

37 trillion cells Big Science
kSNl plesdt Human Cell Atlas

The Human Cell Atlas will create a ‘Google map’
of the human body. This is a global effort. 2 O 1 7 - p rese nt

Endothelial

ey ) Atlas des voies respiratoires
“ | ‘ , 46 jeux de données

+ 2,2 millions de cellules

Epithelial Endothelial and stromal

Sikkema et al. Nature Medecine 2023



La bioinformatique pour analyser les données omigques

Exemple: Analyse RNA-Seq de Escherichia coli
GB4 BIMB

- 2 technical replicates of WT strain

- 2 technical replicates of MazF expressing strain

Escherichia coli K12 substr. MG1655
4641652 bp with 1 chroimosome



Paired-end sequencing

Paired-End Reads Alignment to the Reference Sequence

T —
—
L —
L

] Referancs | L E—
?
Read 2

Paired-end sequencing enables both ends of the DNA fragment to be sequenced. Because the distance
between each paired read is known, alignment algorithms can use this information to map the reads over
repetitive regions more precisely. This results in much better alignment of the reads, especially across
difficult-to-sequence, repetitive regions of the genome,



RNA-Seq reads

=

Align reads to
genome

J

Genome

Assemble transcripts
from spliced alignments

-] More abundant
C——)
O ;=] Less abundant

Assemble transcripts
de novo

Align transcripts
to genome

Ch—— ]
C—_{¥—{ ]

Mapping des reads

ZTTTCACTTTAGTTTTTTCTGATAATAATTTTCAGGAAAAAGAAAGCTN

sTTTCACTTTAGTTTTTTCTGATAATAATTTTCAGGAAAAAGAAAGCTA|

Left breakpoint

Left breakpoint Right breakpoint

FACCTAGAGAACTGATAAGTACCATTCAGACCAGGAAAGGTACTATCATTTAAATGGTGTTGTAAAGATACTGTTTGTGTGCTTTTGATCATG

CACCTAGAGAACTGATAAGTACCATTCAGACCAGGAAAGGTACTATCATTTAAATGGAGTTGTAAAGATACTGTTTGTGTGCTTTTGATCATG

—
"o

JTTTCACTTTAGTTTTTTCTGATAATAATTTTCAGGAAAAAGAAAG
TTTCACTTTAGTTTTTTCTGATAATAATTTTCAGGAAAAAGAAAGCTA|
TTECACTTTAGTTTTTTCTGATAATAATTTTCAGGAAAAAGAAAGCTA
TTTCACTTTAGTTTTTTCTGATAATAATTTTCAGGAAAAAGAAAGCTA|

TAATTTTCAGGAAAAAGAAAGCTA

TTTCACTTTAGTTTTTTCTGATAATAATTTTCAGGAAAAAGAAAGCTA|

T TTCTGATAATAATTTTCAGGAAAAAGAAAGCTA|

ATAATAATTTTCAGGAAAAAGAAAGCTA|

TTTCTGATAATAATTTTCAGGAAAAAGAAAGCTA|

CAGGAAAAAGAAAGCTA|

TCTGATAATAATTTTCAGGAAAAAGAAAGCTA|

TTTTCAGGAAAAAGAAAGCTA|

GAACTGATAAGTACCATTCAGACCAGGAAAGGTACTATCATTTAAATGGAGTTGTAAAGATACTGTTTGTGTGCTTTTGATCATG
ICACCTAGAGAACTGATAAG TTTAAATGGAGTTGTAAAGATACTGTTTGTGTGCTTTTGATCATG
c ACTGATAAGTACCATTCAGACCAGGAAAGGTACTATCATTTAAATGGAGTTGTAAAGATACTGTTTGTGTGCTTTTGATCATG
ICACCTAGAGAACTGATAAGTACCATTCAGACCAGGAAAGGT
CACCTAGAGAACTGATAAGTACCATTCAGACCAGGAAAGGTACTATCATTGAAEBTG
CACCTAGAGAACTGATAAGTACCATTCAGACCAGGAAAGG
CACCTAGAGAACTGATAAGTACCATTCAGACCAGGAAAGGTACTATCATTGAAETG
CACCTAGAGAACTGATAAGTACCATTCAGACCAGGAAAGGTACTATCATTGAAETG
ICACCTAGAGAACTGATAAGTACCATTCAGACCAGGAAAGGTACTATCATTGAAECTG
ICACCTAGAGAACTGATAAGTACCATTCAGACCAGGAAAGGTACTATCATTGAAETG
ICACCTAGAGAACTGATAAGTACCATTCAGACCAGGAAAGGTACTATCATTGAAEBTG
CACCTAGAGAACTGATAAGTACCATTCAGACCAGGAAAGGTACTATCATTKAAMTGGAGTTGTAAAGATACTGTTTGTGTGCTTTTGATCATG
CACCTAGAGAACTGATAAGTACCATTCAGACCAGGAAAGGTACTATCATTGAAGTG

TAAGTACCATTCAGACCAGGAAAGGTACTATCATTTAAATGGAGTTGTAAAGATACTGTTTGTGTGCTTTTGATCATG

TAAATGGAGTTGTAAAGATACTGTTTGTGTGCTTTTGATCATG

GGAGTTGTAAAGATACTGTTTGTGTGCTTTTGATCATG

TACTATCATTTAAATGGAGTTGTAAAGATACTGTTTGTGTGCTTTTGATCATG

T
TTTCACTTTAGTTTTTTCT
TTTCACTTTAGTTTTTTCTGATAATAATTTTCAGGAAAAAGAAAGCT
TTTCACTTTAGTTTTTTCTGATAATAATTTTCAGGAAAAAGAAAGCTA|

AGGAAAGGTACTATCATTTAAATGGAGTTGTAAAGATACTGTTTGTGTGCTTTTGATCATG
GAACTGATAAGTACCATTCAGACCAGGAAAGGTACTATCATTTAAATGGAGTTGTAAAGATACTGTTT

CACCTAGAGAACTGATAAGTACCATTCAGA—TACTATCATTTAAATGGAGTTGTAAAGATACTGTTTGTGTGCTTTTGATCATG

GAACTGATAAGTACCATTCAGACCAGGAAAGGTACTATCATTTAAATGGAGTT

TTTCACTTTAGTTTTTTCTGATAATAATTTTCAGGAAAAAGAAAGCTA|

GTAAAGATACTGTTTGTGTGCTTTTGATCATG

ICACCTAGAGAACTG

TTTCACTTTAGTTTTTTCTGATA




Création des fichiers de couvertures

I I TIErr i [ ¥ 1] I I um —
LT HIHIHEEMH 1 —
| IHHI MR | —i 7]
| HIIHHIE Ml ———N
| IHHE IHHI i——N
HH-HE R RuL L | I—a
HHHIR I H————Il
HH 11 IHHM I—i
HER I [HH I—1i
HIT IHIHHM I []
HID IRIL O M ]
HIE 1 IHHI I
HI THMI] [}
YV i
HHHHILE | Coverage = 3 2 0 1 4
HHHE IHHI
e |
TEHN Fichier .bam
H I IH ) ,
H LI — Alignements des reads le long du génome par
IH HiI A A H
H leurs coordonnées génomiques
H HI H
H HI H
H HH
H H H
M HI H
H HI
H i ]
| 1
1
I
[
I
1
H
——
—
Fichier .bw
Coverage (couverture)
unﬂhl_ i = Somme de reads alignés a chaque position génomique

Eefieq Genes
cDCza

- Transcrit annoté



Comptage du nombre de reads par gene (ou exon)

Tableau de counts bruts:

Echantillon 1 RNA-seq (NGS)
= Comptage des reads associés a
Gene A Gene B R R
chaque gene (ou exon) apres
' '_ ' I N o B N s BN alignement sur le génome

Echantillon 2 15 3

Gene A Gene B
1 | - = M |




Analyse d’expression differentielle

Exemple Design = 3 réplicats pour chaque condition

Pour chaque contraste (= comparaison)

A =Log,(Expression moyenne)

Condition 1 Condition 2 M= Log,(Ratio)  Résultats Statistiques
ID Ech1 Ech 2 Ech 3 Ech 4 Ech 5 Ech 6 M A P- value | adj.p.Value B
Gene A 4.7 7,3 3,3E-06 12,9
Gene B 4.6 73 3,3E-06 12,8
Gene C -2,5 6,3 4,7E-05 11,1
Gene D 45 71 7,5E-05 10,6
Gene E 4.6 7,2 0,00011517 10,1
Gene F 2,1 8,7 0,0001545 9,6
Gene G -1,9 9,1 0,0001545 9,6
Gene H 2,0 8.8 0,0001545 9,5
Gene | -2,3 6,1 0,00015595 9,3
p-value  Log Odds
ajustée (B)



RNASeq analysis workflow

Workflow implementation

Trimming of reads - CutAdapt CutAdapt

Reads mapping — Bowtie2
Bowtie2 / Samtools

Counting read per genes - FeatureCount

QC tools - MultiQC FeatureCount

Differential expression analysis — DeSeq?2
DeSeq2 / EdgeR

FastQC

MultiQC



Workflow bioinformatique

Tout pipeline d’analyse bioinformatique est un workflow d’échange et
modification de données

Fichier 1 Software Fichier 2 Software Fichier 3 Software Fichier 5
Script Script
Test stat Test stat

Script
Test stat

Software Fichier 6
Script
Test stat

Workflow




Le developpement de projet et |a gestion des versions

Fichier 1 Software Fichier 2 Software Fichier 3 Software Fichier 5
Script Script Script
Test stat Test stat Test stat

Software
Script
Test stat

Deux cycles de vie différents ! Fichier 4 Fichier 6

Software/Script/Test stat Datasets
Software 1 Data 1
Test 1 Data 2
Script 1 Data 3
Script 2 Data 4



Temps d’'exécution

CutAdapt
FastQC

4 datasets = 3h
8 datasets = 6h
16 datasets = 12h

CutAdapt — 5 minutes

Bowtie2 — 30 minutes
Bowtie2 / Samtools MultiQC FeatureCount — 5 minutes

FastQC — 2 minutes

MultiQC — 2 minutes - _
DeSeq2 — 1 minute Ecoli = 4.6 Mbase pair |
Human = 3.4 Gbase pair !!!
FeatureCount

x10 more data !
Need to have more POWER

Total: 45 minutes for 1 dataset

DeSeq2 / EdgeR



Le cluster de calcul

— * Submit hosts (notre ordinateur)
Submit Admi:liztsr'::cn
Hosts  Master hosts (job scheduler running on
SGE)
Master Shadow

Host » Execution hosts (array of computers)

]

Execution
Hosts

Il Faire attention a la mémoire partagée

entre nceuds et celle unique a chaque nceud
11

L

\ . foxon Design /




Le calcul Haute-performance - HPC

Google Cloud Platform

Cluster de calcul GPU

Ml Azure

>
NVIDIA.
GPU CLOUD

Cluster de calcul cloud

workload manager

O PBS Works

DEEP HPC HPC
Cluster de calcul CPU LEARNING APPS VISUALIZATION



Exemple de pipeline bioinformatique

https://academic.oup.com/nar/article/44/W1/W29/2499316

INFERNAL
— > reference C AE— SN,
A ARAGORN A species — GFF3 B e Tl
ncRNA annotation y W
>  GAF y/ -\
genomic - /4
sequence AUS;J?;US ;:esg BLAST+ . ortholog > EMBL /
l RATT OrthoMCL transfer l »  csv
ABACAS ——| oo ke e ——>  AGP
pseudocontig level | t
. . ) . Pfam Boman —» clusters
transcript/protein » AUGUSTUS s
P I p e I I n e d a n n Otat I O n alignments HMMER annotation —> HTML report
7 4 L [ ) L 1L J
d e g e n Ol I I e b a Cte re n S pset::%%(t:iréﬁ)ar‘r&giome structural annotation functional annotation distﬁglsltt%gcge:r?é?gﬁon
B
E U
reference
chromosomes ——»
BLASTNn e
genomic > I o
sequence Circos —> PNG
CcSsVv i
GBlocks E
GFF3 seloeoc[:t?on cor?gi?nes MAFFT Newick
FastTree
clusters * > singletons j
shared c‘llnrj‘;((;:g - -
L; core genes X
reference
orthologous

clusters




Exemple de pipeline bioinformatique

10X Single cell Multiome (RNA-Seq + ATAc-Seq)

https://support.10xgenomics.com/single-cell-multiome-atac-
gex/software/pipelines/latest/map/cr-arc
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Biologie des systemes

'approche systémique en biologie

Bioinformatique et données omiques

Reconstruire un réseau biologique
* Les différents types de réseaux
Reconstruction de réseau biologique
Les obstacles a la reconstruction
Structure des réseaux biologiques

* Etat de I'art des reseaux biologiques les plus
étendus

Virtual cell et digital twins

o,

"

N =\




Les eléments fondamentaux des réseaux biologiques

Biological
* Lesgenes Component Data Type
. (3 L
e Lestranscrits ene Locus —J»- [HHESIEIE .
e Les prOtéines / Transcriptomic

* Les complexes de protéines Transcripts. —3» -

e Les métabolites

’ . . Functional
* Lesreactions enzymathues Protein —]-ﬂ «f— Proteomic
Complex

;1' lj{“{1I] [}cjczr]]-if— Fluxomic

Reactions
Mol. BioSyst., 2007, 3, 598-603 \

o D @ RHDJ‘_ Metal_:m!-

P ] B ] Qrmic




Types de reseaux biologiques

4 =~ =~ 2 \

* Réseau d’interaction protéine-proteéi

O Proteins

Metabolites

* Réseau meétabolique

Metabolism
== - Gene regulation

Cell signaling

* Réseau de régulation génétique

m—  PPls

® ®

* Réseau de signalisation cellulaire



Réseau d’interaction
protéine-protéine (PPI)

Chague nceud est une protéine

Q Proteins

——  Protein-protein interactions

Chaque aréte représente un lien
d’interaction physique entre protéines

Le réseau est non orienté



Exemple de PPI

(Protein protein interaction)

20S proteasome

GTF2HS GTF2H2C

/
PSMB3 )(// r N o

TFIIH transcription factor core

PSMB6 ERCC3 Gre GTF2H1
o \ / \
PSMA6 ™ i “~psmB7 GTF2H4 == GTF2H3 == GTF2H1

A
. » L
ey f
e R RabGDP
yiedsklisd
RFC complex S5 Aty el )
/ oo
Sees ot
# RFCI r*g‘..,}’.ﬁ“
1 RAB34  RABI3
RFC3 Edge/node color ragae \ [ RaB8A
. ¢ S0 \
1\ structural evidence \ /
RFC2 RFC4 Il YES RAB31 P RAB12
T o e A
‘ \Nlz NO BaTsoR RABSB/ RAB4A
RFC3 RFC5 RAB7A
RAB9A

RAB10

3137 interactions de protéines

» 5000 protéines

Prédiction faites en utilisant
FoldDock et AlphaFold

Burke et al.
Nature Structural &
Molecular Biology 2023



Réseau
métabolique

Les noeuds sont les métabolites et les
enzymes

Les arétes représentent les réactions
métaboliques et leurs flux

Le réseau est orienté

O

Metabolites

Proteins

Metabolism



Exemple de réseau métabolique

Pentose Phosphate Pathway

Glycolysis

Human Glycolis TCA PPP

EX co2 e
BIGGS Models 2023 "
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Réseau de régulation

genéetique (GRN) @
" i O Gene

* Les nceuds sont les genes et les ~

facteurs de transcription

l
| — —+ (Gene regulation
* Les arétes représentent les régulations @
/
4

transcriptionnelles

"4

* Le réseau est orienté @



Exemple de GRN
(Gene regulation Network)

let-Tc
Snai2 1| chra
. "~ 7 Un réseau de régulation génétique chez la souris
v Saxb
\ Baprila ) A w154/ Hicl .
Sox2 R N D = Les geénes codants sont en blanc
i Ielfbrl -a Mapkl Pbx3
o =iR 22 I ) )
Inkb W O g S| T miRNA en rose
p _ i miR 2% <« ~ Ifoxfz\ (l = Qrmd-i
\ Pbx2 X A ™iK-19a ?ik--mn . d ..
Runx1 iR-13352 4 P, \ Za " 1 TF = facteur de transcription en vert
e il Foxd3 Sp8 A e
- A )‘ Y ’, ‘ ) P ;n'u 302 \ Veula
an—waé ‘..-v.-z;.g v ; ' / L EmiR-l? {/ Al
" 1Faxel <Ds1]
A /, = /r; S Hs2s
AT [Pt S = "~
ZA m_wa-\ Pst | 7gho # L. & 7 hiR-152 e
« - ¢ = MRk P \ ~
il i "a r nik-18a/ Inhbh \ .
MR200 103 =\ 4
axd l v 4
i 2 . . . . . . .
Mef2e Y i Li et al., Briefings in Bioinformatics, 2019

mik-o2a MiR-369 | Zebl



Réseau de signalisation
cellulaire (pathway) @
Q Protein
Les noeuds sont les protéines, mais

aussi les génes et métabolites — —+»  Cell signalling

Les arétes orientées représentent les @

voies de signalisation cellulaire

Les autres réseaux peuvent étre vu \

comme des sous-graphes de celui-ci @



Example de pathway

GLYCINE, SERINE AND THREEONINE WETAB OLISNM
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KEGG Pathway database 2023

Glycine, Serine, and threonine metabolism

Genes = rectangles

Metabolites = les points

Autres pathway = ellipses



Biologie des systemes

'approche systémique en biologie

Bioinformatique et données omiques

Reconstruire un réseau biologique
* Les différents types de réseaux
Reconstruction de réseau biologique
Les obstacles a la reconstruction
Structure des réseaux biologiques

* Etat de I'art des reseaux biologiques les plus
étendus

Virtual cell et digital twins

o,

"

N =\




Reconstruction des réseaux biologiques

ANGPT1

Known Interactions

f j—" % from curated databases

At experimentally determined

j —

Uexemple de I'interaction protéines-protéines

Réseau d’interaction protéine-protéine
de l'insuline prédite par string-db.org

Predicted Interactions

At gene neighborhood

j —

AN gene fusions

j —

f__,.._ p gene co-occurrence

j —

Others

At textmining

f T—

e co-expression

e

At protein homology

R



Reconstruction des réseaux biologiques

exemple d’interaction protéines-protéines

Reconstruction directe Reconstruction indirecte

Predicted Interactions

Known Interactions |

St gene neighborhood

Y\ from curated databases S  gene fusions
—

Aeetfh  experimentally determined gene co-occurrence

Others

A | F '

textmining
P co-expression

-l-. "

protein homology




Reconstruction directe des réseaux métaboliques

Class

EC1
Oxidoreductases

EC 2
Transferases

EC3
Hydrolases

EC 4
Lyases

ECSH
Isomerases

ECE
Ligases

Top-level EC numbers!®!

Reaction catalyzed

To catalyze oxidation/reduction reactions; transfer of H and O
atoms or electrons from one substance to another

Transfer of a functional group from one substance to another. The
group may be methyl-, acyl-, amino- or phosphate group

Formation of two products from a substrate by hydrolysis

Non-hydrolytic addition or removal of groups from substrates. C-C,
C-N, C-0 or C-5 bonds may be cleaved

Intramolecule rearrangement, i.e. isomerization changes within a
single molecule

Join together two molecules by synthesis of new C-0, C-5, C-N or
C-C bonds with simultaneous breakdown of ATP

Typical reaction

AH + B — A + BH (reduced)
A+ 0 — AQ (oxidized)

AB+C —A+BC

AB + Hz0 — AQOH + BH

RCOCOOH — RCOH + CO5 or
[X-A+B-Y] — [A=B + X-Y]

ABC — BCA

X+¥ +ATP — XY + ADP + P,

Enzyme Commission number for enzymes

https://en.wikipedia.org/wiki/List_of _enzymes

Enzyme example(s) with
trivial name

Dehydrogenase, oxidase

Transaminase, kinase

Lipase, amylase, peptidase,
phosphatase

Decarboxylase

lsomerase, mutase

Synthetase



Reconstruction directe des interactions protéines-protéines

Base de données : Reactome, PDB, KEGG

@) Binary mapping

Yeast two-hybrid (Y2H) S Interaction 2 a 2

(b) :
Co-complex mapping

Identification by
mass spectrometry

Affinity purification ‘
followed by mass

spectometry “ .'

(AP-MS)
Complexe protéique

Identification by

Co-fractionation
mass spectrometry

followed by mass .‘

spectrometry g
@ & &

Time

Intensity

(. Protein —— Direct physical interaction =~ ----- Protein association )




Reconstruction Directe des Gene Regulatory Network
Détection des facteurs de transcription

gAdr'Na\-\'or

osSRMND\

ONA ) -
Gno\'w‘\ sive
Lfor s ackxivaro
Activateur

Achva\-\-or helps
enera\ rranschpriony
-e +ors k RNA polymerase

Transeription !

Represseur

(T
No tvanscription

GTGGCA

C. B'w\o\'\hq s\e 'K
for ¥S vepressov

DNA \__L L - ra 2

Tafabe.'* csm,

Repressov blocks
eneral -\-vramscx\?hon
? ctors £ ANA polywmerase



Reconstruction Directe des Gene Regulatory Network

Détection des facteurs de transcription

Recherche de motif Méthode CHIPSeq Validation des TF

Transcription Factor Motif Motif Fold Enrichment

Neurod family GCC ATOTGO? 2.39
Lhx / Lmx family TT AAT'I' AA 2.42
Nfitamily dimer TGGC A Gm A A
o (lr.(CATG.AMC  °*

Novel Hox dimer 2.32
IAAIT‘?‘ . ,kéAIIA-’?

oo TO0CA. TocCH

»H

14

= |
. LU
.

luster . . ﬁ Z-score - -
C1C2 C3 C4 C5 C6 C7 C8 C9 C10 2 | 0 1 2

N

06




Reconstruction indirecte des réseaux biologiques

A Paradigm |
Yeast-2 Mass- Literature
Hybrid spectrometry Curated
interactions

% Human Intemctome

Dlseasemo&nle ‘, ‘QgI ‘G‘ \b/PP
NG L

| O D»sease genes
Largest conn le A
compone%—

Cc

Conditions

Expression data
(Phenotype I)
Statisical “re

Analysi:
. ‘T-test”

ndition.

) b o I ‘
Potential disease = / 1
it by associat '%‘ < n
i ast iation) . /

L
Expression data . 5 Identifying differential
Differentiall 9
(Phenotype ||) v Co-expressed genes

Expressed genes

Expression data
Phenotype |

Motif data D

D/S{DD

Motif data

o5 |

Interaction data

Conditions

Expression data
Phenotype Il

Paradigm Il

-

Network for
Phenotype |

7
Identify Differential targeting
Pz

|

Network for
Phenotype Il

Network Medicine in the Age of Biomedical
Big Data
Front. Genet., 11 April 2019



Reconstruction indirecte des réseaux biologiques

Paradigm |

"’:’“ T s Corrélation de données multi-omiques
: iR

Human Interactome

* Réseau d’interaction protéine-protéine

)

¢

1]

&

3
V, o
O‘s‘

(1]

@, o @

o8 * Données de transcriptomiques
L t ¢ te!
afi‘:,;pz::;'.:\__

* Présence de SNP caractéristique

Topological module



Reconstruction indirecte des réseaux biologiques

C Paradigm Il
Conditions Correlation Network
=7 .\.
LR
Q\ .
-
Expression data i / /v/ N
(Phenotype I) —8 |/ I
o !
f X’ / A
- iy [ N
Statisical $ § P s A
Analysis 5! | / . ‘.\ #
§§ \ I / ?’ \‘ -
6‘? Loy N ’ ’ ®
1 N L Ny Fan
Conditions Potential disease / \ »
i o'Ce D
(Guilt by association) b \ /

Expression data Di ;
ifferentially
(Phenotype II) Expressed genes

Identifying differential
Co-expressed genes

Réseau de co-expression

A partir de données de transcriptomiques on calcule
Une valeure de corrélation pour regrouper
ensemble les génes ayant un « profile d’expression »
Commun

« Guilt by association »



Réseau de co-expression

Condl Cond2 Cond3 Cond4 Co-expression des genes

e e e
@ | | @




Workflow de reconstruction d’un réseau de

CO-expression

S S S
G 43.26 40.89  5.05
G 166.6 41.87 136.65

: G 12.53 3955  42.09
Matrice de Comptes G 28.77 191.92 236.56

genesxsamples Gs 1147 79.7  99.76
Gs 119.1 80.57 114.59

Gr 118.9 156.69 186.95
Ga 376 248 136.78
G 32.73 1199 118.8
Go | 1746 56.11 2141

Gene expression values

® e

Graphe du réseau

@ .

Gy
Gz
Gz
Gy

Ir(Gi.G)| Gs
—

Pearson
correlation

H e H e

Gy
Gy
Gy

{76‘_

Gy
Gs

Ga
Go
Gio

Gt
1.00
0.23
0.61
0.71
0.03
0.35
0.86
1.00
0.97
0.37

o0

O~ OOOOOoOOOoO

G2
0.23
1.00
0.63
0.52
0.98
0.99
0.29
0.30
0.46
0.99

&

R oo rRrH~,OoOoOoO O N
oo+ OoOORrROOO

G3
0.61
0.63
1.00
0.99
0.77
0.53
0.93
0.56
0.41
0.51

Gx‘_
0.71
0.52
0.99
1.00
0.69
0.41
0.97
0.66
0.52
0.40

Gs
0.03
0.98
0.77
0.69
1.00
0.95
0.48
0.09
0.27
0.94

Gs
0.35
0.99
0.53
0.41
0.95
1.00
0.17
0.41
0.57
1.00

Gy Gg Gg
0.86 1.00 0.97
0.29 0.30 0.46
0.93 056 041
0.97 066 052
0.48 0.09 0.27
0.17 041 057
1.00 0.83 0.72
0.83 1.00 0.98
0.72 0.98 1.00
0.16 042 0.8

Similarity (Co-expression) score

19
&

OO0 O, OO OKFKOO
O OO OOOFO

O

= OO OO~ O OO

D
o

OO OOOF MO
OO, OO0 O

Network adjacency matrix

9
9
g

(==l el O

OO o O, HOORO

Gio
0.37
0.99
0.51
0.40
0.94
1.00
0.16
0.42
0.58
1.00

r(Gi.G))|>=0.8 J

Significance threshold

Matrice de corrélation
genes x genes

Matrice d’adjacence
genes x genes



Reconstruction de Reseau de co-expression

(exemple en python)

# Read the table

data = pd.read_table("CoExpr-Cours3.txt", index_col=0, decimal=',"')

# Calculate Pearson correlation coefficients

cor_matrix = data.T.iloc[:, :].corr()

# Define a cutoff value

cutoff = 0.5

# Create an adjacency matrix

adjacency_matrix = np.where(abs(cor_matrix.values) >= cutoff, 1, 0)
np.fill_diagonal(adjacency_matrix, 0)

# Create a network graph from the adjacency matrix

G = nx.Graph(adjacency_matrix)

# Plot the co—expression network

pos = nx.spring_layout(G) # You can choose different layout algorithms
nx.draw(G, pos, with_labels=True, node_size=200, node_color="'skyblue')
plt.title("Co-expression Network with cutoff 0.5")

plt.show()

Co-expression Network with cutoff 0.5

\l\m
/
—

g
L



Gene regulatory network inference

Preprocessing and normalization Prediction of gene expression
.g of gene expression data from TF gene expression
3 Genes TF1 TFN
" . E z Gene Ql - ( ) + ..+ (
nature reviews genencs https://doi.org/10.1038/s41576-023-00618-5 8 % = = Y
2 O
G Infered GRN
2 Cells ~
E . ]
Review article ™ Check for updates = Expression e

Gene regulatory network inference st et

. . . . © of both data modalities using binding motif information
intheeraof single-cellmulti-omics £ e reakresions
8 U7
£ — @ !
Pz:lu Badia-i-Mompel?', L0|.'na Wesselsﬂ;a"z, Sop1hia Miiller-Dott®"', Rémi Trimbour ®'?, Ricardo O. Ramirez Flores®", _'.3 Gene CRE Generation of TF-CRE-gene
Ricard Argelaguet®* & Julio Saez-Rodriguez ® s triplets
Expression Accessibility ( 0
N N
r e\ @
Preprocessing and peak calling Association of CREs to genes l \1
of chromatin accesability data based on genomic distance o b

Peak regions ) .
Maximum distance

Cells

Gene CRE
.

Accessibility

Chromatin accessibility data



Reconstruction a 'aide d’information
genetique

Gene co-occurrence

Gene fusion

Protein Homology

Synthetic Genetic Array

TheCellMap.org: A Web-Accessible Database for Visualizing and Mining the Global Yeast Genetic
Interaction Network. Usaj et al., G3 (Bethesda) 2017



Reconstruction indirecte par Text-Mining

e Extraire les mots clés dans les publications et
bases de données

* Nettoyer la liste de mots clés = Molécules, genes,
protéines

* Annoter ces élements avec informations disponibles
dans bases de données

* Chercher les co-occurrence dans les publications

 Mettre a jour les bases de données avec ces
nouvelles informations

SEARCH ENGINES
(2 &TEXT MINING

Database 2012-bas020

Fa—
DATABASE RECORD

COMPLETION/
CHECK

evidence

(3)
o ', - | ‘Pubmed
’v 3
¢ 5‘ . PMC
v —~— —=
JOURNAL 7 ngh@
1 LITERATURE
USER/EXPERT DBs
TRIAGE WNPUT :
RELEVANT '
ARTICLE @
?""“" :j:—l* ' r.;_wr‘n;i o
: \hll = *r‘
SPECIES/ PROTEIN
TAXON | = TZ7e8 DBs
i ne
GENE DBs
BIO-ENTITY
IDENTIFICATION, o [hdele
NORMALIZATION i AR
\
= ‘_;_"4 : »AKTE) mp B
- ‘. AL
R L'«'.__mtcmc}sr wnn'i
ANNOTATION S BCLIE—
EVENT DETECTION

3 H_y;_,_/-’
interacts with

EVIDENTIAL
QUALIFIER
ASSOCIATION

Datal



Reconstruction indirecte des réseaux biologiques

Expression data
Phenotype |

Motif data l:]

D/@‘./'DD

Motif data

Interaction data
Conditions

-

Expression data
Phenotype Il

% |
—

Paradigm Il

Network for
Phenotype |

4
Identify Differential targeting
<

Network for
Phenotype Il

Corrélation de difféerents réseaux biologiques

On peut par exemple corréler un réseau d’interaction
protéine-protéine avec un réseau de co-expression des genes,
en ajoutant une information de motif trouvées dans ces genes



Reconstruction des réseaux biologiques

Network representations
e Il faut multiplier les types de reconstruction

Biomedicine Data P
B m e Outcomes
A ;
[Ecoot} ¥ Biomarkers
Nz g
TCGA( W‘ <
6 s
c r"" a0 T R Therapeutics
8 A
= Diagnostics Il n’y a finalement qu’UN réseau global
= Diagnosis & > 1
. teatiicHl a reconstruire
#HFANTOM N
X o2 Disease subtyping
GTEX SN & Classification
E auve Network Medicine in the Age of Biomedical Big Data
25 Front. Genet., 11 April 2019

>

Symptoms network



Biologie des systemes

'approche systémique en biologie

Bioinformatique et données omiques

Reconstruire un réseau biologique
* Les différents types de réseaux
Reconstruction de réseau biologique
Les obstacles a la reconstruction
Structure des réseaux biologiques

* Etat de I'art des reseaux biologiques les plus
étendus

Virtual cell et digital twins

o,

"

N =\




Les obstacles a la reconstruction

 Disponibilité de 'annotation (=les nceuds du réseau)

e Disponibilité des données omiques pour reconstruire les arétes
* Biais de mesures

* Biais de connaissances

* Impossibilité d’avoir une vision en « instantanée » d’'un organisme



Annotation des genomes

Pedrosa et al., The CardioRNA COST Action 2019

Genome

<200 nucleotldes|

s il t m s m
> \

it

/
/

Long ncRNAs

~ Transcriptome

\
|>200 nucleotldesl

M e— 1011202

i Protein

GENCODE 21, Frankish et al., N.A.R. 2021

GENCODE Human release (version 43)
62703 genes

Long non-coding RNA genes
protein-cocing genes |

Small non-coding RNA genes _

Immunoglobulin/T-cell receptor gene segments I

0 5000 10000 15000 20000

25000



Biais de connaissance dans lI'ensemble des genes

SKI =

No. Abstracts

No. Genes

E. coli

|

Human

48.5

S. aureus

16-17

Mouse

15.6

| H. pylori

13

S. cerevisiae

10.6

Number of abstracts

1,000,000
100,000 E
i

10,000

1,000 —

|Human and mouse pair!
| E. coli strains !

| S. aureus strains




Biais de connaissance dans lI'ensemble des genes
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Les difféerences d’echelles temporelles

Division, Replication, Transcription,
Translation & Degradation Rates
at 37°C with a temperature dependence Q10 of =2-3
4. Cell cycle time (exponential growth in rich
media): E. coli =20-40 min; yeast 70-140
min; human cell line (Hela): 15-30 hours
10. Rate of replication by DNA polymerase
E. coli =200-1000 bases/s;
human =40 bases/s. Transcription by
RNA polymerase 10-100 bases/s

11 Translation rate by ribosome 10-20 aa/s

| 2. Degradation rates (proliferating cells):
mRBNA half life < cell cycle time;
protein half life = cell cycle time

= TONUINVMIB3R5S

THE DATRERZSE USEFUL EIDLOGICAL NUMEERS

Protéines




Probleme du multi-omique

Transcriptomique vs Protéomique

Transcriptomique Protéomique
- Seuil de détection bas - Seuil de détection plus haut
- Sila molécule est présente on doit la détecter - Certaines molécules ne vont pas étre detectées
- On peut amplifier le signal facilement (PCR) - Plus compliqué d’amplifier le signal
On mesure une grande majorité des ARNs présents On mesure moins de la moitié des protéines
dans I'échantillon présentes dans I'échantillon

Comment corréler les échelles omiques dans ce contexte ?



Multi-omique

Il s"agit de la corrélation globale calculées sur toutes les protéines

R=0.66

(a)

1,000+

MudPit-1
+ MudPit-2
- 2DE-1
o 2DE-2
---r=0.66

100+

10

Protein abundance

0.1

*

% S0 ¢ om0 00
o

G WD 200 000 & 0 o

1 10 100 1,000

Expression level of mRNA

Opinion | Published: 29 August 2003

Comparing protein abundance and mRNA expression

levels on a genomic scale

Dov Greenbaum, Christopher Colangelo, Kenneth Williams 1 & Mark Gerstein

Genome Biology 4, Article number: 117 (2003) | Cite this article

67k Accesses | 1144 Citations | 4 Altmetric | Metrics

(b)

100

Protein abundance

0.42 <R<0.8

Pour certains groupes GO la corrélation augmente

+ Nucleolus (r=0.8)
« Cell periphery (r=0.74)
Reference data (r = 0.66) -

+ Mitochondria (r = 0.42)

-
o

0.1

A SAAGR Moia A AL

0.1

1 10
Expression level of mRNA



Biologie des systemes

'approche systémique en biologie

Bioinformatique et données omiques

Reconstruire un réseau biologique
* Les différents types de réseaux
Reconstruction de réseau biologique
Les obstacles a la reconstruction
Structure des réseaux biologiques

* Etat de I'art des reseaux biologiques les plus
étendus

Virtual cell et digital twins

o,

"

N =\




Topologie des réseaux

8

Graphe hiérarchique Graphe centralisé

Graphe homogenes Graphe cyclique Graphe hétérogene
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Mesure de la topologie

distribution des degreés
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Mesure de la topologie

distribution des degreés

Réseau aléatoire

Réseau small world

Réseau centralisé
(sans échelles)
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Mesure de |la topologie

Notion de centralité

A - Centralité d'intermédiarité
B - Centralité de proximité
C - Centralité de vecteur propre

D - Centralité de degré




Module, Cluster, Motifs

Clustering de réseau




Module, Cluster, Motifs

Exemple de clustering : Algorithme de Louvain 2008

Optimisation de la modularité

0= Zmz [ ]5(61, )

Trouver le « meilleur » partitionnement c = trouver I'ensemble des c;

Algorithme heuristique

Deux phases :

- On change l'appartenance des noeuds a leur classe et on calcule le
changement de modularité que ca induit. On selectionne les
Nouvelles assignations augmentant la modularité.

- On optimise le partitionnement en créant un graphe des classes et
Optimisant ce graphe avec la méthode de la premiere phase




Module, Cluster, Motifs

Les motifs

Les motifs sont I'ensemble des sous-graphes de k noeuds

‘ Exemple pourk=3:

BT




Réseau de regulation chez Escherichia Col

Shen-Orr et al., Nature 2002

577 interactions

424 operons

116 facteurs de transcriptions

Extrait de RegulonDB

Que des facteurs de transcription validés directement

a | input

Y(t)

(=]
(=T <) B

—
f -<

Z(t)

21 722 Z3

1r input X
0.5r H

0 2 4 6 8 10 12 14 16 18 20

0 2 4 6 8 10 12 14 16 18 20

1" output Z

05 d ﬂ
0 —

0 2 4 6 8 10 12 14 16 18 20

time

1r X 1

0.8 Z3 threshold
0.6 |

Z2 threshold

0.4

021

o 121 threshold

0 1 2 3 4 5 8 7 8 9 10
time



es motifs privilegiés dans les réseaux

Les motifs sont-ils les briques

Milo et al., Science 2002

élémentaires de
construction des réseaux ?

A

X—=Y represents

transcription
network

_¢Z®\A|:L®

gene x geney

neuron synaptic
connection network

C=C—

ecological
food web

B

e SR
s

L

13

vy

7

Network Nodes  Edges | Mreal MNrand 5P Zscore | Mreal Nrand £SP Zscore | Mreal  Nrand 5D Zscore
Gene regulation — X Feed- X Bi-fan
(transcription) N forward N
Y loop
\/ Z w
>z
E. coli 424 519 40 T£3 10 203 4712 13
5. cerevisiae® 685 1,052 70 11+4 14 1812 300+40 41
Neurons — X Feed- X Y Bi-fan X Bi-
\ forward m N parallel
\I‘/ loop z W A
= 7z W
C. eleganst 252 509 125 90 + 10 3.7 127 55+£13 5.3 227 35410 20
Food webs X Three X Bi-
N4 chain 2 N parallel
Y Y, Z
i N ¥
z W
Little Rock 92 984 3219 3120+ 50 2.1 7295 2220£210 25
Ythan 83 391 1182 1020 + 20 7.2 1357 230+ 50 23
St. Martin 42 205 469 450+ 10 NS 382 130 £ 20 12
Chesapeake 31 67 80 82+4 NS 26 5+2 8
Coachella 29 243 279 235+12 36 181 80 +20 5
Skipwith 25 189 184 150+7 55 397 80 +25 13
B. Brook 25 104 181 130+ 7 7.4 267 30 +7 32
Electronic circuits X Feed- X Y Bi-fan X N Bi-
(forward logic chips) v forward M v Z parallel
\‘I} loop
zZ W W
Z
s15850 10,383 14,240 | 424 2+2 285 1040 1+1 1200 430 2£1 335
s38584 20,717 34,204 | 413 10+3 120 1739 642 800 711 9£2 320
$38417 23,843 33,661 | 612 3+2 400 2404 1+1 2550 531 2£2 340
$9234 5,844 8,197 | 211 2+1 140 754 1£1 1050 209 11 200
s13207 8,651 11,831 | 403 2+ 225 4445 1£1 4950 264 2=x1 200
Electronic circuits X Three- X Y Bi-fan X—=>Y Four-
(digital fractional multipliers) ﬂ \ node M /F \L node
feedback feedback
Y<s<— Z loop Z W L<—W loop
5208 122 189 10 1+1 9 4 1+1 38 5 1+1 5
s420 252 399 20 1£1 18 10 1+1 10 11 1£1 11
s8381 512 819 40 1+ 1 38 22 1+ 1 20 23 11 25
World Wide Web X Feedback X Fully X Uplinked
® with two lZ’ \ connected / \ mutual
5 :]nlutu:al y<e> 7 triad ye > 7 dyad
p yads
7 )
nd.cdu§ 325,729  1.46e6 | l.le5 2e3 £ le2 800 6.8¢0 Sed+de2 15,000 1.2e6 led + 22 5000




L'évolution = |la sélection de motifs de régulation ?

Kim, Tae-Hwan et al. Evolutionary design principles and functional characteristics based on kingdom-specific

network motifs. Bioinformatics 2010
H.sapiens
R & < TN

S.cerevisiae

A A.thaliana

e Robustesse
e Multistabilité

Ry e e ey . Homeostaticité

110.09 10428 4
" H.sapiens

38593419 383 342829753186 69




Le réseau d’interaction protéine-protéine chez la levure

1548 / 6000 protéines — 2358 interactions

Le réseau a été reconstruit en combinant:

* Analyses d’'un ensemble de mutants

* Réseau de coexpression

* Co-evolution

LR * Yeast two hybrid
Schwikowski, Nature Biotechnology, 2000



Le réeseau d’interaction protéine-protéine chez la levure

Jeong, Nature 2001

b 0o P(k) = le nombre de protéines avec un degré k
.o -2+
g Ar La distribution des degrés suit une loi de puissance
s |
B de la forme:
i . P(k)~k™3
1 10 100
pe K+ kg
£ ol , C’est ce que I'on appelle un réseau sans
2 { échelles ! (scale-free network)
RS il 1
o 1] ] 4
s ol ’ ' - - Un petit nombre de nceud a un degré tres grand
o0 ¥ T e
- . » % 20:: . :: -
e 4 G P & ob—t——— - Un grand nombre de nceud a un degré tres petit
No. of links

Lethality and centrality in protein networks

The most highly connected proteins in the cell are the most important for its survival.



Les réseaux sans échelles sont partout

Distribution des degrés de différents réseaux

(a) collaborations o
in mathematics (b) citations
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10 100 | 10 100 1000

(c) World Wide Web
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L3 structure de réseau sans échelles

Albert-Laszlo Barabasi, The architecture of complexity, IEEE 2007
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Exemple de réseau sans échelles

Gene expression network

Wrestling with pleiotropy:
genomic and topological analysis
of the yeast gene expression
network

Bioessays - 2002

David E. Featherstone* and Kendal Broadie

AV

Fraction of deletion mutants
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Exemple de réseau sans échelles

Les réseaux métaboliques

The large-scale organization of metabolic networks

H. Jeong', B. Tombor?, R. Albert’, Z. N. Oltvai’ and A.-L. Barabasi'

Nature 2000

SN e ] (@) A. fulgidus (Archae)
i P(k)~k™Y
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- Avec 2<y<3
3 (c) C.Elegans (Eukaryote)
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Une loi naturelle ?

« Les riches deviennent plus riches ? » Scienc'é

Spécialisation et centralité

7 . ’I ]
Meécanisme de |I'évolution Edition spéciale de

Science en 2009

Robustesse ?

Lethality and centrality in protein networks

Jeong, Nature 2001



Biologie des systemes

'approche systémique en biologie

Bioinformatique et données omiques

Reconstruire un réseau biologique
* Les différents types de réseaux
Reconstruction de réseau biologique
Les obstacles a la reconstruction
Structure des réseaux biologiques

* Etat de I'art des reseaux biologiques les plus
étendus

Virtual cell et digital twins

o,

"

N =\




« Base de données la plus compléte sur terre »

Reguloni:)

Escherichia coli

Réseau TF vs gene )
Réseau TFvs TF

7%

ek s G

* Réseau TF vs opéron

* Réseau Facteur sigma vs gene

e Réseau facteur sigma vs opéron




Regulon DB en 2023

Reguloni:)

Escherichia

coli K-12
Transcriptional
Regulatory Network

Currently the best
electronically-encoded
regulatory network of
any free-living
organism.

Read more

Object _ Weak Evidence | Strong Evidence | Confirmed Evidence | Without Evidence

| Transcription Units: ” | 3696 ” 2768 ” 525 ” 403 ‘
| Gores | = || u | =
| Promoter: | s7os|| 3009 | 5680 | 16 | |
| owron | = || | | =
| TF binding Sites: H H 6958 ” 5030 || 1558 H ” 370 ‘
| Regulatory Interactions: ” ” 3951 ” 3169 ” 86 ” ” 696 ‘
| small RNA Interactions: ” ” 247 ” 171 ” 76 ” ” ‘
| Terminators: ” ” 366 ” ” ” ” 366 ‘
| RBSs - Shine-Dalgarno: ” ” 179 ” ” ” ” 179 ‘
| Transcriptional Factors: ” ” 229 ” 96 ” 130 ” ” 3 ‘
| Simple Regulons: ” ” 124 ” ” ” ” ‘
| Complex Regulons: ” ” 432 ” ” ” ” ‘
| == = || | | 8
| Attenuators: ” ” 751 ” ” ” ” 751 ‘
| Riboswitches: ” ” 51 ” ” ” ” 51 ‘
| San| EQ || u n |
| Growth Global Conditions: ” ” 16 ” ” H ” ‘
| Experiment Conditions: ” ” 82 ” ” H ” ‘
| Affected Genes in Different Experimental Conditions: ” ” 316 ” ” H ” ‘
| Garsrine | = n | | |




NnDB en 2023

Papers from
collaborators

PubMed
keyword HT-strategy

Filtering of interactions

Supported Regulatory
Interactions

Peak (Different peak callers)
Expression (RNA-seq, microarray)
PWM (MEME, dyad analysis)

HT-interactions with incomplete information

| Only peak | Peak +

Expression

Peak +
PWM

Information about the TFBS

Information about the regulatory interaction

Coordinates for the peak and methodology Target genes

Coordinates or sequence for TFBS Growth conditions contrast {vocabulary)
Growth conditions cantrast (vocabulary) Effect/ function

Evidence and reference for peak and TFBS Evidence and reference of the regulatory effect

Additional curation

Predict TFBs using a PWM available in RegulonDB
Search for functional evidence: RNA-seq and
microarray expression profiles

Matching with RegulonDB
- Search for already annotated Rls and TFBSs: Update

RI/TFBs with a new evidence and reference
- Otherwise: Add new Rls and TFBSs

RegulonDB

RegulonDB

HT-Datasets

« Base de données la plus complete sur terre »

Regulon

Escherichia coli




RegulonD

Experimenta

datasets

3 en 2023

Description ][]

E. coli K-12 genome sequence raw format

coli K-12 genome sequence used into RegulonDB

E. coli K-12 genebank

E. coli K-12 genebank refseq

Gene Sequence

[

Sequences

5'and 3' UTR sequence of TUs

L

All gene products

Gene - Product

Gene Product Identifiers

sRNA genes

Tanscriptional Factors - Functional conformation

él Download

Regulatory Interactions

él Download

TF - gene interactions ”

él Dow

TF - operon interactions ”

é Dow

Promoters

All Promoters é] Download
Sigma 70 é} Download
Sigma 54 é) Download
Sigma 38 é} Download
Sigma 32 é} Download
Sigma 28 &5 Download
Sigma 24 & Download
Sigma 19 é Download
Unknown é Download

Transcription start sites experimentally determined in the laboratory of Dr.
Morett

High-throughput transcription initiation mapping. Illumina
directional RNA-seq experiments were total RNA received

different treatments to enrich for 5' monophosphate or 5'
triphosphate ends. Version 3.0. See the file description.

High-throughput transcription initiation mapping. See the
file description.

5'-RACE transcription initiation mapping with specific
primers. See the file description.

TF - TU interactions ”

él Dow

TF - TF interactions ”

é Dow

Regulatory Network Interactions

Sigma - gene interactions ”

él Dow

Sigma - TU interactions ”

é Dow

Alon and MA interactions ”

él Dow

sRNA - gene interactions ”

é Dow

Transcription Factor Weight Matrix

TF-Matrix browser

& Download

Active and Inactive Transcription Factor Conformations gfl Download
Transcription Units é Download

Operons é] Download

Growth Conditions éi Download




RegulonDB en 2023

Computational Predictions datasets

Description

Promoter predictions

Method

“We observed that real promoters occur mostly within regions with high
densities of overlapping putative promoters. We evaluated several
strategies to identify promoters. The best one uses an intrinsic score of
the -10 and -35 hexamers that form the promoter as well as an
extrinsic score that uses the distribution of promoters from the start of
the gene. This high signal density is found mainly within regions
upstream of genes, contrasting with coding regions and regions located
between convergently transcribed genes.” A.M. Huerta, J. Collado-
Vides, J Mol Biol. 333:261-78 (2003).

Operon predictions

Operon prediction on (intergenic) distances

Operon predictions based on (intergenic) distances and Riley's
functional classification.

We have previously demonstrated that genes within experimentally
characterized operons of Escherichia coli are conserved together in
other genomes more frequently than genes located at the borders of
transcription units. We also show the relationship between our analyses
of conservation and the inference of functional relationships from a
genomic context

TF binding sites predictions

We have taken advantage of the phylogenetic proximity of Escherichia
coli and other 16 organisms of this subdivision and the intensive search
of the space sequence provided by a pattern-matching strategy. Using
this approach, we complement predictions of regulatory sites made by
using statistical models currently stored in Tractor_DB, and increase the
number of transcriptional regulators with predicted binding sites up to
86.

The original prediction approach, based on the representation of
binding sites through statistical models was complemented by a new
approach that uses known E. coli regulatory sites as the basis for a
pattern matching search of regulatory sites. The use of both
approaches together resulted in a more intensive exploration of the
sequence space of each regulator's binding site.

Computationally predicted transcription factor binding sites (TFBSs)
using the evaluated weight matrix (see
http://regulondb.ccg.unam.mx/menu/download/datasets/index.jsp
). We scanned all upstream regions of every single gene, from +50 to
-400 or from +50 to the closest upstream ORF, whatever happens
first. (see the methodology)

tors Predictions

“Regulatory proteins in Escherichia coli with a helix-turn-helix (HTH)
DNA binding motif show a position-function correlation such that
repressors have this motif predominantly at the N terminus, whereas
activators have the motif at the C-terminus extreme. Evidence is
presented supporting a common history at the origin of this correlation.
These results suggest that if shuffling of motifs occurred in Bacteria, it
occurred only early in the history of these proteins, as opposed to what
is observed in eukaryotic regulators.” Pérez-Rueda E, Collado-Vides J. ]
Mol Evol. 2001 Sep;53(3):172-9.

; Prediction

For each group of orthologous proteins, the upstream regions of the first
gene of each operon are taken and searched for motifs using MEME
(Figure 1a). Each motif is then refined by several cycles of locating it

among all upstream regions from all bacteria using MAST, and
redefining a more specific motif with MEME (Figure 1b). Sequences with
motifs can then be analyzed to see if they present evidence of
conserved secondary structure (Figure 1c). Predicted motifs are also
compared against the Rfam database to locate known structured
elements and against RegulonDB to find known transcription factor
binding sites.

Click here to see image.

Prediction

For each predicted operon, the upstream region of the first gene is
taken (Figure 1a). For every run of Us present in this region (Figure 1b),
a stable structure in the adjacent region is searched for (Figure 1c). If a
terminator is found, an anti-terminator is searched for, since it must be
overlapping with the terminator (Figure 1d). An anti-antiterminator can
be analogously located by finding a structure that overlaps with the
anti-terminator (Figure 1e). For the particular case of translational
attenuators, a terminator is searched for, since it overlaps with the
Shine-Dalgarno site.

Click here to see image.




Saccharomyces cerevisiae — YeastNet v3

[YeastNet: a network by integration of all data-type-specific networks (CC, CX, DC, GN, GT, HT, LC PG, TS)]

YeastNet v.3

Edge list download 5808 genes 362421 links

Kim et al.,
Nucleic Acid Research 2014

i



Saccharomyces cerevisiae — YeastNet v3

Evidence
code

CC

CX

DC

GN

Data set description

Inferred links by co-citation of two genes across 46,111 pubmed
Medline article abstracts for yeast biology

Inferred links by co-expression pattern of two genes (based on
high-dimensional gene expression data)

Inferred links by co-occurrence of protein domains between two
coding genes

Inferred links by similar genomic context of bacterial orthologs of
two yeast genes

GT

HT

LC

PG

TS

Inferred links by similar profiles of genetic interaction partners

Links by high-throughput protein-protein interactions

Links by small/medium-scale protein-protein interactions (collected
from protein-protein interaction data bases)

Inferred links by similar phylogenetic profiles between two yeast
genes

Inferred links by 3-D protein structure of interacting orthologous
proteins between two yeast proteins



Bases de données « nettoyées » par la

communaute
' BloCyc
'?ECQC‘I"C el 1T I 4\ Nettoyé activement
~ _;.'BSUhcvﬂ par la communauté
| @.-HUMAHCTE 5 especes
M @l elel 1 18]elele 4 i i
| EEEECYC | 0000000000 Nettoyé pendant 1,3 mois
metabolic ol 1 101! 18] Io1 | par la communauté
pathways 30 espéces

Génération automatisée
16764 especes



Etat de I'art : BioCyc
@EcoCyYc

(@ BsuBCYC

¥©HUMANCYC

Genes: 20,997|( SmartTable || Ontology |
Pathways: 362|| SmartTable || Ontology
Enzymatic Reactions: || 2,895

Transport Reactions: 145 Ontology
Polypeptides: 20,732|| SmartTable || Ontology |
Protein Complexes: 541|| SmartTable || Ontology
Enzymes: 3,541
Transporters: 773
Compounds: 2,119|| SmartTable | [Ontologi]
tRNAs: 53 Ontology
Growth Media: 2
Transcriptional Regulation: 2 Ontology
Protein Features: || 14

GO Terms:

890,187

Ontology

Genes: 4,737||_ SmartTable J|| Ontology |
Pathways: 365|| SmartTable || Ontology |
Enzymatic Reactions: || 2,202|

Transport Reactions: 530
Polypeptides: 4,466/ SmartTable | | Ontology |
Protein Complexes: 1,166||_SmartTable || Ontology |
Enzymes: 1,714
Transporters: 479
Compounds: 2,967|_SmartTable J|| Ontology |
Transcription Units: 3,694/ SmartTable J | Ontology
tRNAS: 89
Growth Media: 438
Transcriptional Regulation: 5,661
Protein Features: ||41,346|

Phenotype Microarray Datasets: 5
GO Terms: 71,124
Gene Essentiality Datasets: 6

Genes: 4,541|| SmartTable ) | Ontology
Pathways: 274|| SmartTable | | Ontology |
Enzymatic Reactions: | 1,529|

Transport Reactions: 92
Polypeptides: 4,293|| SmartTable )| Ontology |
Protein Complexes: 255 [SmartTabIe] [Ontology]
Enzymes: 1,072
Transporters: 632
Compounds: 1,007||( SmartTable | Ontology
Transcription Units: 1,648|( SmartTable ]| Ontology
tRNAS: 86
Growth Media: 1
Transcriptional Regulation: 864
Protein Features: |22,636|

GO Terms: 34,078
Gene Essentiality Datasets: 1

Gene Essentiality Datasets:

1

List




Etat de I'art : MetaCyc
@METACYC

MetaCyc is a curated database of experimentally elucidated
metabolic pathways from all domains of life.

MetaCyc contains pathways involved in both primary and
secondary metabolism, as well as associated metabolites,
reactions, enzymes, and genes. The goal of MetaCyc is to
catalog the universe of metabolism by storing a representative
sample of each experimentally elucidated pathway.

Genes: 14,976|| SmartTable | Ontology |
Pathways: 3,063|| SmartTable ]| Ontology |
Enzymatic Reactions:||18,285

Transport Reactions: 910
Polypeptides: 16,731|| SmartTable | | Ontology |
Protein Complexes: || 4,756 [SmartTabIe] [Ontology]
Enzymes: 14,028||( SmartTable )
Transporters: 638|| SmartTable )
Compounds: 18,452|( SmartTable || Ontology |
tRNAS: 8
Growth Media: 19
Protein Features: 30,982

GO Terms: 72,124




Le serveur String-DB.org

ANGPT1

Réseau d’interaction protéine-protéine
de l'insuline prédite par string-db.org

Known Interactions Predicted Interactions

AN from curated databases At gene neighborhood

At experimentally determined AN gene fusions

M gene co-occurrence

Welcome to STRING

Others
Protein-Protein Interaction Networks At textmining
Functional Enrichment Analysis
N co-expression
ORGANISMS | PROTEINS | INTERACTIONS
14094 | 67.6mio | >20blIn o i

=% protein homology

SEARCH



P31153 QONZLY

DODDNA M New datatypes

DNA

Recon3D : Human metabolism veldidiins

Enzyme complex
@ 3 representative domains
2 representative domains
reactant rp product
o cofactor J > ' ioti
V\HL - %y, Metabolite moieties &

gene

protein

enes reactions metabolites | < A =X Lo
4000 ° 14000 4500 [= e (T AP Q structures
™ M €9 methionine . 3 g .
i D ))I —[J SAM moiety 1
"'Ll'. /2 "y € moiety 2
2500 5 1 1
2000 7000
3 -
biochemical data Recon 3D U
genomic data 3288 genes 0 L 0 L ol L
tissue-specific localization 2908 domains
proteomic data 12890 structures e Recon 30 [ blocked 25 dead
metabolomic data 13543 reactions Recon2 reactions end
protein structural data 4140 metabolites Recon2.2 metabolites
i HMR2.0
pharmacogenomic data 3536 SNVs &> Recon3D
atom-atom mappings 8315 atom-atom 10
mappings 10 D
- okt 0

Brunk et al., Nature Biotechnology 2018



Biologie des systemes

'approche systémique en biologie

Bioinformatique et données omiques

Reconstruire un réseau biologique
* Les différents types de réseaux
Reconstruction de réseau biologique
Les obstacles a la reconstruction
Structure des réseaux biologiques

* Etat de I'art des reseaux biologiques les plus
étendus

Virtual cell et digital twins

o,

g

N =\




Modéliser

Modéliser = Partir des interactions définies dans le réseau et décrire/prédire
le comportement du systeme

e Prédire un état d’équilibre
* Décrire comment le systeme va évoluer si on change une de ses propriétés

* Mieux comprendre la fonction de composants du systeme



Application de la modélisation

Modéliser = Partir des interactions définies dans le réseau et décrire/prédire
le comportement du systeme

En écologie : Comprendre le lien entre especes

En épidémiologie : Propagation de maladie au sein d’'une population

En biochimie : Trouver les concentrations idéales pour un rendement optimal

En biologie synthétique : Comprendre quel élément du réseau de régulation modifier

En pharmacologie : Prédire de nouvelles interactions, donc de nouvelles thérapeutiques
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k,
X+Y >2Y
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Modélisation d’équation chimique

Reaction thatproduce more [Y]

than censuming[Y] Reaction that consume[V]

k,
1
Governing Lawfor [A] - 4 + X — 2X
Changes in amount of the chemical [A] | b
= Increasing Amount of [A] — DecreasingAmount of [A] k: kz
Govemning Law for [Y]: X +Y —2Y AND Y—>B
Changes in amount of the chemical [Y]
= Increasing Amount of [Y] — Decreasing Amount of [Y]

Rate of Reaction Producing [A]

Rate of Reaction consuming [A]

Rate of Reaction Producing [Y]

Rate of Reaction consuming [Y]
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Exemple : Phosphorylation oxydative

R R A A M A A
H+ H+ H+ Membrane externe f 1 1 1 1) | ! N
‘ P fATP mATP fADP mADP fAMP Pi M AT TR

Mg + fADP S mADP

"‘.r

Intermembrane space H,PO; 5 HPOZ™ + H*

H* HZPOE

K+

Mg + fATP 5 mATP

SRR it

/ ﬂﬂHiHIHIIIHIIIHIHIIIHIIIHIIIIW

- o]

Matrix Mg + fADP 5 mADP
_’rlIIIIII1I+IHIlHIIIIHHIIIHIHHI'Ma~

H,PO; S HPOZ™ + H* %
H 4~ Espace intermembranaire
R Heiske et al., FEBS Journal 2017

Phosphorylation de 'ADP en ATP

dans les mitochondries
(wikipedia)

I.E" Membrane interne
ﬂnm
III i'“




Exemple : Phosphorylation oxydative

hatrix
DH Dehydroganass
reaction
MgATR, Mg‘-' bindirg on
fA&TP
hgADP, Mg‘-' bindirg on
fADP
Pdiss, Fi dizzociation
Inner membrane
1 Complex |
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Fi1FD ATF synthasze
ALC ADPATP carriar
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fATP
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Exemple : Phosphorylation oxydative

Optimisation non-linéaire sous contrainte

Jo, (%)

A

y

50 100 0 50 100

\

Inhibition of C1 (%) Inhibition of C3 (%) Inhibition of C4 (%)

F 100
o %0
- _.\
0
50 100 0 50 100 1500
Inhibition of AAC (%) Inhibition of PiOH (%) H leak (- dH,eak)

Jo, (%)

‘ 100

Inhlbmon of F1F0 (%)

Cytosol
A N A A A

H leak (- dHIeak)

On obtient une modélisation de I'évolution de

toutes les concentrations

v v v v v
fATP mATP fADP mADP fAmpP

Intermembrane space

fADP H* K*

H O mADP+Pi mATP fATP

Matrix

YN

Mg + fATP 5 mATP \

Mg + fADP 5 mADP
H,PO; 5 HPOZ™ + H*

H,PO;

H*

K* OH~

Mg + fATP S mATP

Mg + fADP 5 mADP

H,PO; 55 HPOZ™ + H' /

H 100
=
2
© 50
O -
T
-~
L.
o +
0 100 200 300

Heiske et al., FEBS Journal 2017

Réglage fin de tous les parametres du modele
- 20 pages de description du modeéle !

- Le modele reste « simple » ce n’est pas

un organisme entier



ATP_b A\

ATP_e

ATP_E:-::&,

ADPuUr

ADP_e

ADP_b ——j

Modéliser a une plus grande échelle

B-D-Glucose_b 0-D-Glucose_b

|

B-D-Glucose_e a-D-Glucose_e
.

v
B-D-Glucose
-

ATP ATE
D RO1600 ROI7S
ADP ADP

v

0-D-Glucose

RO2739

B-D-Glucose-6PF +————— 0-D-Glucose-6P

wm R02740

" BDF16P2_biomass

B-D-Fructose-6P
“

ATP ..__\
RO4779
+ ADI &——’/

» P-D-Fructose-1 6P,

Un modeéle =

ensemble
d’interaction
double ou multiple

v

Element A

v

Element B

On / Off

BsiA

Flux A = Flux B

Variation de B
Dépend de A



Differentes facons de modéliser

* Modélisation de réseau booléen
* Modélisation par regles
* Modélisation par contraintes

* Modélisation par équations differentielles



openCOBRA

ﬁ
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28 sous-modeles de 28 processus cellulaires
401 genes, 722 molécules, 1,857 réactions, and 1,836 parametres

Mycoplasma genitalium
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Modele d’organisme entier

Whole-Cell Modeling
( IENO

Models: Comprehensive computational models of individual cells

Archetypal bacterium

The archetypal bacterium model generator is a tool for generating WC models that represent user-
specified numbers of genes, RNA, proteins, and reactions. The models generated by the model
generator represent the metabolism, replication. transcription. translation, RMA and protein
degradation. and cell division of a typical bacterium. The archetypal bacterium model generator is
particularly useful for driving the development of WC modeling tools, as well as teaching WC
modeling

Availability: In development
Author: Karr Lab, Sinai %

Mycoplasma genitalium

The M. genitalium \WC model was the first model that represented each characterized gene function
of an arganism. The model is composed of 28 submodels of 28 cellular processes. In total. the model
represents the functions of 401 genes, 722 compounds, 1.857 reactions. and 1.836 parameters. In
addition to demenstrating the feasibility of WiC models, the model has been used to gain new
insights into cell cycle regulation, leam unknown parameters, and suggest new uses of existing
antibiotics for Mycoplasmas

Availability: Download %

Author: Covert Lab, Stanford %

More info: Docs % | Source % | License % | Tests %
Reference: Karr JR et al Cell 2012 %

Mycoplasma pneumoniae

The M pneumonioe WC model will be the most comprehensive, most systematically constructed.
and most extensible WC model to date. The model will represent all of the major cellular functions
of M pneumoniae. including the function each charactenzed gene The modelwill be based primarly
on M pneunonige genomic data The model will be used to drive the development of WC modeling
methods, as well as to help design a reliable, energy efficient, fast-growing chassis for future
bioenginesrng

Availability: In development
Author: Karr Lab. Sinai %

Escherichia coli

The E coli WC model represents the core cellular functions of £ coli The model is the most detailed
and most thoroughly tested WC model to date.

Availability: In development
Author: Covert Lab. Stanford %

Homo sapiens (H1-hESC)

The H1 human embryonic stem cell (hESC) model is the first step toward WC models of human cells
The model will represent the core cellular functions of all human cells including their metabolism,
DINA replication, transcription. translation, protein complexation, RNA and protein degradation, and
division. The model focuses on H1-hESCs because ESCs behave as individual cells, because ESC
lines are karyotypically normal. because ESCs grow quickly, and because H1-hESC has been
extensively characterized. In addition to demonstrating the feasibility of human WC models and
driving the development of WC modeling tools, the model will be used to gain insights into how
stem cells maintain pluripotency.

Availability: In development
Author: Karr Lab. Sinai %

Homo sapiens cancer signaling (MCF10A)

A mechanistic ordinary differential equation model describing the interactions between commonly
mutated pan-cancer signaling pathways—receptor tyrosine kinases, Ras/RAF/ERK, PIZK/AKT,
miTOR, cell cycle, DNA damage. and apoptosis.

Availability: Bouhaddou M et al A mechanistic pan-cancer pathway model informed by multi-omics
data interprets stochastic cell fate responses to drugs and mitogens. PLoS Comput Biol 26, e1005085
(2018) %

Author: Birtwistle Lab. Clemson %




Le Machine Learning : Principe
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Le Deep Learning : Principe

a Single-layer neural network (logistic regression) b Multilayer neural network
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Entrainement et loss fonction

Average over all training examples
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es 4 architectures de références en deep
earning (en 2019!)

a b C d

Network type Fully connected Convolutional Recurrent Graph convolutional

fqo Q-O0CQ O-0-0-0-0
y

Parameters \\ ------- /
Input
Invariance - Translation Time Node index permutation
Input Predefined features such as * DNA sequence * DNA sequence * Protein—protein interaction network
example number of k-mer matches, * Amino acid sequence * Amino acid sequence e Citation network

total conservation * Image * Time series measurements * Protein structure

Parameterized information flow Link O Node in the neural network (scalar or tensor)

Eraslan, ..., Theis, Nature Review Genetics, 2019



Game changer : Le Transformer

Je suis ton pére
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Figure 1: The Transformer - model architecture.

Attention is all you need
Vaswani et al., ArXiv, 2017
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Foundation models for single-cell
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Modeles de fondation
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Digital twins

Al Virtual Cells

How to Build the Virtual Cell with Artificial Intelligence:
Priorities and Opportunities

Charlotte Bunneol‘2'3'4": Yusuf Roohani@1'3'5*, Yanay Rosen®1'3‘*, Ankit Gupta@:"'ﬁ, Xikun Zhangol'“, Marcel Roedem, Sept 2024
Theo Alexandrov®®, Mohammed AlQuraishi'®, Patricia Brennan®, Daniel B. Burkhardt'®, Andrea Califano'®!2!2,
Jonah Cool®, Abby F. Dernburg®, Kirsty Ewing®, Emily B. Fox'!5'% Matthias Haury!”, Amy E. Herr'518,
Eric Horvitz!®, Patrick D. Hsu®>®?°, Viren Jain?!, Gregory R. Johnson??, Thomas Kalil?®, David R. Kelley®*,
Shana O. Kelley®®?®, Anna Kreshuk®”, Tim Mitchison?®, Stephani Otte'?, Jay Shendure?®30.31.32,
Nicholas J. Sofroniew®, Fabian Theis®**3%3¢, Christina V. Theodoris®*, Srigokul Upadhyayula4 63,
Marc Valer®, Bo Wang*®*!, Eric Xing*>*3, Serena Yeung-Levy™**, Marinka Zitnik*>4647,

Theofanis Karaletsoswa’i, Aviv Regevag'{ Emma Lundberg®3'6’7'48‘1, Jure Leskovecwl's' b Stephen R. Quakeo‘?"?'“g’i

https://arxiv.org/pdf/2409.11654
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https://arxiv.org/pdf/2409.11654

Digital twins en oncologie
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Digital twins en oncologie
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Digital twins pour la biologie synthétique
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A

Al WILL DESIGN MRNA

g
Digital twins / Al Virtual cells @

Er-Google DeeplTlind and Owkin
scientists team up to create

Bioptimus to build the first universal
Al fFoundation model for biology AGAINST CANCER

Larry Ellison - CEO of Oracle
L]

e The French startup has launched with a seed funding of $35M, led by Sofinnova Partners, with
Bpifrance Large Venture, and additional funding from top global technology VCs

- . ) . . . + OpenAl, Oracle, and SoftBank Usher in
* Bioptimus will connect the different scales of biology with generative Al; from molecules to cells, T T . sune
tissues and whole organisms, to fuel scientific breakthroughs and accelerate innovation in Stargate Era with $500 Billion Al Infrastructure

biomedicine and beyond Initiative

¢ The world-class team, led by Professor Jean-Philippe Vert, brings together Google DeepMind
alumni and Owkin experts

Deeplife is thrilled to announce a $10 million Series A round to propel our Al-powered Digital Twins of Cells
platform!

9®) Deeplife.

281an2025  Cell Bauhaus receives $3 million grant for digital twin
research into cell behaviour

UNIVERSITY ACTIVITIES
|




Validation des réseaux biologiques

Validation expérimentale

Validation automatisée
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Ross D King, Science 2009



Un peu de lecture

E. Voit (2018) "A first course in systems biology" 2nd edition

U. Alon (2006)
"An introduction to systems biology : design principles of biological circuits"

B.O.Palsson (2015)
"Systems Biology: Constraint-based Reconstruction and Analysis" 2nd edition

M. W. Covert (2015)
“Fundamentals of Systems Biology: From Synthetic Circuits to Whole-cell Models”

A.-L. Barabasi (2016)
"Network Science”
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