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Machine learning pour la reconstruction des
réseaux biologiques a I'aide de données omiques



Développement de pipeline bioinformatique pour
'anayse de données multi-omiques
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The human upper airway epithelium




Human Lung Cell Atlas
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Reconstruction d’atlas cellulaire des voies respiratoires

mple
nnnnnnn



Reconstruction

de réseaux de
régulations a
'aide de
donnees
omiques

Network inference
OO on single-cell data

o Profile single cells and
separate into clusters

o
o T K 4

o%?é’ %@

Infer network on Infer network on
multiple bulk profiles single cell profiles

o b

Network inference
on bulk data

Pool RNA and
profile bulk

Gene 1 Gene 2 Gene 3 Gene 4 Gene 5

Todorov et al., Gene Regulatory Networks, chapter 10, 2018



Machine learning pour la
reconstruction des réseaux
biologiques a l'aide de données
omigques

Reconstruction de réseaux biologiques a l'aide de
données omiques

Reconstruire par analyse de co-expression (TP)

Etat de I'art des réseaux biologiques les plus
étendus

Apport du deep-learning a la biologie des
systemes
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Machine learning pour la
reconstruction des réseaux
biologiques a l'aide de données
omigques

Reconstruction de réseaux biologiques a lI'aide de
données omiques
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Reconstruire par analyse de co-expression (TP)

Etat de I'art des réseaux biologiques les plus
étendus

Apport du deep-learning a la biologie des
systemes




Les prémices de la biologie des systemes

Réseau métabolique
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Réseau génétique
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Fi1c. 6. Models of the regulation of protein synthesis.

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




Décoder I'information biologique

Protéine ARN ADN
A chain B chain
Gly Phe 1
lle Val
Val Asn
Glu GIn v
GIn His s
Cys Leu
Cys =————oCys
Ala Gly
Ser Ser
Val His 10
Cys Leu 'y ‘e
Ser Val
Leu Glu o o
Tyr Ala
en #;-ru 15 o¢ E. Virus ©®X174
glu \L/e? 5386 nucléotides
sn a
T C 1977
C};/rs /G}’; 20 - S—
Asn Glu Tarfwen e 1 b e
Arg
Gly
Phe
Phe 25 .
P;]r “Sanger sequencing method”
pro Mitochondrie 16569 bp
o 5S rRNA Bacteriophage A 48502 bp
120 nucleotides 1977
Insuline de bovin 1965
1955

Frederick Sanger (1918 — 2013)



Le sequencage du genome humain

Human Genome Project

Lancé en 1985
par le gouvernement
ameéricain

1989-2001

5 milliards de dollars
20 Instituts

6 pays

NP e 52

Poges T 00 59

-
= -

GENOME . & N

Al Aviricax Associario

Février 2001

Celera Genomics
(J. Craig Venter)

1998-2001

300 millions dollars
(Shotgun sequencing)



La revolution omique

Moore's Law

National Human Genome
Research Institute

genome.

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

Different Generations of Sequencing

1977: First DNA based genome sequenced (®X174 bacteriophage)
1995: Firstb ium H: hilus infl was d by shotgun method

1996: Applied Biosy developed DNA based on Sanger's method
1996: First eukaryotic g )% isiae) was sequenced

2001: Firsthuman genome draft was published by two differentindependent teams

. First _J
Generation

TYYYVYVYYY

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

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: Devell of first

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 |1 C2 XL, lon Torrent released lon Proton

2013: Introduction of PacBio RS 11 C2 XL

2014: Introduction of PacBio RS Il P5 C3 & PacBio RS |1 P6 C4

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

2016: Introduction of PacBio sequel

VY YNYYV¥YYEYYYEYY

Al

ial platf

Al

of third { h

yi..e Heli by

@ Third
Generation | |

YVYYYYYY

Al

2014: Release of MinION platform by Oxford Nanopore Technologies

» 2017: Release of ProMethlON, GridION & SmidglON X5 platforms by Oxford
Nanopore Technologies
» 2018:C ializati

of P hION platform by Oxford Nanopore Technologies

Microbial Technology for the Welfare of Society, 2019, Springer

Tissue/Cell Lines

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

I Genomics -
Mutation screenin NGS : DNA -seq
i / £l o microarrays
Chromosomes e '
L 7. -
o~ > — e

Metabolomics
Metabolomic profiling

)

Carbohydrates
Glycomics

Amino acids

Transcriptomics

mRNA

Gene-expression profiling | * DNA microarrays Protein

Proteomic profiling { * Mass spectrometry
* NGS:RNA-seq
Proteomics * Mass spectrometry after
immunoprecipitation with
phosphotyrosine-specific

antibodics

MicroRNA-expression profiling .| * DNA microarrays

*  NGS:small RNA-seq Phosphoproteomic

profiling

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



Projet ENCODE
Encyclopedia of DNA Element 2003 - Present

2012 2019
a Ensembl/GENCODE releases b ENCODE 2 c ENCODE 2, Roadmap & ENCODE 3
% 55504 el A 2 [ e
g Pseudogene = : 36.9%
seudog ® !
~ O 40,000+ o ! 30.5%
H ‘s ' 26.9%
Hypersensitive CH, : 5 Vit g »l Py : aa
Sites « A N{ Q £ 16.4% " . 17.6%
a - E 20,000f - N5 0% 1
) N 3 S 11.0% '
8 RNA Protein coding § 7% 4.2% . 1 ‘%5‘8%
! \; & S 8% 22% 0.4%
Y po|ymerase 3 & g s =i 03% 02%
r“,r"\ 2003 2007 2012 2019 L Opst_ [} g ; i B g g Pl g g g g Tess 73 g it §
CH,CQ | e 18k : ijid il
. H3 Histone modifications Combined genome Histone meadications Registry of cCREs
A sagmentation
7 { d
ffk@ g \ 2012: GRCh37/hg19
chr16 67,600,000 | 67,640,000 | 67,680,000 |
WGBS Computational ] s - - GENCODE version 7 B O T —
2ﬁ|A-PET I?Ab:;:”q ChlP-seq RRBS p'edictions and RNA“eq ::;I:s::q . m—----—;-,;,,—;;ﬁ'ﬁ GM12878 genome segmantations T B b A
eq methyl450k RT-PCR 1) W E— . I e AT Y e — ] C—
e .
i?\: féGRChsa/hgs-B T EH60) 67,600,000 | 67,640,000 |
GENCODE version 32 (Ensambi 98)
S8 i _ """" -
* | ..................................................................... i .......
Long-range regulatory elements Promoters Transcripts G o
(enhancers, repressors/ B cell cCRES
silencers, insulators) i !
B B cell DNase .
- k B cell H3K4me3 1
B cell H3K27ac
A . n " B cell CTCF 1




Réseau de régulation transcriptionnel chez Escherichia
Coli (en 1998)

1r input X
Table 1. Information contained in RegulonDB release 1.0 Zost H
RegulonDB: a database on transcriptional regulation in Escherichia coli. 0
A. M. Huerta et al., N.A.R. 1998 0 2 4 6 8 10 12 14 16 18 20
Object Number e g
$o05
Regulons 99 0 N .
0 2 4 6 8 10 12 14 16 18 20
Regulatory interactions 533 — :
r output Z 0\ 1
Polypeptides 192 (/03 Ji ﬂ\
" :
Protein Complexes 99 0o 2 4 6 8 1'10 12 14 16 18 20
ime
Genes 542

Operons 292 0.8> = Z3 threshold

0.6

Z2 threshold

Promoters 300 X ool

'0 Z1 threshold
Ext_ DB_References? 2050 |—|—| 0 1 |2 3 4 5 6 (7 8 9 10
Authors 208 NE A '
. Z1 22 2Z3 os
Signals 35

4 types de source pour les interactions :

(i) mutational experiments proving the protein—DNA binding site interaction
(ii) specific binding of the purified protein Network motifs in the transcriptional regulation network of Escherichia coli,
(iii) evidence of binding with non-purified protein Shen-Orr et al., Nature 2002

(iv) simple sequence similarity with other sites for a regulatory protein.




Le reseau d’interaction protéine-protéine chez la levure
(en 2000)

\ g T\l
% -S-AA AR . : g T
b RN \s‘%;_ == r Réseau incluant 1548 protéines (sur 6000 prédites)
AU AN R Les 2538 interactions du réseau ont été reconstruites
- =N - en combinant :

* Interaction mesurée expérimentalement (Gel2D,
Spectrométrie de masse)

* Yeast two hybrid

A network of protein-protein interactions in yeast
Schwikowski, Nature Biotechnology, 2000



Le réseau d’'interaction protéine-protéine
chez la levure (en 2000 e

Membrane fusion (23/21) 20
77 97
Protein degradation (77/84) 110,
Vesicular transport (141/181)—7g 101 20,
36

Mitosis (81/75) DNA synthesis (41/50)

Cell structure @N)
1o 52 Cell polarity (54/52)
T Mating response

Protein folding (18/32) [27 (;1/!66) DNA repair (37/65)
1
18 ¢y iati Protein synthesis (54/89)
Protain translocation (51/54) (4r20) 45 /31
18 . ing/modification
2 9 (117132)
Nudlear-cytoplasmic transport 22
(106/36) Signal transduction (42/66)
Lipid/lalty acid and RNA |9rnuver
sterol metabolism (18/27) 29 29 (9116)
e '8 Polll wrarscription (184/177) RNA splicing (65/65)

Cell stress (27/75)

o y W Pol | transcription (9/17)
32

Carbolwydrate metabelism  Pol Il transcription (14/21)
(30178)

Classification par groupe fonctionnel

7 I
) Membrane
=4 el (8148)
Ne 14 14
T Plasma Nucleus (742/715)
membrane Cyto-
; o | 6|  (24/72) | |skeleton| |
. \ ER (34/86) 76| (8281) [20 15
\ 27] |
g \
KN o 22 4| [Mitochondrion|[ Golg 105
" (571124) (22/31)
Tk dEET
= Cytoplasm (155/342) Vti(s;él;zs
5

A network of protein-protein interactions in yeast
Schwikowski, Nature Biotechnology, 2000 Classification par compartiment cellulaire



Jn réseau « simple » d’interaction protéine-
orotéine chez I'humai

1705 protéines (sur 43000 prédites)

3186 interactions

25 millions de yeast two-hybrid

-
..'

e
s =

Sggt
» *
-

+ Interaction évaluées a l'aide de
Gene Ontology

A human protein-protein interaction network
Colored circles represent proteins (nodes):

# Light blue, known proteins

A resource for annotating the proteome
Stelzl et al., Cell, 2005
* Orange, disease proteins
* Yellow, uncharacterized proteins

Interactions (links) are represented by color-coded lines:
Red, high confidence (HC) interactions
Blue, medium confidence (MC) interactions
Green, low confidence (LC) interactions




Machine learning pour la
reconstruction des réseaux
biologiques a l'aide de données
omigques

Reconstruction de réseaux biologiques a lI'aide de
données omiques

Y,

A
XN

e
a»
<
q]
/]
Yl
T K]
. D
( Ty
> o, ‘=
AR =
= A
- 3
' .
‘ N

Reconstruire par analyse de co-expression (TP)

Etat de I'art des réseaux biologiques les plus
étendus

Apport du deep-learning a la biologie des
systemes
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Reconstruction de réseau métabolique

P )b

:::E}ﬂiF__ yebK <

1,(54,000 1,936,000 1,935,000 4,230,000 4 232 DUCI 4,234,000
/ genome position

gene locus | b1676 | | b1854

translated peptide
unctional protein isozymes

reaction -
O

mpﬂ\ O O

adp h atp

single
enzyme

Lecture 3. Network Reconstruction: The Process
Bernhard Palsson



a reconstruire ?
Les éléments fondamentaux du réseau

Biological
Component DutaType e |Les génes
Gene Locus —3» 11633.1
Transcriptomic * Les transcrits
K

Transcripts —3» -
* Les protéines

Functional

Protein Pr i /e

Comedex _)’ & Prateonk * Les complexes de protéines
. V4 .

DCK1n DCK2n < Fluomic Les métabolites

Reactions
Y . . L :
Metabol- e Les reactions enzymatiques
(e & (e« "y ymatig
e o o 0

e

Palsson et al., Mol. BioSyst., 2007, 3, 598-603



reconstruire ?

La notion de gene

GENCODE Human release (version 43)

Genome 62703 genes
/m Long nCRNAS Long noncoding RNAgenes [ EGNNRNEGTNENENENGNE

'»\ \<200 nucleotldesl |>200 nucleotldes
Non-coding \ m m protein-coding genes |G
RNAs (>80%) |
o e
piRNAs gsRNAs Pseudogenes |
{ COdlng l Small non-coding RNA genes _
- RNAs 4 mRNA === Protein
- Imm unoglobulin/T-cell receptor gene segments I

0 5000 10000 15000 20000 25000

Pedrosa et al., The CardioRNA COST Action 2019 GENCODE 21, Frankish et al., N.A.R. 2021
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Quels types de réseaux peut-on reconstruire ?

* Réseau d’interaction protéine-protéine (PPI)

* Réseau métabolique

* Réseau de régulation génétique

e Réseau de signalisation cellulaire

Q Proteins

Metabolites

Metabolism

== p Gene regulation

« ««p Cell signaling

m—  PPls



Réseau d’interaction protéine-protéine

Q Proteins

@ B —— Protein-protein interactions

* Chaque nceud est une protéine
* Chaque aréte représente un lien d’interaction physique entre protéines

* Le graphe est non orienté
(Mais peut le devenir si on considere les sites de docking)



Réseau métabolique

ma
Metabolites
O Proteins
A
e Metabolism
my mg3

* Les nceuds sont les métabolites et les enzymes
* Les arétes représentent les réactions métaboliques et leurs flux

* Le graphe est orienté



Réseau de regulation génétique

" l Q Protein

— —+ Gene regulation

7

:’
®©

"4

®

* Les nceuds sont les genes et les facteurs de transcription
* Les arétes représentent les régulations transcriptionnelles

* Le graphe est orienté



Réseau de signalisation cellulaire

? O Protein

Cell signalling

®
®

* Les nceuds sont les protéines, mais aussi les genes et métabolites
* Les arétes orientées représentent les voies de signalisation cellulaire

* Les autres réseaux peuvent étre vu comme des sous-graphes de celui-ci
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Pour quel type de modélisation va-t-on

reconstruire le réseau ?

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

* Modélisation par équations différentielles



Modé

* Un graphe orienté non pondéré

* Les interactions sont binaires :

Présentes — absentes

* Parcours en temps discret du réseau

isation de réseau boo

D
@

een

53]

=11\
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e =1 =5

[ml el )
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e




Modélisation par regle

* Chaque nceud a plusieurs états accessibles

* Les interactions sont des regles logiques entre les états des nceuds

eafr G ) 0 J)) + (egf — ) <> Someof possible reactions generated by this rule:
(1 ) r A v1068 M v1148 (r)
7 7

(egtt G )G J)) + (eaf —) > (Ceaf — Negfr — G 3 (v )
: (1 X r A v1068 v114a : (r) : o : (1 X r X Y1068 Yll48
1 1




Modé

L R
C==N 0=C
N e N\
O0—H N—H
o ¥
O—H
v 4 H
N I
” et /O
/c HaC e
H2C cHp — | \
| ch\ /CHQ
H2C CH2 C—C
C/ Hz H2
H2

Equation chimique

isation par regle

Définition d’une regle

Boutillier et al., Bioinformatics 2018

“Axin binds a region in the armadillo
repeat of B-catenin, if -catenin is
unphosphorylated at T41 and S29""

| R—

—

L
Ga) o
S 529 )
CBD ) /\avm1 —

l

Axin(CBD[.]),ctnnbl(armi(.],T41{u}[.],S829{u}[.]) —
Axin(CBD[1]),ctnnbl(arm1[1],T41{u}[.],S29{u}(.])

Ecriture en langage kappa

On définit une probabilité pour chaque regle

On modélise en calculant « I'ensemble des possibles » pour une initialisation donnée
Cad: Lensemble des états possibles ayant une probabilité d’accessibilité donnée



Modé

Il est trop couteux de modéliser I'évolution
de tous les constituants du systeme

On impose une contrainte sur le systeme.
Celle-ci va réduire la quantité d’état accessibles

La modélisation deviendra alors possible en
un temps raisonnable

Isation sous contrainte

Constraint-based modeling.

Emm Mathematical
representation

s 'n silico
Modeling.

-Physical

-Enzymatic
Experimental
assessment.

-Thermodynamics

Deterministic

Topology Stochastic / Boolean >
*. Network dx_ £

at S.Vv

Y

A Maximize [z =YcC. x‘_:l

easible space. \‘ 2

S.v=0

Integration databases
high-throughput data.

Metabolic
Reconstruction.

Omics:

-Microarrays
-Metabolomics

-Proteomics
-Fluxomics



Modélisation sous contrainte : Flux balance analysis

Metabolic network Mass balance equations Matrix notation

dA da ]l [ M v
=L b- 1000000100 1
R et T e . dt b=V dt v,
' . L - ' d8_ 48 Vs
@@ —O—9—O ! dt - TV TVt gt | |11110000000 v,
| \ Ny dcC A Vs
! ‘gl.ﬂ"* W @ _:]_’ gt Pt V2= Ve Ve b, == %E— flo100-1-100 11y,
| ,-}N dD Vs,
i W & SE= V=Vt V= v, b, %?‘ 001-110-100-1 3‘
------------------------ dE__ - dE 2
b: exchange fluxes t etV b, dt 00000112002} b,

v: internal fluxes L L . T

M

I S

F {ux(

=
3
-

- Optimization (2) Thermodynamic

/(/ Optimal min/max objective 0sSv,Seo
// o solution ‘ (3) Capacity
S 3,sv,< b

>

Flux, - Flux,
Q\\’" ' Q\\‘“‘

Modélisation par contrainte = la contrainte nous permet de réduire le champ des possibles

Optimal solution Feasible solution space Constraints:
(1) Steady state mass balance
L) L )
N S«v=0

v



Modélisation

k
A+ X 52X U

k,
X+Y->2Y - 9

k3 .
. Y —>B (3]

par equation differentielle

Reaction that produce more [Y]
k, than consuming Y] Reactionthatconsume[Y]
Governing Lawfor[A] : 4 + X — 2X
Changes in amount of the chemical [A]
= Increasing Amount of [A] —DecreasingAmount of [A]

K, k
Governing Lawfor [Y]: X +Y —2Y AND Y —3) B

Changes in amount of the chemical [Y]

Rate of Reaction Producing [A]
9lAl =Increasing Amount of [Y] — DecreasingAmount of [Y]

j Rate of Reaction consuming [A]
0 Rate of Reaction Producing [Y]
Rate of Reaction consuming [Y]
ko AX j
kXY
dd A
= =0-k4x kY
(]

a4 = kXY kY

2 kax t

dt

k
Governing Law for [B] : ¥ —3) B

Changes in amount of the chemical [B]
=Increasing Amount of [B] — DecreasingAmount of [B]

Rate of Reaction Producing [B]
J Rate of Reaction consuming [B]

0

=0-kY

88

dB



¥
'l-v..

.\)\
N

L7 5E
s /%

n
(J]
‘O
c
S
) o) n
v ¥ £
X = T 2
C "o 9
> O ~ o No]
© © e v x
o O “ n S c 3
H n (<)) (4] frar o 2
S Q S s B = @
Ie q > c (8] o
(@) O - fut o = o
— oo @ g o~ s ©
O »n O k=) S £ ¢ ® c
(o) o < e o .2
o © O S e ¢ ®B 9 =
© emmm i)
c O w® x < 3 = 3 o =
r— p = 2 o B o ) © 2
c C @ S X 9 w B 9 o 5
S
C 5 n 2 2 8 82 &2 - £ £ 3
Q O o - s ) n c 5 c °
— ] o g .0 .0 v
u © — v > = + ) + g
> o = < O () O
=) O Q ®) o o v N} S = S +
h n g u m £ - [ e) (o) © (o) =
O T Sw 3 3 3 % ¢ & § g
O O = .= ho of g a 3 o 3 o 3
C O O m mw.
M m .Im ® %m — ~ ™ < N o) ~ o0
e o
[ ]



Reconstruction du réseau métaboligue d’un organisme

Data Needed End Product
Genome
Sequence m@ Draft —0 0—*
Similarity-based 011 Reconstruction 00—
Annotation :f’- ?Ef:-:{x}-

Known Metabolic o-f‘—"‘EQ "
Functions

Genetic Data T'O = Oog- ‘ R Curated
e

. | construction
iochemical ( )~=r=-=fv( )
Reconstruction of biochemical Networks in Data OorA OwA
Microbial Organisms .
Palsson et al., Nature Review Microbiology, Ph D fta-' lec: b SE
2009 Soiie e S Genome-scale
Deletion Phenotyping (888008 Metabolic Model

(Phenomics) 000000 \

Fluxomics 13C 15N 2p .

Metabolomics 2 g g‘g Platform for
Proteomics lllll!—|l - DeSIQn and

Transcriptomics - D IS Covery

N & A4
xexperimems x



Reconstruction du réseau métabolique d’'un organisme

Genomic scaffold
Network reacti
( ic content) — Active enzymes J — reactions
Data » Unique open-reading-frame * Subunit composition * Metabolite stoichiometry
required identifiers * Protein complex composition « Cofactor specificity
» Gene product function or name ¢ Enzyme symbols » Substrate specificity
» Gene symbol « Directionality or reversibility
» Enzyme commission number « Cellular location
« Cellular location of gene product
Databases + Entrez Gene + Genome Reviews « BRENDA « KEGG  PubChem Reconstruction of biochemical Networks in
» Gold » SEED * KEGG « BRENDA « Entrez Gene Microbial Organisms
* KEGG « CMR e MetaCyc * MetaCyc e UniProtkKB Palsson et al., Nature Review
* Microbes * UniProtkB * Primary literature * Published literature « TransportDB ; ;
online . IMG « Transport DB « PSORTdb Microbiology, 2009

oo R

\b0004| | b0032| |b0033] [b0004| |b0032| |[b0033] Transcripts
[BoooZ) (Boosz) (B0 | |

© © ® ©
R @ EB recos




Les differentes types de reconstruction

ANGPT1
- Known Interactions Predicted Interactions

At from curated databases At gene neighborhood

AN experimentally determined AeetN  gene fusions

{,_ , gene co-occurrence

p—

Others

At textmining

R L —

et co-expression

=4

A protein homology

L — L —

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



Les différentes types de reconstruction

Lexemple d’interaction protéines-protéines

Reconstruction directe

Known Interactions

— from cui

P Ny ~ .+ S £ 7 £
| TR T | F) 408 S
(P CUIlaglicud dalalddoco

Reconstruction indirecte

Predicted Interactions

. I J

— ~Mono noinnhhort 278
gerne neiqgriporrnoodad

\ 4 ~ Frrooimmoe

— gene rusion

— AOND AONDOIrran Ao
L)’Lll’l\_ co-occurrerice

--------

g g
TalaaTel aTall:
/ | u‘b’uy-’u:
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Reconstruction directe des réseaux :
es Blots

Liver

56 Ser2d0r44| WSS S— - B

- | e
|

2.0

1.5 1

1.0 1

0.5 1 ,——L‘

S6 Ser*”?*/s6 (AU)

Fructose



Reconstruction directe des réseaux métaboliques

Top-level EC numbers!®!

Enzyme example(s) with
Class Reaction catalyzed Typical reaction
trivial name
EC1 To catalyze oxidation/reduction reactions; transfer of H and O AH + B — A + BH (reduced) )
Dehydrogenase, oxidase
Oxidoreductases atoms or electrons from one substance to another A + O — AO (oxidized)
EC2 Transfer of a functional group from one substance to another. The : )
2 AB+C —-A+BC Transaminase, kinase
Transferases | group may be methyl-, acyl-, amino- or phosphate group
EC3 - : Lipase, amylase, peptidase,
Formation of two products from a substrate by hydrolysis AB + H20O — AOH + BH
Hydrolases phosphatase
EC4 Non-hydrolytic addition or removal of groups from substrates. C-C, | RCOCOOH — RCOH + CO5 or Dicakicniiss
Lyases C-N, C-O or C-S bonds may be cleaved [X-A+B-Y] — [A=B + X-Y] d
EC5 Intramolecule rearrangement, i.e. isomerization changes within a
ABC — BCA Isomerase, mutase

Isomerases single molecule

EC6 Join together two molecules by synthesis of new C-O, C-S, C-N or
NS X+Y+ATP — XY + ADP + P; Synthetase
Ligases C-C bonds with simultaneous breakdown of ATP
Les 6 classes d’enzymes Enzyme Commission number for enzymes

https://en.wikipedia.org/wiki/List_of_enzymes



Reconstruction directe des réseaux métaboliques
exzYME anty]EC 271157

Phosphatidylinositol 3-kinase.

Les 6 classes d’enzymes

1-phosphatidylinositol 3-kinase.
e EC 1 Oxidoreductases PI3-kinase.
0| EC 2 Transferasesl
* EC3 Hydrolases /
e EC 4 Lyases EC 2.1 - Transferring one-carbon groups
"""""" 2.7.1.127 - inositol-trisphosphate 3-kinase
® ECS Isomerases EC 2.2 - Transferring aldehyde or ketonic groups
e EC 6 Ligases 2.7.1.130 - tetraacyldisaccharide 4'-kinase
............ EC2.3 < AcynfanSfoaSBS

EC 2.7 - Transferring phosphorus-containing groups

EC 2.8 - Transferring sulfur-containing groups

EC 2.10 - Transferring molybdenum- or tungsten-containing groups | | 57 4.

https://www.ebi.ac.uk/enzymeportal/ 2:7:1:140 - ADP-specific phosphofructokdnase

o .


https://www.ebi.ac.uk/enzymeportal/

Reconstruction directe des interactions protéines-protéines

(a) B .
inary mapping

Yeast two-hybrid (Y2H) Interaction 2 4 2

(b) :
Co-complex mapping

Identification by

Affinity purification ‘ "’ mass spectrometry
followed by mass
spectometry KKK |
(AP-MS) Complexe protéique

Co-fractionation ‘ Identification by
followed by mass b : mass spectrometry
spectrometry \ Sy

Time

t
Intensity

(. Protein —— Direct physical interaction ~ ----- Protein association )
Base de données : Reactome, PDB, KEGG




Reconstruction par mesure directe

Yeast-Two-Hybrid

Gal4
&% -
- Reporter gene (LacZ):

A. Regular transcr|pt|on of the reporter gene

& 8o
\ > S
) Reporter gene (LacZ):

no transcription

A Galq

B. One fusion proteln only (Gal4-BD + Bait) -

A,
<Gal 9 AQJ,\ G
g o‘\ —> ©*
A\ /] no transcription
[ ] UAS i Reporter gene (LacZ) |

C. One fusion protein only (Gal4-AD + Prey) - no transcription

p % Gal. 4_;
5‘ 16,1‘ Prey _Gal4
%D L8‘5/
(‘ —»
Reporter gene (LacZ):

D. Two fusion proteins with interacting Bait and Prey



Reconstruction par mesure directe :
Spectrométrie de masse

(A) protein mixture () protein C) separation (D) ionization

S

digestion
0°°
© P )
‘ = ‘w/— <——
® . T v A_A
® tandem MS ® MS
el s Py g:::t)'s;zto mejo c:‘dpe::eccl:
= T | fragments PEP T for MS/MS
PE | D representative | analysis
ID E of peptide e D
E sequence E




Reconstruction directe des réseaux géenétigues
Détection des facteurs de transcription

AcXwaxkor Ackokor helps
g _?em,m ranschipriony
Yors é RNA polymerase
” Represseur
Transeri P‘Hon /
ATCAATG DNA \ ] e - \/ﬁ
@nc\' o sire Taw_\@* e
Lor Hhis’ ackivaror
. gpxe_p‘(' e3s0V “
Activateur

No tvanscription

>& >
GTGGCA DNA \ A

- Torart aene
C B'\no\'\n-q s\e i A
foc Y\S vepressovr Repressor blocks
?CV\LV' a\ -\—row\scx\?\—\on

acYors é ANA polymerase



Reconstruction directe des réseaux géenétigues
Détection des facteurs de transcription

Présence de motif > Domaine de liaison a ’'ADN

Transcription Factor Motif Motif Fold Enrichment

Neurod family GCCATCTGC%F 2.39
||
o (T OATGG.AHC =

Novel Hox dimer 2.32

TAAT<4a__<AATTAA

rovamsmer TGOCA.._ TaeCA

N

.06



Reconstruction directe des réseaux genéetigues

Détection des facteurs de transcription

Recherche de motif

Transcription Factor Motif Motif Fold Enrichment

atersy T TG
thestmetomiy—— TAATTAS
mtamtyamr (T, (AATAS MO

Novel Hox di
ovel Hox dimer TAAL4 __xAATTAA

wamaner O TecQl

2.39

2.42

4.14

3.33

2.32

2.06

Meéthode CHIPSeq

Cluster [G5] [INGIN EEN [cs

Validation des TF

U Ty
c6 c10 (] c7 c8

c2

|
WL
I
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La revolution omique

Moore's Law

National Human Genome
Research Institute

genome.

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

Different Generations of Sequencing

1977: First DNA based genome sequenced (®X174 bacteriophage)
1995: Firstb ium H: hilus infl was d by shotgun method

1996: Applied Biosy developed DNA based on Sanger's method
1996: First eukaryotic g )% isiae) was sequenced

2001: Firsthuman genome draft was published by two differentindependent teams

. First _J
Generation

TYYYVYVYYY

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

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: Devell of first

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 |1 C2 XL, lon Torrent released lon Proton

2013: Introduction of PacBio RS 11 C2 XL

2014: Introduction of PacBio RS Il P5 C3 & PacBio RS |1 P6 C4

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

2016: Introduction of PacBio sequel

VY YNYYV¥YYEYYYEYY

Al

ial platf

Al

of third { h

yi..e Heli by

@ Third
Generation | |

YVYYYYYY

Al

2014: Release of MinION platform by Oxford Nanopore Technologies

» 2017: Release of ProMethlON, GridION & SmidglON X5 platforms by Oxford
Nanopore Technologies
» 2018:C ializati

of P hION platform by Oxford Nanopore Technologies

Microbial Technology for the Welfare of Society, 2019, Springer

Tissue/Cell Lines

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

I Genomics -
Mutation screenin NGS : DNA -seq
i / £l o microarrays
Chromosomes e '
L 7. -
o~ > — e

Metabolomics
Metabolomic profiling

)

Carbohydrates
Glycomics

Amino acids

Transcriptomics

mRNA

Gene-expression profiling | * DNA microarrays Protein

Proteomic profiling { * Mass spectrometry
* NGS:RNA-seq
Proteomics * Mass spectrometry after
immunoprecipitation with
phosphotyrosine-specific

antibodics

MicroRNA-expression profiling .| * DNA microarrays

*  NGS:small RNA-seq Phosphoproteomic

profiling

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



Evolution de la transcriptomique

Les prémices avec les puces ADN

)
/;g:eous mRNA mMRNA
P R Protein Aminoallyl Reverse Cy Dyes cDNA
Y Phase W Nucleotides , Transcriptase 'g,.?[; 3
Y-
cDNA - Ia%elled cDNA
Sample Purification RT Coupling
BRI [}t I
e o
N
= [}
[}
E~
[}

l B
- = 0
Filter o
i ratio
Hybridization Scanning Normalization
and washes and analysis

Expression des ARNs
Comparaison de génomes
SNP

ChiP



Les puces ADN

Microarray

Extraction mRNA

Tiling array




Séquencage haut débit - short-read

MRNA extraction

o ORF-1 ORF-2

Reads mapping
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|

|

=== illumina

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/ForAllYouSegMethods.pdf



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

Séquencage haut debit - long-read

MRNA extraction

o ORF-1 ORF-2

Reads mapping




Evolution de |a proteomique

Mw (Kd)

— —

4. g .
| |
A ] L oH

Western blot : Mesure de protéine unique Gel 2D : Mesure de plusieurs protéines



Evolution de la protéomique

Detection
faraday
collectors

{m/q} = 46 —
{m/q} =45 —3—
m/q} =44 — |
»
=
o
=1
magnet
. amplifiers VVV
ratio
lon source output
o beam focussing
<« ion acelerator

- " electron trap

\ ion repeller
gas inflow (from behind) ~ 'e9end:

T ] m ... ion mass
ionizing filament g ... ion charge

Spectrométrie de masse
1888 - 1918

Pour pouvoir passer les protéines dans un spectrometre
il faut les ioniser

Reduction
Mélange .-—/ﬂ(’e‘ il
matrice-échantillon 90\)‘(’ ”
Oxidation -
. g
f ° N T
o .*"; v . . y ® IonsmolécTJIaires
°o} :0' o i lonisation & .
* Deésorption . " 2
Electrons
High voltage
power supply
lonisation des protéines par spray lonisation des protéines par laser

ESI - 1968 MALDI - 1985



Evolution de la protéomique

Les protéines ionisés sont injectés dans le spectrometre de masse.

Samples:
Multiple component
Mixtures

Solvents: mobile phase

$ 3 3 | Detection

Mass Spectrometer

LC-MS
> Interface+
Ion source

.

Schéma du LiquidChromatography/MassSpectrometry LC/MS - 2009

High performance liquid HPLC Chromatogram +
Chromatography (HPLC) device =~ Column Mass spectrum analysis

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



Evolution du single-cell
1,000,000 }- ' SPLiT-seq

Drop-seq @ . BNA.
100,000 |- | ) (/o0 RNA-seq
2 MARS-seq (MoSeg @ inDrop Y Q- DroNC-seq
2 10,000} | ‘e 0 .
€ High-throughput STRT-seq CEL-seq Fluidigm C1 © 0 o 0 % %—Seq-Well
o 1,000 - sequencing of RNA | Cp 0 ®© O
§ 1001 from single cells\o ® o 0O 0 oO
g 10} 9 2 00 O swaRTseq2
v ik o SMART-seq
| | 1 1 1 1 1 1 |
2009 2010 2011 2012 2013 2014 2015 2016 2017
Study publication date
Manual Multiplexing ~ Integrated fluidic ~ Liquid-handling |  Nanodroplets Picowells In situ barcoding
circuits robotics _
— JEJE

Tang et al. 2009" Islam et al. 2011* Brennecke et al. 2013*  Jaitin et al. 2014® | Klein et al. 2015% Bose et al. 2015 Cao et al. 2017*'
Macosko et al. 2015% Rosenberg et al. 2017

From Svensson V et al. 2018




Séguencage a cellule unique

_ 10x Next GEM TeChnOlOgy for Slngle Cell Partitioning

( J

'™

Sample Oil Gel Beads in EMulsion (GEMs) ey |
\.. o.o;

LY

o0 |

ov e

‘\'».0.»“"

e 0 0 ® 0 ‘ ‘

Adapted from 10x Genomics



Une varieté de technigues single-cell

Lineage State Trajectory

Cell surface proteins

* CITE-seq®

* REAP-seq?!

° 4142 . .

Intracellular FAE Spatial position
protein o MEREISEIZ198209
- e PEA%9:50 * smFISH%?
.2 * STARmap?* O
OOOOOOOO
oo o _00e°°
- (ONG)
g i 00 "o
-7 —--. 0000
O \ Op 00000
( _O 0o ©0 00 o
~ P ®coo,
N 0 0%
- \ O
X OOO OO OO °
DNA oo

methylation "
* scBS-seq"’

Pseudotime
* snmC-seq'®

]
—(
{

* Monocle™”
* sci-MET® mRNA s i
o scGESTALT  { Histone * Drop-seq* i
° 33 . . o |nDr0p e ocyto
ScarTrace sequence modifications - « Diffusion”
* LINNAEUS?** » SNS? Chromatl)tiln ¢ scChlP-seq®?* ° ?An’;‘.;rg-zzgg
° 27 -~ B 10 TR Y o
HENOE SChseq ?(;(C;i?rzcl_slgu * 10X Genomics®
* sciATAC-seq** * SPLiT-seq®

* scTHS-seq®
* 10X Genomics

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

* sci-RNA-seq’
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Reconstruction indirecte des réseaux biologiques

Corrélation de données
multi-omiques

Réseau de co-expression

Corrélation de différents
réseaux biologiques

Paradigm |

lw

Expression data
Phenotype |

Motif data \:]

é{DD

Motif data

Cc

Conditions
Interaction data

Expression data
(Phenotype I)

Conditions

Statisical

Expression data

Conditions Phenotype Il

Expression data Differentially eoing ':::s
(Phenotype II) Expressed genes i

XA‘
-

Paradigm Il

Network for
Phenotype |

>
Identify Differential targeting
4

Network for
Phenotype Il

Network Medicine in the Age of Biomedical Big Data

Front. Genet., 11 April 2019



Réseau de co-expression

Gene Regulatory Network (GRN)

Condl Cond2 Cond3 Cond4

« Guilt by association »



Réseau de co-expression

G1
G2
G3
Gs
Gs
Gs
Gy
Gg
Go

S
43.26
166.6
12.53
28.77
114.7
119.1
118.9
3.76
32.73

17.46

Sz
40.89
41.87
39.55

191.92
79.7
80.57
156.69
2.48
11.99
56.11

S3
5.05
136.65
42.09
236.56
99.76
114.59
186.95
136.78
118.8
21.41
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Reconstruction de réseau de co-expression

Gene Correlation Correlation
Expressions Analysis Matrix

Similarity Adjacency TOM Similarity Fyres Distance CogxpreLsision
Matrix Matrix Matrix Matrix ene List

Clustering Coexpressed

Genes
Graph Creation
Gene

Coexpression
Gene Tree

Coexpression
Network

Enrichment Enriched
Analysis Terms

Zagopoulos et al. Biology 2022



4 classes de calculs de distances pour |3
reconstruction de réseau de co-expression

* Les méthodes probabilistes (ex: Methodes bayesiennes)

* Les méthodes basées sur la corrélation (ex: Pearson correlation)

* Les méthodes sur des calculs de distance statistiques
(Gaussian graphical model)

* Les méthodes basées sur les calculs de distance en théorie de
I'information (ex: information mutuelle)



Corrélation de Pearson

Pour deux vecteurs d’expression génique X et Y oy l'écart-typede X  oyl'écart-type deY

Uxla moyennede X  uyla moyenne deY

E[(X — px)(Y — py)]

pxy = (Eq.2) ,
S E 'espérance
1 0.8 0 -0.8 1
1 1 1 1 ' '
/ 4 e d e —_— e \\ \




Autres meétriques pour la co-expression

Corrélation de Spearman

COV(rgX7 I'gy)
re =
Orgx Orgy
Corrélation de rang
Spearman correlation=1
10 Pearson correlation=0.88

—154

Distance euclidienne

a’(x",xj)2 = Zk(x,i —x,{)z

f v
\xzf /2)

(Xl.' y:)



Information mutuelle

Mesure la dépendance statistique de deux variables aléatoires

P(z,y) H(X) H(Y)
P(z) P(y)’

I(X;Y) =) P(z,y)log

Différents algorithmes existent pour estimer cette valeur |

H(X,Y)

Théorie de I'information (Shannon et Weaver 1948)

H(X) = 3 Loy (p)



Correé

Gene Co-expression

Gene Regulation
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A . Regulator-target pairs B
— E =
N\ S
= : e
= Co-regulated 2 o
= ’
% A pairs § < - Regulator- Cq-regulated
S, 3 - target pairs paits
& oS
= K- Q |
Est-ce une o | | | ol W J,l .
bonne 0.15 0.20 0.25 0.30 0.25 0.27 0.29
dpproc he ? Mean |R| Mean |R|
RESEARCH ARTICLE

Emergence of co-expression in gene
regulatory networks

Wencheng Yin', Luis Mendoza®?*, Jimena Monzon-Sandoval®, Araxi O. Urrutia®®,
Humberto Gutierrez®*

Plos ONE 2021



Reconstruction a l'aide d’information
genetique

 Gene co-occurrence
* Gene fusion
* Protein Homology

e 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

* 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
5 & TEXT MINING

(3)
— Publmed §
& Eﬂ; Wi
JOURNAL H'Q“W"! P
° USER/EXPERT LITERATURE
BT e DATABASE RECORD
TRIAGE COMPLETION/
, CHECK
RELEVANT :
ARTICLE @—B
human | = “TAKTI) Akt (A5
- e " “ \} = /.1'/‘
'(Iszl’i e = l:./
myannog| S Prot |
STaxon y rot | o) )i
SPECIES/ @ ——= PROTEIN (AW Experimental®
TAXON 7< Gene DBs ‘-\fo TR evidence ;
GENE DBs f s ’ =1 o
\ AKTI C + 2 &t
BIO-ENTITY A = f
IDENTIFICATION, _____ ., (sgindi < \ ) /
NORMAIJZA.”ON 1 ' has l‘"--.‘fmrn’ \.\ ? v E:
- interacts with
» - > ;
/o B | -+ »AKTL) g i
— l o EVIDENTIAL
S| jhtcfacis vinhj QUAL'F'ER
ANNOTATION SRCLIG- ASSOCIATION
EVENT DETECTION Datal

Database 2012-bas020



Reconstruction des réseaux biologiques

; 'High‘ly- interconnected
biological system

Larger-scale
organization

PHENOMICS

Il faut multiplier les types de reconstruction
et combiner les différents réseaux obtenus

Il n’y a finalement qu’UN réseau global
a reconstruire

Gene regulatory networks  Protein interactions  Cellular & metabolic pathways

AR Boc L 2D g s

Epigenome Genome/Cistrome Transcriptome Proteome Metabolome Fluxome lonome

Status and Prospects of Systems Biology in
Grapevine Research : The Grape Genome 2019 pp 137-166



Machine learning pour la
reconstruction des réseaux
biologiques a l'aide de données
omigques

* Reconstruction de réseaux biologiques a 'aide de
données omiques

1.

2.

Quels sont les éléments a reconstruire ?
Quel type de réseaux peut-on reconstruire ?
Pour quel type de modélisation ?

Les différentes types de reconstruction
Reconstruction directe

Reconstruction indirecte

Les limites de la reconstruction de réseaux biologiques




Les limites de |la reconstruction de réseaux biologiques

uuuuuuuuuu = =ha

| Human and mouse pair |
1,000,000 —
No. Abstracts : | i ( )
SKI = 100,000 '/ S. cerevisiae strains
No. Genes - N -7
£ AN
" (.‘ A
: g 10,000 - -
E. coli o | ks 8 Lecture 3. Network Reconstruction: The Process
Human 48.5 g - R Bernhard Palsson
z : 0 o &®
S. aureus 16-17 ] O & %o 0,0’ ®
(o} &
Mouse 15.6 23 ® o, ?’
" 0
H. pylori 13 - S e racs of irclon
S. cerevisiae 10.6 ; 0 50 100

Biais de connaissance dans I'ensemble des genes



Biais de connaissance dans I'ensemble des genes
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Lecture 3. Network Reconstruction: The Process
Bernhard Palsson



Les differentes échelles du vivant

How fast?

[ 1)
P
c
®
£
3
[®]
=

1

Protein

Water molecule
Glucose

10

Protein diffusion Step of RNA
across E. coli  polymerase

S

One molecule in an

Ribosome Light microscope resolution

Transport vesicle Briceing

E. coli yeast

Membrane
thickness

Adherent
mammalian cell

E. coli volume

/yy/}))/ﬂ

T L
10 Size (meters)
Generation time
Molecular motor Protein diffusion mRNA half life | Bydding |
1 um transport  across Hela cell inE. coli E, coli yeast Hela cell
} /l/ P r i >
1 03 Time (seconds)
) Ribosomes .
Signaling proteins in E. coli Total protein Total
metabolites

|

T L

109

108

Concentration (Molar)

https://bionumbers.hms.harvard.edu/




Les difféerences d’echelles temporelles

Division, Replication, Transcription,

Translation & Degradation Rates

at 37°C with a temperature dependence Q10 of =2-3 —

9. Cell cycle time (exponential growth in rich
media): E. coli =20-40 min; yeast 70-140
min; human cell line (Hela): 15-30 hours v

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

I 1. Translation rate by ribosome 10-20 aa/s

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

ARN

Protéines

= TONUMB3SR5S

THE DATABARASE OF USEFUL EBIOLOGICAL NUMEBERS




Transcriptomique vs Proteomique

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 ?



Opinion | Published: 29 August 2003

Comparing protein abundance and mRNA expression
levels on a genomic scale

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

Genome Biology 4, Article number: 117 (2003) | Cite this article
67k Accesses | 1144 Citations | 4 Altmetric | Metrics
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Il s’agit de la corrélation globale calculées sur toutes les protéines Pour certains groupes GO la corrélation augmente



EIL.SEVIER journal homepage: www.FEBSLetters.org ‘

Review

Correlation of mRNA and protein in complex biological samples

Tobias Maier *, Marc Giiell, Luis Serrano

Center for Genomic Regulation, Systems Biology Unit, Dr. Aiguader 88, 08003 Barcelona, Spain

Isotopically labeled
bbbl RN A u.u’uu Ribosome bound mRNA 3?‘ Protein sample ;é?:" protein sample in different

time points after chasing

Organism re re Data-set size Reference A & ‘ ¥ ]
ATCGCTT A 3 ‘ o g ;
Short = & S s Tryptic peptides
AT sequence reads = ¥ N
Saccharomyces cerevisiae 0.36 n.d. 73 [40] 2Pl ¥ conereie)
Saccharomyces cerevisiae 0.76 0.74 148 [39] —_— g
T=——————— Mappedsequence reads —{_nano-ic_}— ¢ Sample fractionation
Mus musculus 0.59 n.d. 425 [46] {
Saccharomyces cerevisiae n.d. 0.45 678 [43] “ : A et i P—
i =
Desulfovibrio vulgaris 0.50 n.d. 703 [45] e
¥ Y i \
. . . mRNA expression levels R.lbosome bound mRNA and Protein expression levels Protein turnover
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H H §
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‘m » » F —e 3
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Saccharomyces cerevisiae n.d. 0.57 4251 [38] mRNA expression levels Translation Protein expression levels Protein turnover

Small RNAs Ribosome occupancy Protein stability

Secondary structure Codon bias Targeted degradation

Regulatory proteins Translation initiation Secretion

Shine-Dalgarno sequence




OPEN @ ACCESS Freely available online PLoS

Comparative Analysis of Proteome and Transcriptome
Variation in Mouse 2011

Anatole Ghazalpour'*®, Brian Bennett'®, Vladislav A. Petyuk®®, Luz Orozco>®, Raffi Hagopian’, Imran N.
Mungrue’, Charles R. Farber?, Janet Sinsheimer®, Hyun M. Kang®, Nicholas Furlotte®, Christopher C.
Park’, Ping-Zi Wen', Heather Brewer?, Karl Weitz?, David G. Camp Il 2 Calvin Pan 3 Roumyana
Yordanova®, Isaac Neuhaus®, Charles Tilford®, Nathan Siemers®, Peter Gargalovic®, Eleazar Eskin®, Todd
Kirchgessner®, Desmond J. Smith?, Richard D. Smith? Aldons J. Lusis">"%"1
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(Inbred and Recombinant Inbred Strains)
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- (42 Clinical Traits)

Affy MS/MS
(22.7K Probesets) (5K Peptides)
Filtering
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Figure 3. Relationships between protein levels and transcript
levels. A) Histogram of correlation coefficients computed peptides and
probesets representing the same gene. The median correlation
coefficient is 0.27. B) Classification of correlations between probeset-
peptides based on signal to noise ratio in the peptide data (larger signal
to noise depicts less technical variation in the peptide measurement).
doi:10.1371/journal.pgen.1001393.g003



Research

© 2014 by The American Society for Biochemistry and Molecular Biology, Inc.
This paper is available on line at http://www.mcponline.org

Analysis of the Human Tissue-specific
Expression by Genome-wide Integration of
Transcriptomics and Antibody-based
Proteomics*s

Linn Fagerbergs, Bjorn M. Hallstromi, Per Oksvoldf, Caroline Kampf§,

Dijana Djureinovic§, Jacob Odebergt, Masato Habukat, Simin Tahmasebpoors§,
Angelika Danielsson§, Karolina Edlund§, Anna Asplund§, Evelina Sjostedt§,

Emma Lundbergt, Cristina Al-Khalili Szigyartot, Marie Skogst,

Jenny Ottosson Takanen|, Holger Berling|, Hanna Tegel|, Jan Muldertt,

Peter Nilssont, Jochen M. Schwenki, Cecilia Lindskog§, Frida Danielssont,

Adil Mardinogluf], Asa Sivertssont, Kalle von Feilitzen|, Mattias Forsbergt,

Martin Zwahleng, IngMarie Olsson§, Sanjay Navani**, Mikael Husst, Jens Nielsent],
Fredrik Ponten§, and Mathias Uhlénz||11]
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As expected, the RNA expression levels as measured by RNA-Seq and the protein levels detected by staining
with immunohistochemistry display low correlation for many genes. This is not surprising, because
immunohistochemistry based on enzymatic amplification technology is not quantitative (27) and in

addition often yields off-target binding to unrelated proteins.


https://www.ncbi.nlm.nih.gov/pmc/articles/PMC3916642/

Methodes d’intégration de données multi-omiques

Horizontal integration (features as anchors)

Lolisi > Table 1| Overview of common data integration methods

g; i i classified according to their anchor choice
- L i Integration task Method Ref.
d Vertical (global) CCA 112
. Vertical (global) JIVE 70
Vertical (global) PLS 71
: Vertical (global) MCIA 13
— \ Vertical (global) MOFA+ 65
Vertical (global) scAl 14
b Cells Vertical integration (cells as anchors) Vertical (global) iNMF 38
% l-- £ Vertical (global) Seurat v4 n
@Mﬁ £ Vertical (local) Spearman'’s rank correlation 50
/ J:' f coefficient
Vertical (local) LMM 51
- . W Horizontal MNN 21
\ ‘ Horizontal Seurat v3 22
MMW iR} Horizontal LIGER 23
Horizontal Harmony 24
N Cells Diagonal integration (no anchors) Horizontal Scanorama 29
o | TR o Horizontal BBKNN 25
@ . @M\ %J i Horizontal scVI 26
v E i i Horizontal scmap 28
. - X Horizontal conos 27
@ - A Diagonal MATCHER 77
Diagonal MMD-MMA 78
Diagonal SCIM 15
7 W T - Diagonal UnionCom 116
i Diagonal coupledNMF 17

Argelaguet et al., Nature Biotech. 2021



Mesure simultanée sur cellule unigue

'

Single Cell Multiome
ATAC + Gene Expression

Single Cell Multiome GEX library:

(e==men B e I 4@
o0 s [==— [
PS5 i5 Read1 _ 10x UMI Poly(dT)VN nsert Read 2 i7
Single Cell Multiome ATAC library:
o IR L
. e [ I

PS5 10 Read N Read2N 7

10X Multiome technology

DR-seq %
@ G&T-seq (9
Iy SIDR Q)
o TARGET-seq 2
IS scTrio-seq %
5 ®

l

Association of genomic

alterations and 0
gene expression Transcri ptome

Proteome

Single-cell multiomics: technologies and data
analysis methods
Exp. Mol. Medecine, 2020 (52)1428-1442



Validation des réseaux biologiques

Validation expérimentale

Validation automatisée

System model and ~ ———J» Hypotheses —_— > Experiment generation
knowledge base genenxtion and diign

Cycles of Execution of
Update automated hypotheses | experiments on an
the generation and automated robotic
Sn%gtgg? experimentation

syst;m

<_Analysis of results <—Collection of experimental

by statistics and observations and other
machine learning meta-data

New knowledge

Ross D King, Science 2009



Machine learning pour la
reconstruction des réseaux
biologiques a l'aide de
données omiques

* Reconstruction de réseaux biologiques a
I'aide de données omiques

* Reconstruire par analyse de co-expression
(TP)

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

* Apport du deep-learning a la biologie des
systemes




Réseau de co-expression

G1
G2
G3
Gs
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Gene expression values
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Network adjacency matrix
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TP : Co-expression dans un transcriptome bactéerien

https://cytoscape.org/download.html

Nous avons mesuré dans différentes conditions
biologiques I'expression des 2855 genes codants
et 142 ARN non-codants de la bactérie Listeria
monocytogenes EGD-e

Le tableau d’expression se trouve ici :
github.com/becavin-
lab/BioRegul/blob/main/TP-Co-
expression/Listeria-Expr-full-TP.txt

On va reconstruire un réseau de co-expression a
'aide du logiciel Cytoscape


https://cytoscape.org/download.html

TP : Co-expression dans un transcriptome bacterien

» Telécharger 'APP Cytoscape ExpressionCorrelation
Apps > App Store > Show App Store

* Charger le table Listeria-Expr-full-TP.txt dans Cytoscape
Import Table from File > To unassigned table

e Créer les réseaux de co-expression
Apps > ExpressionCorrelation > ConstructCorrelationNetworks

* Visualiser les réseaux en choisissant un layout dépendent du
parameter “strength”

Layout > prefuse Force Directed Layout

* Tracer la distribution des degrés. Réseau sans échelles ?



Listeria growth in Macrophages

. e —— -

BHI 2014 Macrophages 2014



Listeria growth in Macrophages

Cell

o

Cell’ress|

Volume 150, Issue 4, 17 August 2012, Pages 792-802

Article

Prophage Excision Activates Listeria Competence

Genes that Promote Phagosomal Escape and
Virulence

Lev Rabinovich !, Nadejda Sigal 1 Ilya Borovok 1 Ran Nir-Paz 2, Anat A. Herskovits ! & =

- g -
-

Macrophages 2014

1ie



Machine learning pour la
reconstruction des réseaux
biologiques a l'aide de
données omiques

Reconstruction de réseaux biologiques a
I'aide de données omiques

* Reconstruire par analyse de co-expression
(TP)

» Etat de I'art des réseaux biologiques les plus
étendus (full organism ?)

* Apport du deep-learning a la biologie des
systemes




LacZ operon version 2023

MODEL I

Operator Structural
Requlator gene
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Fi16. 6. Models of the regulation of protein synthesis.

Genetic Regulatory Mechanisms in the Synthesis of Proteins

F. Jacob, J. Monod, J. Mol. Biol. 1961
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Le cycle de Krebs en 2023 : Phosphorylation oxydative
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Le cycle de Krebs en 2023 : Phosphorylation oxydative

Matrix
DH Dehydrogenase
reacton
MgATP, Mg‘-" binding on
fATP
MgADP, P-.'1g;° binding on
fADP
Pdiss, Pi dissociation
Inner membrane

c1 Complex |

C3 Complex Il

Ca Complex IV
F1FO ATP synthase
AAC ADP/ATP carrer

PiOH Pi/OH antiporter

KH K*/H" antiporter

Hleak H leak

Kleak K leak
Intermambrana space

AK Adenylate kinasze

MgATR: Mg‘-" binding on
fATP
MgADP,, Mg”* binding on
fADP
Pdissis Pi dissociation
Outer membrane
fATP. fATP diffusion
MATP.m mATP diffusion
fADP .y fADP diffusion
mADP:m  mADP diffusion
fAMP, fAMP diffusion
Pleen Pi diffusion
Mg.* F.’]l_:‘-" diffusion
External space/cytoso
MgATF.* .‘»Ag‘-" binding
on fATP
MgADP.* Mg’ binding
on fADP

NAD, + H, + NADH,

fATP, + Mgy = mATR,
fADP, ~ Mg, ~* mADP,
HzPO.y = HPOL, + H,

NADH, - Q,, + 5H =

NAD, + QHpy ~ 4H;.

QHym + 2Co, + 2H,

Q. ~ 2Cred;, ~ 4H.

Cred, - 0.25 O; + 2H, = Cox;.
+0.5H;0 + H;;

mADP, + P + ng K. + H,+
mATP. + na Hy

fATP, - fADP,, + fATP,. - fADP,
H;POy. - OH, = H;POy, - OH,,
Kis = H = Ky+ H;;

Hiz = Hy

K.+ K

MATP,, + fAMP, + mADP, +
fATP: + Mgz + mATP;;

A

ADP. + Mg.+* mADP,.
HzP04s + HPOus + Hic

fATP. = fATR.
mATP, = mATP,,
fADP,. = fADP,,
mADF. = mADP;:
fAMP. <= fAME.
Pe = P %

Mg. = Mgi.

fATP, + Mg. = mATP.

fADP, + Mg. = mADP.

( +vou — 5wt — 2ves — 4vs

j_}:%* = Xoufi - ( ,
A = 1)EED) = 2005+ Wesk — VEH

dfATP] .
=g = —vaac/ Vi — wigate,

dPil,
2

==L = Vol Vi

dQHz] i
_:'_Lu.. = (+v1 — w3 |/ Wim

d Crad|;, = (+2v3 — 2ws

dt

j f;-P > v, v, w v
—‘T— ATP.. T VAAC,, — VaK, !/ ¥4z — gate,

W
IV

dmATP, L .

T" = +VmATP../ Wz + Wigate,
dfADF],
dt
d'mADP]., )
T = <+WnlDP __ V ,/!' - l'n";.\‘:':,‘

dfAMP

= (+Mvae.. —

o= (+vane o — v, )/ Wi
dP e
i = (—voe+ v /WS
dA¥
— = (+4v1 + 2ve3 +4we — M - R
i

— VAAC — Wask — W&/ C

VEAG. < 2wk, )/ Ws — vigane,

)

nr

Vi

(35)

(399

(40

(41)

(42)

(43)

(45)

(46)

(47)

(48)

(49)

[NAD], = N, — [NADH],
Al = Q. =[O i

CCX - = C::'_' - :C'Gd‘u

:'n»l.DF‘],= f( < :.—‘-'\D-:’::: - Mg |

(K4 +ADPit, +Magy, )2 )
A A — 4(Mgyy, - ADRa, )

y fADP

\ fADP

v Vv :f.QD;" = ADPyo — :Y“lr:-.:P]e

fATP mATP )
[Mgl. = Mgy, — [mADP].

Heiske et al., FEBS Journal 2017




A 100
)
>

g 50
=

0

E 100
&

ON 50
=

0

Le cycle de Krebs en 2023 : Phosphorylation oxydative
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SOM - Réglage fin de tous les parametres du modele
B - 20 pages de description du modele !

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



« Base de données la plus compléte sur terre »
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Regulon DB en 2023

Regulonpk)

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: ” I 3696 ” 2768 H 525 ” 403 ‘
| s | [ u u | s
| Promoter. | | 8795 | 3099 | 5680 | 16 |
| cpen ]| = | u u za
| TF binding Sites: H “ 6958 H 5030 H 1558 H H 370 ‘
| Regulatory Interactions: ” H 3951 ” 3169 H 86 ” H 696 ‘
| small RNA Interactions: ” “ 247 ” 171 H 76 ” H ‘
| Terminators: ” H 366 ” H ” H 366 ‘
| RBSs - Shine-Dalgarno: H “ 179 H H H H 179 ‘
| Transcriptional Factors: ” H 229 ” 96 H 130 ” H 3 ‘
| Simple Regulons: ” “ 124 ” H ” H ‘
| Complex Regulons: ” H 432 ” H ” H ‘
| Effectors: | | 138 [ [ [ 138 |
| Attenuators: ” H 751 ” H ” H 751 ‘
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| Growth Global Conditions: “ “ 16 ” “ ” “ ‘
| Experiment Conditions: ” ” 82 ” ” ” ” ‘
| Affected Genes in Different Experimental Conditions: “ “ 316 ” “ ” “ ‘
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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 contrast (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 compléte sur terre »

Reguloniy:)

Escherichia coli



RegulonDB en 2023

Experimental datasets

Description File

coli K-12 genome sequence used into RegulonDB

E. coli K-12 genome sequence raw format

E. coli K-12 genebank

E. coli K-12 genebank refseq

Sequences

Gene Sequence

5'and 3' UTR sequence of TUs

i 1

Gene - Product

All gene products

Gene Product Identifiers

sRNA genes

Tanscriptional Factors - Functional conformation

él Download

Regulatory Interactions

é Download

Regulatory Network Interactions

TF - gene interactions ”

é Dow

TF - operon interactions ”

él Dow

Promoters

All Promoters é] Download
Sigma 70 & Download
Sigma 54 & Download
Sigma 38 é Download
Sigma 32 éi Download
Sigma 28 é Download
Sigma 24 &5 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.

I

TF - TU interactions

é] Dow

TF - TF interactions

é?l Dow

Sigma - gene interactions ”

é Dow

Sigma - TU interactions ”

él Dow

Alon and MA interactions ”

é Dow

sRNA - gene interactions ”

é Dow

Transcription Factor Weight Matrix

TF-Matrix browser

él Download

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

Operons é] Download

Growth Conditions é] 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
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Kim et al.,
Nucleic Acid Research 2014
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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
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Modele d’'organisme entier

Whole-Cell Modeling
G PHE}

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, RNA 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 \%/C model was the first model that represented each characterized gene function
of an organism. 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 demonstrating the feasibility of WC models, the model has been used to gain new
insights into cell cycle regulation, learn 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. pneumoniae 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 characterized gene. The model will be based primarily
on M. pneumoniae 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
bioengineering.

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.
DNA 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)

FE®

A mechanistic ordinary differential equation model describing the interactions between commonly
mutated pan-cancer signaling pathways—receptor tyrosine kinases, Ras/RAF/ERK, PI3K/AKT,
mTOR, 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, €1005985
(2018). %

Author: Birtwistle Lab, Clemson %




Bases de données « nettoyées » par la

communaute
< B10CYC
.?ECOCYC + 0000 N Nettoyé activement
£ BsubCyc par la communauté
£ HumANCYC 5 espéces
#5METACYC 0000000000 , P
5356 0000000000 Nettoyé pendant 1,3 mois
metabolic 000000000 @ par la communauté
PAUNGYS 30 especes

Génération automatisée
16764 especes



Etat de I'art : BioCyc
@EcoCyc

@ BsuBCYC @HuUMANCYC

Genes: 4,737|(_SmartTable J | Ontology | Genes: 4,541|( SmartTable || Ontology | Genes: 20,997|| SmartTable | | Ontology )
Pathways: 365 (SmartTable  Ontology | Pathways: 274 || SmartTable ] | Ontology | Pathways: 362|| SmartTable || Ontology |
Enzymatio Reactions: | 2202 Enzymatic Reactions: | 1.529)] Enzymatic Reactions: | 2,895
Transport Reactions: 530 . ,
Transport Reactions: 92 Bni0eay Transport Reactions: 145 Ontology
Pol tides: 4,466/ SmartTable || Ontol i
oypepices [ J| Ontology ) Polypeptides: 4,293|| SmartTable ) | Ontology | Polvbentides: 20,732|[ SmartTable ) [ Ontology |
Protein Complexes: 1,166|| SmartTable ]| Ontology ypeptides: , ogy
Protein Complexes: 255 SmartTable || Ontology | ) _
Enzymes: 1.714|[Smarttable Protein Complexes: 541|| SmartTable ) | Ontology |
Enzymes: 1,072|| SmartTable
Transporters: 479||| SmartTable Enzymes: 3,541|( SmartTable
Transporters: 632||| SmartTable
Compounds: 2,967 || SmartTable )| Ontology | Transporters: 773| SmartTable
— _ Compounds: 1,007|( SmartTable | Ontology )
Transcription Units: 3,694|| SmartTable | |( Ontology | Compounds: 2,119|| SmartTable ) | Ontology )
Transcription Units: 1,648|| SmartTable ||| Ontolo
(RNAs: 89 ’ : )| Ontolegy) {RNAS: 53 Ontology
crowth Mede - i > = Growth Media: 2
Transcriptional Regulation: 5,661 Ontology Growth Media: 1
- Transcriptional Regulation: 2 Ontol
Protein Features: [[41,346| Transcriptional Regulation: || 864 Ontology P egutation o9y
Phenotype Microarray Datasets: 5 Protein Features: ||22,636| Protein Features: “ 14|
GO Terms: 71,124 Ontology GO Terms: 34,078 Ontology GO Terms: 890,187 Ontology
Gene Essentiality Datasets: 6 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|| SmartTable ||| 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




Automatisation de la reconstruction

Le serveur : string-db.org

ANGPT1
Known Interactions Predicted Interactions
At from curated databases At gene neighborhood
Vet experimentally determined VeetN  gene fusions

A=fN  gene co-occurrence

L — S

Welcome to STRING Others

Vet textmining

Protein-Protein Interaction Networks
Functional Enrichment Analysis ’
VetV co-expression
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14094 | 67.6mio | >20blin A protein homology

L — L —

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




BiGG Models

Search the database by model, reaction, metabolite, or gene

Palsson et al.

precursors  bomass

View Models View Reactions

openCOBRA

: The COnstraint-Based Reconstruction
EEE LD L = and Analysis Toolbox
E. Coli core




Automatisation de la reconstruction

=

openCOBRA

The COnstraint-Based Reconstruction
and Analysis Toolbox

b) Flux balance analysis

Maximize/minimize an objective function
Z = cjvy + c2v2 + ... + ¢c5v5 such that:

a) Genome-scale metabolic reconstruction
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Etat de I'art : BIGG models (order by genes

Models

1 to 108 (108)

BiGG ID % Organism % Metabolites % Reactions % Genes
Recon3D Homo sapiens 5835 10600 2248
RECON1 Homo sapiens 2766 3741 1905
iCHOV1 Cricetulus griseus 4456 6663 1766
iYS1720 Salmonella pan-reactome 2436 3357 1707
iML1515 Escherichia coli str. K-12 substr. MG1655 1877 2712 1516
iJN1463 Pseudomonas putida KT2440 2153 2927 1462
IECDH1ME8569_1439 Escherichia coli DH1 1950 2755 1439
iIMM1415 Mus musculus 2775 3726 1375
IWFL_1372 Escherichia coli W 1973 2782 1372

iIEC1372_W3110 Escherichia coli str. K-12 substr. W3110 1918 2758 1372
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- ‘
) = [')N i ‘ New datatypes
[} =2 .
Recon3D : Human metabolism pdnsiien
Enzyme complex 5 ;
— representative domains
o 2 representative domains
o R
reactant 7_ product
= VYL cofactor "‘T metabolite moieties &
T genes reactions metabolites |< I 5 structures
4000 14000 4500 - CI) ATP )J:
F & D cihionine '))I" '&' SA;A moiety 1
. SR N s Fe -l € moiety 2
) {(A'Ej 2500 ¥ e v
S l j 2000 7000
— = r1
biochemical data Recon 3D D
genomic data 3288 genes 0 hd 0 L ] .
tissue-specific localization 2908 domains
proteomic data 12890 structures o Recon1 30 [ blocked 25 dead
metabolomic data 13543 reactions Recon2 reactions ﬁnd
protein structural data 4140 metabolites Eﬁ\zgg%z metabolites
pharmacogenomic data 3536 SNVs & Recon3D
atom-atom mappings 8315 atom-atom 10
mappings 10 D
- 0 b 0

Brunk et al., Nature Biotechnology 2018



Machine learning pour la
reconstruction des réseaux
biologiques a l'aide de
données omiques

* Reconstruction de réseaux biologiques a
I'aide de données omiques

* Reconstruire par analyse de co-expression
(TP)

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

* Apport du deep-learning a la biologie des
systemes




Le Machine Learning : Principe

A

.
’

Training
set

0-----.»------

’
‘.

Validation
set

Test set

<

Inputs

Batch i

Targets

B

Observed l

| Predicted

Loss (

{OOO

L)

1 Parameter
update

0 j

Model

!

Input

Loss

Validation

. Training

»
Number of parameter updates

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



Le Deep Learning : Principe

a Single-layer neural network (logistic regression)

RNA
features

] Bl —

Al

Intron length

Input

.........

1 — spliced

Branchpoint
distance

0 — unspliced

b Multilayer neural network

Input

Fully

Hidden layers Output

.........

connected

layer

Activation 2

.........

.........

Activation 1

Eraslan, ..., Theis, Nature Review Genetics, 2019
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Entrainement et loss fonction

Regression
Mean Square error

n
1 OREENUN”
MSE =20 " —-¥")
i=1

AutoEncoder
Kullback-Liebler Divergence

ytrue

L (ypreda ytrue) = Ytrue ° log
Ypred

Classification
Binary Cross-Entrpy

N
CELoss = -3 — (v, log(p) + (1 = y) - log(1 = p)
2!

L

Generative Adverserial Network
Crooss-Entropy

E.log(D(z))] + E:[log(1 — D(G(2)))]

Dans cette fonction:

e D(x) estune estimation de la probabilité que I'instance de données x réelle soit réelle.

o E, est la valeur attendue sur toutes les instances de données réelles.

e G(z) estlasortie du générateur lorsqu'il regoit une valeur de z pour le bruit.
e D(G(z)) estl'estimation de la probabilité qu'une fausse instance soit réelle.

o E, est la valeur attendue sur toutes les entrées aléatoires du générateur (en effet, il s'agit de la valeur attendue sur

toutes les fausses instances générées, G(z)).

o La formule est dérivée de I'entropie croisée entre les distributions réelles et générées.



es 4 architectures de réeférences en deep
earning

a b c d
Network type Fully connected Convolutional Recurrent Graph convolutional
Output ONOFO o000 OO0 AR

4 .
Parameters \ / \ \\ ------- /
ahehe ST 2
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 e Time series measurements * Protein structure
Parameterized information flow  =—— Link Q Node in the neural network (scalar or tensor)

Eraslan, ..., Theis, Nature Review Genetics, 2019
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Reconstruction de réseaux de regulations a
du single-cell

BULK Average data on No identification of

SEQUENCING total population cell subpopulations

SINGLE-CELL
SEQUENCING

Single-cell
detailed data

\

Identification of cell
subpopulations

oo

Rare cells




What could possibly go wrong ? ...

Oil

Gel Beads in EMulsion (GEMs)

Adapted from 10x Genomics

Multiple cells in droplet
Ambient RNA in droplet
Sampling batch

Bad tissue dissociation
Batch in cell bar coding
Low sequencing quality

Low number of reads & UMI



Methodes d’intégration de données multi-omiques

Horizontal integration (features as anchors)

Lolisi > Table 1| Overview of common data integration methods

g; i i classified according to their anchor choice
- L i Integration task Method Ref.
d Vertical (global) CCA 112
. Vertical (global) JIVE 70
Vertical (global) PLS 71
: Vertical (global) MCIA 13
— \ Vertical (global) MOFA+ 65
Vertical (global) scAl 14
b Cells Vertical integration (cells as anchors) Vertical (global) iNMF 38
% l-- £ Vertical (global) Seurat v4 n
@Mﬁ £ Vertical (local) Spearman'’s rank correlation 50
/ J:' f coefficient
Vertical (local) LMM 51
- . W Horizontal MNN 21
\ ‘ Horizontal Seurat v3 22
MMW iR} Horizontal LIGER 23
Horizontal Harmony 24
N Cells Diagonal integration (no anchors) Horizontal Scanorama 29
o | TR o Horizontal BBKNN 25
@ . @M\ %J i Horizontal scVI 26
v E i i Horizontal scmap 28
. - X Horizontal conos 27
@ - A Diagonal MATCHER 77
Diagonal MMD-MMA 78
Diagonal SCIM 15
7 W T - Diagonal UnionCom 116
i Diagonal coupledNMF 17

Argelaguet et al., Nature Biotech. 2021



Deep count autoencoder : Denoising

a

O Data point without noise
® Observed data point
—» Denoising process

—» Corruption process

— Data manifold

b ZINB (x| 1 ,0,7)
Input x Output

/ Denoised output
. B § S = :I

O . Q

‘ / \ " Dropout 7

‘ Dispersion 0

Mean u
l ] | J . .
Encoder Decoder Eraslan et al., Nature Communications. 2019

Bottleneck
Iayer

Cells

Genes

Expression
Low B High




scVI et scANVI : Intégration et transfer
d’annotation par variational auto-encoder

Expected
counts

a Variational posterior Generative model
q(z, 1,1 x,. s,) p(x, z,, s, 1)
NN1 TR
) Size factor
Mean Cell-specific
I P
NN2
@ ». s
O S.d.
NNS
)) ;\IE:; Expected
z, u
—_— m\ . n1 frequency
O space —_/ f.(2, S.)
X - Mean
e o NN6
NN4 Q. )
. s ) Expected
n —
S.d. dropout
S 1
| . ! ~— iz S5)
S—
| .
Raw expression Nonlinear Variational Samolin Nonlinear dG:tr: gj::;ﬁ
data + batch ID mapping distribution ping mapping
parameters
Clustering

Visualization
Batch removal

»

Lopez et al., Nature Methods 2018

Imputation

Differential
expression

A Functional overview
| Core analysis tool: scVI Extends to
Multi-purpose generative model
———>» | -visualization
| -clustering
- differential expression
- harmonization
Collection of :
scRNA-seq datasets Partial ce". type
annotation
B Algorithmic overview
Rawdata —» Latent  — 5 Celltype ___, 7|NB parameters
representation assignment
Tn Raw count matrix q(zn ‘ T,y sn) q(cn [ Zn) p(zng ‘ Zn, lnv Sn)
Cell type 1
Sn | BatchID
*
Cp Cell type ID (opt.) .
Celltype 2 In,gy 5 by
) " o« o (Bn,g2+ 092, Tn,g2)
1 0] o] o g -
0 1 0 na % Celltype3
: : ScANVI specific
3 1 1 5] 0 e
6 1 2 = i Harmgnl;atlon - Probabilistic assignment N ImputaflonA
na - Visualization forof - - Normalization
* - Clusterin =Transferof annotation - Differential expression
e Sn Cp g (o]

Xu et al.,

Annotation tool: scANVI

i Transfer of annotation in
i various settings:

i - partial overlap of labels
i - partial “seed” labeling

i -hierarchical labels

(o

—— Probabilistic graphical model

Cells

Molecular Systems Biology 2021



Transfer Learning : scArches

public reference datasets

pre-training of

reference models
.............. >

[l

* llllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllll L ]
: goal' transfer Iearning across H
as healthy diseases

studles orgaps ( spemes‘ ‘“\“ states ’ /:57 ':"
p i - l”l, -« ‘4’}“.?“ :
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query data
study N+1 adaptor
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surgery
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Lotfollahi et al., Nature Biotechnology 2021
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Pe rt u r b a t | O n m a p C Perturbatio-rj interaction prediction

A Perturbation response prediction

omic measurement phenotypic measurements
. » o8 2)
I 1.
| 5 Potency
3 s ] antagonistic synergistic
rd 3 — § Iog(u‘)<0 " log(a.)>o
By 4 g > | I 0o ©
o 7]
] | B g,z
inputs Q - . by %‘
15) R2=093 *
) 00 b ! g log(a®)
ot 4 X N x J o
43 w =
2 Dose 2
o S
©
&

Machine Learning for perturbational singlce-cell omics
Yuge et al., Cell Systems, 2021



Graph neural network

a. GO hierarchy * Output layer

Fully concclcd<
layers

Current Opinion in Systems Biology

Volume 15, June 2019, Pages 68-73

W AR

ELSEVIER

Input layer

From genotype to phenotype: augmenting . n
deep learning with networks and systems O 1y

Output layer

blOlOgy Fully conected Fully conected
layers layers
Vahid H. Gazestani ! 23, Nathan E. Lewis 3 o = |
Propagation GO hierarchy 2] '\ ]
layers layers \
- «-. 4 2y L.

/

Input layer @ ' @

Current Opirvon in Systems Biology

Input layer




Graph Neural Network

Input

Y

Skipgram
Random Walks
3
e~ ->0-> -0 gl vi-2
®> -0 -0 O
9> ->0-0 o
>9-> -0~ . @
s Q h] Q Ui
+>9+0-0-0 > - sl W >
- O
: ha 3| @
o> ->0-> -0 . Vis1
0->0->0-0-0
@o->0-> -0~ 2]
0->0-0-0-> g e
5| vis
S i4+2

Biological Network Analysis with Deep
Learning,
Muzio et al., Briefings in
Bioinformatics, 2021
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Input

GCN Layer 1 GCN Layer 2 GCN Layer K

Activation Activation
function function
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Physics informed neural networks

Physics-Informed Neural Networks: A Deep Learning
Framework for Solving Forward and Inverse Problems
Involving Nonlinear Partial Differential Equations

M. Raissi!, P. Perdikaris? an* G.E. Karniadakis!

! Division of Applied Mathematics, Brown Unwersity,
Providence, RI, 02912, USA
2 Department of Mechanical Engineering and Applied Mechanics,
University of Pennsylvania,
Philadelphia, PA, 19104, USA

SIAM REVIEW

(© 2021 Society for Industrial and Applied Mathematics
Vol. 63, No. |, pp. 208-228

DeepXDE: A Deep Learning
Library for Solving Differential
Equations™

On optimise un réseau de neurone u(t, x) dont certains
parametres SONT les parametres d’un systeme de PDE f(t,x)

fri=ur + Nlul,
La loss est une loss combinée

MSE = MSE, 4+ MSE,

where
Ny
MSE, = — Y "u(ty.x,) —u'|*,
Y=t
and
Ny



« Encoder » le systeme d’équation différentiel

dans la loss

y = h(x) + €(t),

Input
Scaling

dx

E :f(Xv £ p)7

X(To) = X

Features

€(t) ~ N(0,07),

Output
Scaling

Systems biology informed deep learning for
inferring parameters and hidden dynamics,
Yazdani et al., Plos Computational Biology,
2021

L(a,P) :Lduta(o) +£0d€(0’p) +£aux(0)’

where

M M Ndatu
1
Ldata(a) _ Zwiataﬁtrinata — wa:m [W Z()’m(tn) N )%sm (tn, 0))2] :
m=1 m=1 n=1

ode - ode - ode 1 - dfcs o ’
£4(0.p) = oL = Y [N—ode (%), srii0nwm) |
s=1 s=1 n=1

S : T,) — x,.(T,;0)) T,) — x,(T,;0))
Laux(a)zzw?uxﬁjuxzzw?ux (xs( ()) xs( 0’ )) ;_(xs( 1) xs( 19 )) .
=1 =1



Game changer : Le Transformer

Je suis ton pére

|

ENCODER » DECODER
A A
ENCODER DECODER
A A
ENCODER DECODER
A A
ENCODER DECODER
4 4
ENCODER DECODER
A A
ENCODER DECODER

A

Architecture du Transformer

Qutput
Probabilities

Add & Norm
Feed
Forward
4 | ~\ I Add & Norm |<_:
g s hor Multi-Head
Feed Attention
Forward 7 7 Nx
Add & Norm
f‘" Add & Norm | VEETR
Multi-Head Multi-Head
Attention Attention
At At
C— J . —
Positional Positional
Encodi 'a E‘ .
ncoding Encoding
Input Output
Embedding Embedding
Inputs Outputs
(shifted right)

Figure 1: The Transformer - model architecture.

Attention is all you need
Vaswani et al., ArXiv, 2017

Large Language model

PalLM 2



Attention au Graphe ? b ST

Gn,r
” -* e ]
. , )
Attention based message passing and ( oy J | GraphConv | |
dynamic graph convolution for — . * o
spatiotemporal data imputation, Wang et al., Passing ") e
Scientific Reports, t 7 Sj
e ’
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Attention au Graphe ?
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Key deep learning architectures

Graph convolutional network (GCN) is a graph neural network
with convolutional layers defined by the topology of the graph.

Thus instead of passing neighboring sequence or matrix entries
through a filter, graph defined neighborhoods are used.

C

1 1 1
Convolutional ' Recurent : i
NN (CNN) X NN (RNN) X Transformer X Autoencoder (AE)
1 1 I
1 1 1
. E Perform inference on 1 Perform inference on 1 Perform inference on 1 Embed high-dimensional
G} data with local features : temporal data : sequential data : data
1 1 ]
1 1 1
§ Learn shift-invariant : Learn temporal correlations : seam ctlmt.ext bafsed : Learn low-dimensional
° ES filters ] via recurrent structure : R Vi ; embedding of data
~ Q ' ) attention mechanism q
1 1 ]
1 1 1
- | Q00
1 1 1
1 1 ]
1 1 ]
1 | | ‘ ‘
—> 1 1 1 y
- . 000
1 1 \ 1
1 1 ]
: . . LA | X
Table 1 Impact of Deep Learning on Computational Biology. ! ! ‘ ‘ ‘ | i
1 1 1
: L 2 (&) : :
Protein structure | Protein function Genome Systems biology and | Phylogenetic Graph X Generative Adversarial | Denoising autoencoders (DAE) are autoencoder models that
predlcﬁon predlctlon englneenng data integratlon |nference NN (GNN) 1 Network (GAN) 1 learn |OW dlmenS|ona! embeddlngs of noisy hlgh c!lmer\smr?al
: : data, i.e. inputs that differ by a small amount of noise give rise
Paradigm . ( ’_g Capture graph based ! Generate samples from 1 toasimilarembedding vector.
shifting . © dependencies in the data : data distribution : Attention mechanism mimics cognitive attention by learning
| 1 importance weights for the inputs based on the whole input
Major . - ! | context (e.g. in a task of translating codons to amino acids
sucgess : ( / 3 Ferform WISEEQD : Simultanoeusly train : attention mechanism will learn to give higher weight to the
0 >REEEE between nodes in 1 generator and discriminator ;  first two nucleid acids). Attention is the key part of transformer
Moderate < a layer ! I models, but can also be applied in conjunction with other
oderate : / X | layertypes.
onvolutional layers have dimension which indicates the
success . X G | Convolutional layers have d ion which indi h
Mi . ' . dimension of learned filters. Thus, we can have a 1-dimensional
inor / 1 1 convolutional layer for sequences, 2-dimensional layer for
success . : \ : matrices, and so on.
1 1
1 1
1 1
1 1
1 1
1 1
1 1

Current Progress and open challenges ifor applying deep learning across the biosciences,
Sapoval et al., Nature Comm. 2022



