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Erythropoiesis: the generation of erythrocytes (red
blood cells) from bone marrow-harboured
haematopoietic stem cells
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Our differentiation model: T2EC
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Our question: can we get the
underlying molecular network
controlling the erythroid
differentiation sequence?



Clearly NOT a new question...

What is new (and we think is
decisive) is that it can now be
asked at the relevant level:
the cell...

-> go for sc transcriptomics



Why go single cell?



During erythropoiesis, (mean) beta-globin gene
expression increases.

Averaged upon 10 million cells
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Let’s assume we are now looking at single cells, and assume some cell-to-cell variation
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What is to be expected?



Is this true?
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Why isn’t it true?



Gene expression is a bursty process

CCAAT CCAAT TATA Luciferase
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Suter et al.
(2011).
Science 332, pp.
472-474
(2 days movie)




Our proposal (1): describe genes as two-state models (PDMP)

___ Probabilistic part

M’(t) = s,G(t) — d,M(t)

= Deterministic part

P'(t) = s;M(t) — d,P(t)



Our proposal (2): couple the PDMPs to generate the network

Executable
model




The data set
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Inferring Gene Regulatory Networks from
dynamic multi-scale data
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WHY DYNAMIC MULTI-SCALE/LEVEL DATA ?
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WHY DYNAMIC MULTI-SCALE/LEVEL DATA ?
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WHY DYNAMIC MULTI-SCALE/LEVEL DATA ?

DYNAMIC : MULTI-LEVEL :

« Causality hides in transient Promoter/RNA/Protein/Cell

N « Multi-level Regulation
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mMRNA (mlc)

WHY DYNAMIC MULTI-SCALE/LEVEL DATA ?

MULTI-LEVEL :

Promoter/RNA/Protein/Cell
« Multi-level Regulation

DYNAMIC :
« Causality hides in transient
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GENE REGULATORY NETWORK MODEL
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MODELLING AT SINGLE CELL SCALE

Network model
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Herbach et al. (2017) BMC Systems Biology
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GRN INTERACTION IS FUNCTIONAL
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WASABI
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WASABI = WAVES ANALYSIS BASED INFERENCE
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WASABI SPLITS & PARALELLIZE
GRN INFERENCE PROBLEM
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Inference fitting : Distribution distance
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Inference fitting : Distribution distance
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Inference fitting : Distribution distance

Model-generated distribution Experimentally-observed distribution
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WASABI : IN-SILICO VALIDATION
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IN-SILICO VALIDATION
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IN-SILICO VALIDATION
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IN-SILICO VALIDATION
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IN-SILICO VALIDATION

Wave Time
T = 0h 100 ® :
s 4.1h - '
90 - '
4.2h - oy =
/X’ 80 1 = ?. o: H » ’
00 2 " el AE _Em. E
1 J_ 15h A g 70 1 ' eoe sose e .
in-silico WASABI 17h WASABI - ; cne’S e 0n
9 e . PreProcess Inference ! o .. .
: e® oo o
1 | 37h - = i - ’
. 40h — 40 1 , : , , el il
9 G (Possible GRN > 1E20) 100 125 150 175 200 225 250 275 30.0
GRN fit distance

Bonnaffoux et al. (2019), BMC Bioinformatics
¢ VIDIUM

40 :
: SYSTEMS BIOLOGY SOLUTIONS




IN-SILICO VALIDATION

Wave Time
T = 0h 100 - @ !
s 4.1h -
"ol 90 1 o ! o
/N . SR L
0 e g % Y y .: & ’ ooo. &
1 J_ 15h - ™ 70 o o 000 0000 0 = .
T & ee o oo
in-silico WASABI 17h - WASABI tne* S e 0
60 i ) @
e e . PreProcess Inference o - o
50 s “.. e o B
37h — .
J_ 1 . 40h — 40 1 f e -l
e e (Possible GRN > 102°) 100 125 130 175 200 225 250 27.5 30.0
R/—/ GRN fit distance
Set of 6 GRN
candidates
Bonnaffoux et al. (2019), BMC Bioinformatics A? dr’ <

¢ VIDIUM

41 :
: SYSTEMS BIOLOGY SOLUTIONS




WASABI : IN-VITRO VALIDATION
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BIOLOGICAL IN-VITRO MODEL + DATA
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The output from WASABI (1)

364 candidates



The output from WASABI (2)
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DESIGN OF EXPERIMENT
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DESIGN OF EXPERIMENT: define a distance between
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DESIGN OF EXPERIMENT: project in a 2D space
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DESIGN OF EXPERIMENT: plan in silico experiment

o Experimental design phase
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Knock-outs of specific genes maximize the global
distance between the candidate networks
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Knock-outs of specific genes maximize the global

distance between the candidate networks

Experimental conditions 2

80

70

60 |

Global distance
P w
L] o

L
o
T

20 |

10

.‘

LLLLLI

KO gene
KO gene
KO gene
KO gene

KO gene _+"

KO eb
o KO

251

-25F

Best experimental
conditions

25F

50

100

150
Time (h)

200

250

300

25F

Tvne of exneriment *
I]r.l\l A A | \ll\rl\llllll\llll- [

4

KO-gene

[VIDIUM

SYSTEMS BIOLOGY SOLUTIONS



DOE APPLICATION ON IN-VITRO 364 GRN
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On going: CRSIPR-Cas9 KO of FNIP-1
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GRN INFERENCE FRAMEWORK OVERVIEW
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WASABI 3 STEPS FRAMEWORK
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