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@ CelINOpt in CoLoMoTo ecosystem:

fit knowledge to data to build logic model

Complementary to other tools - models can be output to other tools

Import Pathways
KEGGtranslator

Path2Models

CellNet
Analyzer
CelINOpt

The Cell Collective]

- SMV

LogicalModel

Consortium for Logical Models and Tools

(CoLoMoTo; Naldi et al, Bioinformatics, 2015; www.colomoto.org)
Exchange via SBML-qual (Chaouiya et al, BMC Sys Bio, 2013)



(:Q CelINOpt: Building logic models by training signalling

)

networks to perturbation data

freely available at www.cellnopt.org

Saez-Rodriguez, et al. Mol. Syst. Biol., 2009  Terfve et al BMC Sys Bio, 2012 Morris et al PLoS CB 2011
Eduati et al. J Bioinformatics, 2012 MacNamara et al. Phys Biol, 2012 Traynard et al., CPT:PSP, 2017 3
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CelINOpt

.L Computable
(k2] (1] . gem
specific
J
T v T freely available at www.cellnopt.org
Saez-Rodriguez, et al. Mol. Syst. Biol., 2009  Terfve et al BMC Sys Bio, 2012 Morris et al PLoS CB 2011
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@ Logic modelling to link protein signalling networks

with functional analysis of signal transduction

* 1 - Build general signalling network
e 2 - Perform stimulation experiments followed by phosphoproteomic measurements

* 3 - Find the combination of edges+logic gates (AND/OR) that best describes the
experimental data (optimization)

I:l ligand
[ inhibition EGF TNFa

[ readout ‘L ‘L

EGFR TNFR
SOS-1 V/ RL

J7 Rac Akt — | GSK-3
Ras J7
Pak Raf-1 || ERK ||GSK-3
ph J7 4/ T PR NN .
—y T R No Stim
4?;' :AMSAAA AMAAA A 1
J7 £ 051 sl e g EGF + PI3Ki
% — AN .
MEK 1 0.5- o TNFa + PI3Ki1
b 051 ™ =" |EGF + TNFa + PI3Ki
Saez-Rodriguez J, Alexopoulos LG, ERK T | S | * ot !
Epperlein J, Samaga R, 01030010 30 010 30 12 Namara et al
Lauffenburger DA, Klamt S, Sorger PK :

ti i
Mol Sys Bio 5:331,2009 tme Phys Biol 9 045003, 2012



@ Logic modelling to link protein signalling networks

with functional analysis of signal transduction

* 1 - Build general signalling network

e 2 - Perform stimulation experiments followed by phosphoproteomic measurements
* 3 - Find the combination of edges+logic gates (AND/OR) that best describes the

experimental data (optimization)

I:l ligand

[ innibition EGF
|:| readout l
= fast active

S0S-1

1 Rac
Ras J7
Pak
o] /
Raf-1

MEK 1
Saez-Rodriguez J, Alexopoulos LG, ERK
Epperlein J, Samaga R,

Lauffenburger DA, Klamt S, Sorger PK
Mol Sys Bio 5:331,2009
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@ Logic modelling to link protein signalling networks

with functional analysis of signal transduction

* 1 - Build general signalling network
e 2 - Perform stimulation experiments followed by phosphoproteomic measurements

* 3 - Find the combination of edges+logic gates (AND/OR) that best describes the
experimental data (optimization)

I:l ligand

CelINOpt: www.cellnopt.org

free open-source R/Python/Matlab/Cytoscape
Terfve C et al. BMC Syst Biol, 6:133, 2012
Morris MK, et al. , Methods Mol. Biol, 930:179-214, 2013
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€ CytoCopter - CelINOpt in Cytosca

A Cytoscape plugin to run CelINOptR
http://apps.cytoscape.org/apps/cytocopter

Cytoscape Desktop (New Session)

CytoCopteR run ation in the genetic algorithm, default setto S

Load...

b e no CytoCopteR run configuration wizard
CytoCopteR - CelINOptR in Cytoscape
Control Pal e 00 Example_Scaffold
i CytoCopteR runs BUIMERETASIEI Fitness plot | Data plot | Configurations
Network Example
al A 3 38 2 o
L L 0 J L . L i
;‘ T
E CytoCopteR - CelINOptR in Cytoscape egfr
2 7 '
| @ CA parameters Size fac 1.0E-4 Max gens 500.0
=_— Size scaling factor
/ NA scaling factor Na fac 1.0 Stall gen max 100.0 R
Population size Pop size  50.0 Sel press 1.2 § sos |
o Mutation probability rX’
ol P mutation 50.0 Elitism 5.0
e Maximum optimisation time
Maximum number of generations Max time 10.0 Rel tol 0.1
- Maximum number of stall generations
<I E Selective pressure -
: | Relative tolerance Number of best individuals that are propagated to the next gener / mapiky

Save...

‘ Back ‘ Next “(An(rl

Cllwe R

Edge Attribute Browser  Network Attribute Browser
Welcome to CYLOSCaB

Emanuel Gongalves Martijn van lersel Terfve C BMC Syst Biol, 6:133, 2012
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www.omnipathdb.org

ComPPI
Gene Ontology

3DCompexes
3DID

Instruct
Interactome3D

dbPTM

ELM

HPRD

LMPID

MIMP
Phospho.ELM
PhosphoNetw.
PhosphoSite
Signor

3DComplexes
CORUM
Havugimana

— Structure & Mechanism

Subcellular
localization (2)

=

Domains and
3D structures (4)

Post-translational
modifications (9)

o

Protein
complexes (3)

- Unified network of pathways

Omnipath: Integration of existing
pathway resources to improve modelling

— Protein-protein interaction

with annotations ®
P I M X
mniPath & '@
pypath o ¢\.
o
AN
N

resources (34)

Activity flow (12) Enzyme-substrate (8) Undirected PPI (8)

ARN*

CA1*
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DeathDomain
Guide2Pharma*
Macrophage*
NRF2ome™*
PDZbase*
SignaLink3*
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SPIKE*

TRIP*

dbPTM* BioGRID
DEPOD* DIP
DOMINO HPRD
ELM InnateDB
HPRD-phos* IntAct
LMPID MatrixDB
phospho.ELM* MPPI
PhosphoSite* Vidal HI-Ill

Process description (6)

ACSN PANTHER
NCI-PID Reactome
NetPath WikiPathways

— Tissue patterns

GIANT
- [ | HPA
Expression HPM
e Prot.DB
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o B  ChEMBL
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Turei, Korcsmaros, Saez-Rodriguez, Nature Methods, 2016
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€& Plato’s allegory of the cave

N
I

g
o

AL 2 \ ¥ N, % At
ARLR { -l ) ! s T WY =
o k - [ 330 e »
b LA ) : | p WP D
. . . i LR | - ~ ’
\ . W \ ¥ F2 i
y X | " iy
‘R { E s . .
5 s ] \ ! i 5 & .
ST 4 \ \l. % X P M Lo b
¥ 2 L BN n \ v 6 / A% ;
o . e . R o5 d ¢ ' / 13 %
i ™ g ~ ¢ ., _“\: A 1 W
J ] ) Y :" (o™ 5 ol SRS

7 http://www.zlw-ima.rwth-aachen.de/forschi

hung/



http://www.zlw-ima.rwth-aachen.de/forschung/

o I o,

* o

P IRT Sity ) e
:sm@‘:‘f“»'a’,

Artwork by S. Philips on idea of J. Saez-Rodriguez; appeared in cover of Nat Meth,13:4, 2016

10



Artwork by S. Philips on idea of J. Saez-Rodriguez; appeared in cover of Nat Meth,13:4, 2016

10
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= Measurements
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= Phosphorylation =
Activation?
Which site? How
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regulation of the
protein?
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Artwork by S. Philips on idea of J. Saez-Rodriguez; appeared in cover of Nat Meth,13:4, 2016
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‘ = Cues are lights

= Measurements
are shadows:

Phosphorylation =
Activation?

Which site? How
does it affect the
regulation of the
protein?

Fluorescence=phosp
horylation?

Signal saturated?
Below detection
level?

Different ‘lights’ (stimulation/perturbation) provide

complementary information
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@ Leveraging different proteomic platforms

Different Reverse Phase Protein Arrays
data types

Samplejl Western Blot

MicroWestern

Intracellular Flow Cytometry

\

Label Free MS
\Labeled MS

Terfve C, Saez-Rodriguez J
S Adv. Syst. Biol., 2012

|
1000 Target proteins

I
100




{.}} Leveraging different proteomic platforms

- Mass spectrometry phospho-proteomics for high coverage
of signalling networks

: From ~ 10s (antibody-based) to ~ 1000s proteins
Different (ETH Zurich), P. Cutillas (Barts London)
data types - B .

@~

yyyyyyyyyyyyyyyyy

ppppp

eeeeee

cccccc

‘‘‘‘‘‘‘‘‘

Drug response
in breast cancer
Wilkes et al PNAS 2015
Terfve et al Nature Com 2015

Tool for modeling MS P-proteomics: C :
rosstalk in yeast
: pt.org :
www.cellnopt.org/PHONEMeS Vaga et al, Mol Syst Bio 2014

12
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Leveraging different proteomic platforms

- Mass spectrometry phospho-proteomics for high coverage
Different of signalling networks

data types From ~ 10s (antibody-based) to ~ 1000s proteins
w. R. Aebersold (ETH Zurich), P. Cutillas (Barts London)

- Single cell signaling:
- Imaging (w. C. Schultz, EMBL),
- CytoF (w. B. Bodenmiller, U. Zurich)

- Combination of proteomic and metabolomics
(Blattmann et al Cell Systems 2017)

- Transcriptomics (complementary tool: CARNIVAL)
saezlab.github.io/CARNIVAL/

13



@ How to choose model:

balance of fit of data and size of model

A good model should describe (and predict) data well
and be as simple as possible

Metric 6 = Hf + o 0

14
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@ How to choose model:

balance of fit of data and size of model

A good model should describe (and predict) data well
and be as simple as possible

Metric 6=0.+a-0

In practice: small value (~0.0001) to prioritize
fitness of data

14
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and be as simple as possible

Metric 6 = Hf + o 0
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@ How to choose model:

balance of fit of data and size of model

A good model should describe (and predict) data well
and be as simple as possible

Metric 6 = Hf + o 0

Data is normalized
between 0 and 1

Best model ~ minimum metric
(optimization problem) - can be solved algorithmically

14



@ Fitting: Solving optimisation problem

Computable
specific
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@ Fitting: Solving optimisation problem

CelINOpt

Learning algorithms
(optimization):

- Metaheuristics &
Bayesian Inference
(MCMC)

ComPUtable (Egea et al. BMC Bioinf 2014;

SpeCific (Henriques et al. Bioinf 2015)

Vi - Ensembles of models
(Henriques et al. PLoS CB,
2017)

- Use of Answer Set

Programming (Guziolowski et
al. Bioinf 2013, Videla et al.
Bioinf 2017) and Integer
Linear Programming (Mitsos
et al PLoS CB 2009)

15



&) A Toy model

[ ] ligand EGF TNFa
[_] inhibition J7 J7
|:] readout
EGFR TNFR
D/ Dl p13K 4*
S0S-1 VX v J7
¢ Rac Akt TRAF2
Ras
GSK-3
feedb | ph J;
Raf-1 Map3K1 Map3K7—>| NIK
’ 4 ’
MEK 1 \7 MKK4 MKK7 IKK
ERK p9ORSK p38 JNK1 IkB
MacNamara A Terfve C CREB AP1 K—{ c-Jun NFkB

Henriques D Penalver B $

Saez-Rodriguez J _ _ .
Phys Biol 9 045003, 2012 /www.ebi.ac.uk/biomodels-main/MODEL1305240000] & feedb 1 6
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&) A Toy model

[ tigand EGF TNFa
[_] inhibition J7 J7
|:] readout
EGFR TNFR
D/ PIBK [
S0S-1 V/ J7

¢ Rac Akt TRAF2

v

Ras
GSK-3
feedb | ph J;
Raf-1 Map3K1 Map3K7—>| NIK
! 4 !
MEK 1 \7 MKK4 MKK7 IKK
ERK P90RSK p38 JNK1 IkB
MacNamara A Terfve C CREB | c-Jun AL

Henriques D Penalver B $

Saez-Rodriguez J _ _ .
Phys Biol 9 045003, 2012 /www.ebi.ac.uk/biomodels-main/MODEL1305240000] & feedb 1 7
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@ A Toy model

[ tigand =57 ™NFa | Not functional
[ ] inhibition J7 _
|:] readout |.|n eg”
Ilver ce
EGFR
D/ — ek KK
SOS-1 K] Missing
J7 Rac Akt Edge
Ras J‘
GSK-3
feedb | ph J;
Raf-1 Map3K1 NIK
MEK 1 \7 MKK4 IKK
ERK | |p90RSK p38 KB
MacNamara A Terfve C CREB AP1 |<— NFkB

Henriques D Penalver B $

Saez-Rodriguez J _ _ .
Phys Biol 9 045003, 2012 /www.ebi.ac.uk/biomodels-main/MODEL1305240000] & feedb 1 7
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The ‘real’ data
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&) Model preprocessing:

I:I ligand EGF TNFa

[ inhibition J7 J7

|:| readout
EGFR TNFR
K V/\D PIBK K J7

S0S-1
J7 Rac Akt TRAF2
Ras
GSK-3

0

Raf-1 Map3K1 Map3K7—> NIK
y 4 !
MEK 1 \7 MKK4 MKK?7 IKK
ERK pP90RSK p38 JNK1 IkB
CREB AP1 < c-Jun NFkB
ex

10
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@ Constrained Fuzzy logic and Probabilistic Logic can

handle quantitative differences
® Boolean modeling can not describe quantitative aspect
(e.g. intermediate activation)
® Fuzzy logic (Aldridge et al. Plos Comp. Bio. 2009; Morris et al. Plos Comp.

Bio. 2011) and Probabilistic Logic (Trairatphisan et al. Plos One 2014) can
model quantitative signalling data
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@ Approximation of transient behaviour

using multiple time-scales

- (i) Train T =1 — get early events
— (ii) Train T =2 — find gates not active at T =1 that

explain evolution from 1 =1 to 1 =2
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@ Approximation of transient behaviour

using multiple time-scales

- (i) Train T =1 — get early events

— (ii) Train T =2 — find gates not active at T =1 that
explain evolution from 1 =1 to 1 =2
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Rough approximation of dynamics,
still computationally efficient
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@ Approximation of dynamics usin

synchronous simulation & muItirﬂe time-scales

More recently: update to

link to MaBoss

“‘weak”

? Constant
>
(

~N
Rough approximation of dynamics,

still computationally efficient

Aidan MacNama9 7
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v Synchronous simulation
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Synchronous simulation

captures oscillatory behaviour

v \V \V
[Rac | [ At |  [Trare]
’m \Z
] ¢ b
B Raf-1 | |Map3K1 M >

MEK 1 [ mKKa | |MKK7| [[w ]
i bk L, | Raf-1| ERK || API ||GSK-3| p38 | NF«B | Stim | Inh
1

] y
[cres| [ apt k{cun]| [nre] REAEAR NEANNAEAN
v

A_AAEAA;A DNONN

2N

124

NN NNNNYVVIN

|dentifies _ .
strong active links o DERoRAny

oW

Captures ‘weak’
feedbacks

300 10 300 10 30 % 8
MacNamara A Terfve C Henriques D Penalver B Saez-Rodriguez J Phys Biol 9 045003, 2012E



@ From Boolean to continuous and dynamic

models within CelINOpt

Boolean muilti sync.
time-scale dynamics

Boolean (binary)
logic steady state 1|~ -~

0

Fuzzy logic (quantitative)
- Boolean

o |
So0.8|
© L
= 0.6
8_ |
0.4
O L

Input Value

Morris et al., PloS Comp Bio 2011
270



@ From Boolean to continuous and dynamic

models within CelINOpt

Boolean muilti sync.
time-scale dynamics

Boolean (binary)
logic steady state 1|~ -~

0

Camille
Terfve

Fuzzy logic (quantitative)
- Boolean

o |
So0.8|
© L
= 0.6
8_ |
0.4
O L

Input Value

Morris et al., PloS Comp Bio 2011
270



€&) Logic-based ODEs

- Convert Boolean update function Bj into a continuous homologue Bi
using multivariate polynomial interpolation

« Accuracy (same behavior as Bi for 0/1
— same monotony & steady state behavior)

* Good analytical properties (smoothness)
« Minimal and unique

- Make non linear replacing variable with Hill function ~ |f(*i) = @+ k)

 Transform into differential equation

- . 1 _
x;(t +1) = By(x;1 () xp (1), - Xiy, (t))|—> X = — (Bl(Xin, Xigy -, Xiy) — X;)

T;

* E.g. aAND b inactivate C

ic _1 (a"ﬂ # (L 4k, e (1—-b0m)x(1+kp™?) (1—a™)x(1+k, ") xb™x (1+ky"?)
at. T\ (@@ +k )« (" + k') (@™ + k")« (b™ + kp'?)
a"ax (1 4Kk, x b7 x (14 k")
SR )

Wittman D, Krumsiek J, Saez-Rodriguez J, Lauffenburger DA, Klamt S, Theis FJ, BMC Sys Bio 2009 20N




€&) Logic-based ODEs

IDEA:
ODE model
mathematically ‘well-behaved’

that matches the Boolean model
when states are 0 or 1

B

Wittman D, Krumsiek J, Saez-Rodriguez J, Lauffenburger DA, Klamt S, Theis FJ, BMC Sys Bio 2009




a2 ODEs can be automatically generated
@ 4

from Boolean model (Ode

d/dt(tnfa) = 0*(1-tnfa_inh) %Note that this implies a continuous stimulus
d/dt(tgfa) = 0*(1-tgfa_inh) % Note that this implies a continuous stimulus
d/dt(raf) = ((egfr*raf_n_egfr/(egfr*raf_n_egfr+raf_k_egfr*raf_n_egfr)*(1+raf_k_egfr*raf_n_egfr)-raf) * raf _tauinv)*(1-raf_inh)

d/dt(pi3k) = ((egfr*pi3k_n_egfr/(egfr*pi3k_n_egfr+pi3k_k_egfr*pi3k_n_egfr)*(1+pi3k_k_egfr*pi3k _n_egfr)-pi3k) * pi3k_tauinv)*
(1-pi3k_inh)

d/dt(ikb) = ((tnfatikb_n_tnfa/(tnfa”ikb_n_tnfa+ikb_k tnfa*ikb_n_tnfa)*(1+ikb_k tnfa*ikb_n_tnfa)*(1-pi3k*ikb_n_pi3k/
(pi3k ikb_n_pi3k+ikb_k_pi3k*ikb_n_pi3k)*(1+ikb_k_pi3k*ikb_n_pi3k))+(1-tnfarikb_n_tnfa/(tnfatikb_n_tnfa
+ikb_k_tnfa’ikb_n_tnfa)*(1+ikb_k_tnfa?ikb_n_tnfa))*pi3k*ikb_n_pi3k/(pi3k*ikb_n_pi3k+ikb_k pi3k*ikb_n_pi3k)*
(1+ikb_k_pi3k*ikb_n_pi3k)+tnfatikb_n_tnfa/(tnfatikb_n_tnfa+ikb_k_tnfa®ikb_n_tnfa)*(1+ikb_k_tnfa*ikb_n_tnfa)
*pi3kAikb_n_pi3k/(pi3k*ikb_n_pi3k+ikb_k_pi3k*ikb _n_pi3k)*(1+ikb_k pi3k?ikb_n_pi3k)-ikb) * ikb_tauinv)*(1-ikb_inh)

d/dt(gsk3) = (((1-akt*gsk3_n_akt/(akt*gsk3_n_akt+gsk3_k_ akt*gsk3_n_akt)*(1+gsk3_k_akt*gsk3_n_akt))-gsk3) *
gsk3_tauinv)*(1-gsk3_inh)

d/dt(erk12) = (((1-raf*erk12_n_raf/(rafferk12_n_raf+erk12_k_rafferk12_n_raf)*(1+erk12_k_raf*erk12_n_raf))*(1-
ikb*erk12_n_ikb/(ikb*erk12_n_ikb+erk12_k_ikb*erk12_n_ikb)*(1+erk12_k_ikb*erk12_n_ikb))+rafferk12_n_raf/
(rafferk12_n_raf+erk12_k_rafferk12_n_raf)*(1+erk12_k_rafferk12_n_raf)*(1-ikb*erk12_n_ikb/(ikb*erk12_n_ikb
+erk12_k_ikb”*erk12_n_ikb)*(1+erk12_k_ikb*erk12_n_ikb))+raftferk12_n_raf/(raf*erk12_n_raf+erk12_k_rafferk12_n_raf)*
(1+erk12_k_rafferk12_n_raf)*ikb*erk12_n_ikb/(ikb*erk12_n_ikb+erk12_k_ikb*erk12_n_ikb)*(1+erk12_k_ikb*erk12_n_ikb)-
erk12) * erk12_tauinv)*(1-erk12_inh)

d/dt(egfr) = ((tgfa*egfr_n_tgfa/(tgfa”egfr_n_tgfa+tegfr_k tgfa*egfr_n_tgfa)*(1+egfr_k tgfaegfr _n_tgfa)-egfr) * egfr_tauinv)*(1-
egfr_inh)

d/dt(casp8) = ((tnfa*casp8_n_tnfa/(tnfa*casp8_n_tnfa+casp8_ k_tnfa’*casp8 n_tnfa)*(1+casp8_k_tnfa*casp8_n_tnfa)-casp8) *
casp8_tauinv)*(1-casp8_inh)

d/dt(akt) = ((pi3k*akt_n_pi3k/(pi3k*akt_n_pi3k+akt k_pi3k*akt _n_pi3k)*(1+akt_k_pi3k*akt_n_pi3k)-akt) * akt_tauinv)*(1-
akt_inh)

1



a2 ODEs can be automatically generated
@ 4

from Boolean model (Ode

d/dt(tnfa) = 0*(1-tnfa_inh) %Note that this implies a continuous stimulus
d/dt(tgfa) = 0*
d/dt(raf) = ((ed inh)

et Even if structure is known need to identify %

(1-pi3k_inh) - . - .
gl parameters, difficult optimisation problem

(pi3krikb_n_p

4ik_K_tfanig (similar to biochemical ODEs)

d/dt(gsk3) = ((
gsk3_tauinv)*

aidterki2) = (M 1(am(1+k=«(1—*(1+b ), (1=a™) s (L 4k, eb™ x (14 K,™)

—C =

ikbrerk12_n_i dt - (a™a ) x (b7 + k") (@™ + k") * (b7 + k,™?)

(raf/\erk12_.n_ ama x (1 + k"2) « b x (1 + ky™®)

+erk12_k_ikb @ Tk ) (b + k) c af)*
(1+erk12_k_re @ B ikb)-

erk12) * erk1?

*

d/dt(egfr) = ((tgfa*egfr_n_tgfa/(tgfa”egfr_n_tgfa+tegfr k tgfa*egfr_n_tgfa)*(1+egfr_k tgfa”egfr_n_tgfa)-egfr)
egfr_inh)

egfr_tauinv)*(1-

d/dt(casp8) = ((tnfa*casp8_n_tnfa/(tnfa*casp8_n_tnfa+casp8 k tnfa’casp8 n_tnfa)*(1+casp8 k_tnfa*casp8 n_tnfa)-casp8) *
casp8_tauinv)*(1-casp8_inh)

d/dt(akt) = ((pi3k*akt_n_pi3k/(pi3k*akt_n_pi3k+akt k_pi3k*akt _n_pi3k)*(1+akt_k_pi3k*akt_n_pi3k)-akt) * akt_tauinv)*(1-
akt_inh)
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Fit of ODE model
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74 CelINOpt-MaBOSS Fits can approximate
@ dynamics

Integration nearly ready:

fit of models simulated with MaBoss

(asynchronous, time-continuous)
fits time dynamics, still Boolean
worse fit but faster than logic-ODES




@ Different methods capture different aspects

[_] tigand EGF TNFa
[ inhibition J7 J7
I:l readout
EGFR TNFR
v/ > p3k [
SOS-1 r/ 47 J7
J7 Rac Akt TRAF2
Ras
GSK-3
Identifies ph J7
strong active links Raf-1 | [Map3K1 Map3K7—>
Ident?fies_ MEK 1 MKK4 MKK7
weak active links 47 \7 47 47
ERK p90RSK| p38 JNK1
CREB AP1 c-Jun
Captures ‘weak’
feedbacks
ODE
\_ Y,

NIK
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NFkB
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@ Different methods capture different aspects

[] tigand EGF TNFa
[ inhibition
I:l readout @ . | \
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@ From Boolean to continuous and dynamic

models within CelINOpt

Boolean (binary)
logic steady state 1|~ - =

0

Terfve

Fuzzy logic (quantitative)
- Boolean
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© L
= 0.6
8_ I
0.4
O L

Input Value

Morris et al., PloS Comp Bio 2011
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@ From Boolean to continuous and dynamic

models within CelINOpt

Boolean (binary)
logic steady state 1|~ ==
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€ From Boolean to continuous and dynamic
&' models within CelINOpt
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models within CelINOpt

: Boolean multi
Boolean (binary) fime-scale
logic steady state 1|-- = 1]~ - -
0 0

From Boolean to continuous and dynamic

sync.
dynamics
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€ Broad spectrum of modelling formalism
&' with different level of detail

+ detail , - scope

>
Boolean -- -- quantitative 1
steady-state -- -- time series
0) >

t
Gime course dataD

/
n

/ PN
é &

scarce data?

large network?
partial effects

negligible? rich data? )

~small network?
Terfve C Cokelaer T / \ ‘
MacNamara A Henriques D . ‘ / N

Gongalves E Morris MK ‘ .

van lersel M Lauffenburger DA l l  /
Saez-Rodriguez J CellNOptR l l

BMC Syst Biol, 6:133, 201260 NOptR | CNORfuzzy 2t | CNORdt CNORode



@ How to deal with incomplete prior knowledge?

[ ] tigand EGF TNFa
[ inhibition J7
|:] readout
EGFR
D/ > pi3k
S0S-1 {X/ 47
J7 Rac Akt
Ras
GSK-3
feedb | ph $
Raf-1 Map3K1
MEK 1 \7 MKK4
ERK | |p90RSK p38
CREB AP1

MacNamara A Terfve C
Henriques D Penalver B

Saez-Rodriguez J
Phys Biol 9 045003, 2012

Missing
Edge

ex I feedb
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@ How to deal with incomplete prior knowledge?

CNOFeed: Link CellINOpt to methods Federica
to infer new links Eduati

Prior Knowledge Network (PKN) Compressed Network Trained Model

N

N
N

. .

Training

V

H

CelINOptR

Data-driven C. CNORFeeder
Network (DDN) Inference

c

D- Weighting

Integration e 7_} K
Protein .\ \

Interaction .\.\
Network .\
(PIN) .\

Eduati F, de las Rivas J, di Camilo B, Toffolo G, Saez-Rodriguez J
Bioinformatics 10.1093/bts363, 2012




&) Steps in building (and using) a model

e Set up experiments to extract most information
e Process data efficiently

e Choose type of mathematical model
(given data, question, etc)

e Train models to experimental data

e Use models to gain insight

39



&) Steps in building (and using) a model

e Set up experiments to extract most information
e Process data efficiently

e Choose type of mathematical model
(given data, question, etc)

e Train models to experimental data

e Use models to gain insight

39



& : _ i . .
@ How is signal processing altered in disease?

Health
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€ An example of a perturbation-based
&' high-throughput data sets

=» 7 extracellular ligands

=» 7 specific chemical inhibitors (drugs)

at different times
after stimulation

Signal =» Phosphorylation of 17 key proteins (30 min, 3h)
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@ An example of a perturbation-based

high-throughput data sets

Primary human hepatocytes & HCC cell lines (HepG2, Hep3B, Huh7, Focus)

=» 7 extracellular ligands

=» 7 specific chemical inhibitors (drugs)

at different times <=
after stimulation ~ 17

Signal =» Phosphorylation of 17 key proteins (30 min, 3h)

using Luminex/xMAP
(bead-based ELISA)

S efolplslsY =» Release of 20 cytokines (3h, 24h)

Alexopoulos L, Saez-Rodriguez J, Cosgrove B, Lauffenburger DA, Sorger PK, Mol. Cell. Prot., 9, 1849, 20104 4



.9 Comparison of primary hepatocytes

to 4 HCC cell lines

DD

Generic
network

Graph

== Only HCC == Both D Connectivity
== Only Primary === New link |:| Error

Saez-Rodriguez J, Alexopoulos LG, Zheng M, Morris MK, Lauffenburger DA, Sorger PK, Cancer Research 71(16), 2011~ 42



Comparison of primary hepatocytes
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== Only Primary == Newlink [ | Error
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Comparison of primary hepatocytes
‘9 to 4 HCC cell lines

= e

Generic Scaffold of
network logical models
Primary HCC
Model
Graph Process Train to
—— ———
CNO Cell F\I’chigonse O O
0.46 0.48 [0.15]  [0.095 0.17
== Only HCC == Both D Connectivity

== Only Primary == Newlink [ | Error

Saez-Rodriguez J, Alexopoulos LG, Zheng M, Morris MK, Lauffenburger DA, Sorger PK, Cancer Research 71(16), 2011~ 42
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(‘Q Logic models provide mechanistic insight

in sighal deregulation

Primar¥ All .

HCC Iinis

some HCC

NFAT Bcat

IkB

NFkB
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(,9 Logic models provide mechanistic insight

In signhal deregulation

Primar¥ All >

HCC Iinis

some HCC

These models can:

- Identify functional differences between
cell types (e.g. health vs disease)
-> therapeutic targets

NFAT Bcat

KB - Predict outcome of new perturbations

NFrB (single or combination)

- Characterize targets and mode of action
of drugs (Mitsos et al. PloS C.B. 2009)




(,9 Can we use logic models to understand

drug efficacy in cancer?
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.9 Can we use logic models to understand

drug efficacy in cancer?

Gene expression
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@ Looking for model-based

biomarkers of drug sensitivity
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@ Looking for model-based

biomarkers of drug sensitivity
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@ Looking for model-based

biomarkers of drug sensitivity
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%8 Case study: understanding drug resistance
@ in colorectal cancer

14 colorectal cancer cell lines
From GDSC (genomic & drug

response data available)

Luminex phospho data:

- 14 measured phospho-proteins
- 7 targeted drugs + 4 ligands
(42 conditions)

Prior knowledge network

- derived form literature
(~ 50 references)

........

Federica Eduati
w. Nils Bluetghen (Charite) & Mathew Garnett (Sanger)

Eduati et al. submitted \ Ig

measured inhibited stimulated measured cor_n;_)r;sged

&inhibited 52



&) CRC Cell line specific models

COLO320HSR DIFI HCT116
= L=

Eduati et al.
Cancer Res,
2017 53




@ Model-based biomarkers

of druq efficacy and resistance
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@ Model-based biomarkers

of druq efficacy and resistance
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@ Association between GSK3 functionality

and MEK inhibitor efficacy suggests combination

Pearson Correlation = 0.66

p-value=0.01
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Eduati et al.
Cancer Res,
2017 55



&9 Association between GSK3 functionality

&Y and MEK inhibitor efficacy suggests combination

Pearson Correlation = 0.66
p-value=0.01

MEK inhibitor
drug sensitivity (log 1C50)

B & HT29|

GSK3 parameter (Tess)

pathway model parameter

Eduati et al.
Cancer Res,
2017 55



&9 Association between GSK3 functionality

&Y and MEK inhibitor efficacy suggests combination

Pearson Correlation = 0.66
p-value=0.01
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&Y and MEK inhibitor efficacy suggests combination
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& How to...

e Set up experiments to extract most information
e Process data efficiently

e Choose type of mathematical model
(given data, question, etc)

e Train models to experimental data

e Use models to gain insight

EAR



e Set up experiments to extract most information

e Process data efficiently Used

logic modelling &
e Choose type of mathematical model applications to

(given data, question, etc) signalling, but

general principles
hold for other
modelling
approaches &

e Use models to gain insight applications

e Train models to experimental data

EAR



€& A detailed tutorial

e Application of OmniPath, CellINOpt, MaBoSS and Cytoscape to a
prostate cancer example

i @ f(x) i T S‘;:;

' Data Modellng P
Luterature] Bases| |Formalism| [Lnerature| LN iy Dptmizn /\
\!) \ / Omnipath k @_ \?/
Question ———— PKN — lb%%lgl - :ﬁlct)tggl

{ Q (3)
! v/
\\-.._ \\ i
] StTUCHUAL | i Experimental
Ar'\flxz.;ns v Data
P re e Cer TR e— ™  .-* compare
| Visualization ) | Simulation ) »*
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Network Analysis )  Prediction ) ‘\penumtgoﬂi

Traynard et al. CPT:PSP 2017 57



Spectrum of modeling approaches

* Choice of method depends on:
* Question, prior knowledge, data, ...(+ modeler’s expertise)
* Art more than science

Influences and connections Information flow Mechanisms and structure
| | |

5 g
.8 I I I I I | &
£ Network Size smaller | S
CIEJ Broad m Focused 8
5! Less Mechanistic Insight Greater C3D
o
§ Easier Calibration Q:;'
7]
2 Little Prior Knowledge A ‘i
Lo L. L Fuzzy Log 3
Partial Least Bayesian Muzdzyl ogic
: odels
PCA Squares Regresion Networks Boolean Kinetic (ODE)
Multiregression Networks Models

BY -SA: Peter SorgeR R



“Q All models are wrong, but some are useful
G. Box

sssss

CelINOpt

Computable &
mechanistic
specific

e | ogic models: intermediate between data-driven & biochemical
models

e Flexible and scalable framework
e Suitable to integrate large-scale data + networks

59



&) Acknowledgements

www.saezlab.org %sysbiomed
www.qgithub.com/saezlab

Current members:

Denes Turei Angeliki Kalamara
Damien Arnol Aurelien Dugourd
Melanie Rinas Luis Tobalina

Charlie Pieterman
Vignesh Subramanian

!
.....

Mi Yang Attila Gabor A
Hyojin Kim Nicolas Palacios \
Christian Holland Enio Gjerga
Panuwat Trairatphisan Anika Liu

Mathew Garnett Ultan McDermott (Sanger) Lodewyk Wessels (NKI)

DREAM Challenges, sp. Gustavo Stolovitzky (IBM) Oliver Stegle Pedro Beltrao (EMBL-EBI)

Thorsten Cramer UIf Neumann (RWTH Aachen) Christoph Merten (EMBL)

Ruedi Aebersold Uwe Sauer (ETH Zurich) CoLoMoTo consortium

Laurence Calzone (Institut Curie) Tamas Korcsmaros (El)

Bernd Bodenmiller (U Zurich) Nils Bluethgen (Charite)

Leonidas Alexopoulos (NTUA) Julio Banga (CSIC)

Rafael Kramann (Uniklinik Aachen) Anne Claude Gavin (EMBL)

Christian Frezza (Cambridge) Jesper Olsen (Copenhagen)
] — qf RN
§ R ;/. B B ) cn Targets §i§§§yS4MS *{‘r’* O%gns

£ mg e ¥ ol v el — % g\\-ﬁ SyMBioSys oo esesesese 60



http://www.github.com/saezlab

Postdoc/PhD
positions available
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