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Systems Biomedicine

•Systems Biology examines how cell components 
interact and form networks and how the networks 
generate whole cell functions corresponding to 
observable phenotypes (Palsson, 2006) 

•Systems Biomedicine addresses the challenge of 
translating insights in biological systems to clinical 
application
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Systems Pharmacology

•Systems Pharmacology is the application of the 
concepts of systems biomedicine to pharmacology in 
order to understand the full effect of a drug 

•Personalised medicine aims to match each patient with 
their most beneficial treatment
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Disease and Therapy

• Identifying key drivers of a disease helps us to design 
targeted therapies 

•Drug combinations may help in diseases driven by 
several altered proteins 

• In diseases like cancer, we also have to address 
development of resistance to the applied therapy 

•Not all the targets are actionable 
•Not all the therapies need to target the diseased cell: 

immunotherapy
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Importance of signalling networks

•Melanoma patients with BRAF mutation show 
response to BRAF inhibitors
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Importance of signalling networks

•But resistance to treatment eventually develops, 
leading to relapse
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Wagle et al., J Clin Inv, 29:22, 2011

Figure 2 in Wagle et al. (2011) shows BRAF-mutant 
melanoma patient (A) before treatment, (B) after 15 weeks 
of therapy, and (C) after relapse, after 23 weeks of therapy.  

 



Importance of signalling networks

•Colon cancer patients with the same mutation show 
resistance to treatment because of EGFR feedback 
loop
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Challenges

•Biomedical research faces different challenges: 
•Noise 
•Batch effects 
•Small sample size 
•Difficult / Expensive experiments 

•Possible ways of dealing with these: 
•Well thought and designed experiments 
•Pool information from different studies 
•Use of prior knowledge 
•Development of mathematical models
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Pipeline overview
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Biological question

•The first step of modelling is to start with a biological 
question of interest 

•Example: what are the changes in the 
phosphoproteomic response to the PI3K pathway 
when a prostate cancer cell goes from being castration 
sensitive to castration resistant
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Network model
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OmniPath

•http://omnipathdb.org
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graphics by Spencer Phillips

Türei, Korcsmáros & Saez-Rodriguez (2016). Nat Methods, 13(12)966-967.

http://omnipathdb.org


OmniPath

•OmniPath is a comprehensive collection of literature 
curated human signaling pathways 

•Why Omnipath? 

•Available via a webservice or using pypath, a Python 
module for molecular networks and pathways analysis
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OmniPath
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Türei, Korcsmáros & Saez-Rodriguez (2016) 



Network model
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Logic model
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Choice of modelling formalism

The	amount	of	details	to	 include	 in	the	model	and	the	mathema&cal	formalism	used	to	
describe	the	process	should	be	lead	by	the	biological	ques&on	(and	by	available	data).

Figures	from:	Saez-Rodriguez	J,	et	al.	Annual	Rev	Biomed	Eng,	2015

Physicochemical	modeling Causal	(logic)	modelling
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Variety of formalisms

•Boolean simulation with synchronous updates 
•Constrained fuzzy logic 
•Simulations with multiple time-scales 
•Logic based ODEs 
•…
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Using logic ODE as modelling formalism

Based on ordinary differential equations derived from logic models using a 
continuous update function 

xi1 xi2 xiN

xi

…

DM Wittmann, et al., 2009, BMC Systems Biology 
F Eduati, 2017, Cancer Research
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Using logic ODE as modelling formalism

⌧i kij
is the life-time of species i 
=0 node not functional 
>0 higher functionality

strength of regulation j → i 
=0 no edge 
>0 stronger interaction

x1

0

0

1

1

x2

0

1

0

1

B(f(x1), f(x2)) = ...

0(1� f(x1))(1� f(x2))+

(1� f(x1))f(x2)+

f(x1)(1� f(x2))+

f(x1)f(x2)

Generalisation for OR gates

• Easily interpretable parameters

• Direct derivation from logic rules
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Collect data

•Objective: obtain data for training logic models 
•Priority: high number of perturbations
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Phospho-proteomics to look at signal 
transduction

An&body-based	methods:	
low	coverage	

many	condiIons
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Terfve	C,	Saez-Rodriguez	J,	Adv.	Syst.	Biol.,		2012	
Saez-Rodriguez	J,	et	al.	Annual	Rev	Biomed	Eng,	2015

Mass-spectrometry	methods:	
high	coverage	
few	condiIons
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Phospho-proteomics
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https://pharmchem.ucsf.edu/research/physbio/proteomics

Credit: By Philippe Hupé [CC-BY-SA-3.0 (http://creativecommons.org/licenses/by-sa/3.0)], via Wikimedia Commons

Image showing mass-spectrometry protocol (https://
upload.wikimedia.org/wikipedia/commons/1/1f/

Mass_spectrometry_protocol.png)

http://upload.wikimedia.org/wikipedia/commons/1/1f/Mass_spectrometry_protocol.png
https://upload.wikimedia.org/wikipedia/commons/1/1f/Mass_spectrometry_protocol.png
https://upload.wikimedia.org/wikipedia/commons/1/1f/Mass_spectrometry_protocol.png
https://upload.wikimedia.org/wikipedia/commons/1/1f/Mass_spectrometry_protocol.png
https://upload.wikimedia.org/wikipedia/commons/1/1f/Mass_spectrometry_protocol.png


Preparing the data

•Normalisation challenges 
• Boolean logic works with binary values, but 

measurements are continuous values 
• CellNOpt ODE works with values between 0 and 1 

•Coverage challenges 
• Not all the nodes in the model may be covered by the 

measurements 

•Use of derived measurements 
• e.g. Kinase activities
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Use data for training models
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www.cellnopt.org
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 Broad spectrum of modelling formalism  
 with different level of detail

CellNet 
Optimizer

Computable Model  
specific to data  

(cell/time/conditions)

Networks

 New sources

Boolean        -- --   quantitative  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•PHONEMeS (PHOsphorylation NEtworks for Mass 
Spectrometry) is a method to model signalling 
networks based on untargeted phosphoproteomics 
mass spectrometry data and kinase/phosphatase-
substrate interactions (Terfve et al. 2015 Nature 
communications) 

•We can use it to combine high-throughput data 
(SWATH phospho-proteomics) with a large scale 
background network (e.g. Omnipath)

PHONEMeS
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PHONEMeS
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LNCaP LNCaP-ablated

target kinase 
intermediate kinase 
measured phosphorite



Fitting example
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Assessing fitted networks
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Assessing fitted networks
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How to deal with incomplete prior knowledge?
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 New sources

Federica	
Edua&	

CNOFeed: Link CellNOpt to methods  
to infer new links 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Assessing fitted networks
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Further analysis
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MaBoSS

•MaBoSS is a C++ software for simulating continuous/
discrete time Markov processes, applied on a Boolean 
network 

•Given some initial conditions, MaBoSS applies Monte-
Carlo kinetic algorithm (or Gillespie algorithm) to the 
network to produce time trajectories. Time evolution of 
probabilities are estimated

!37
https://maboss.curie.fr



MaBoSS simulations
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Further analysis
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Example in colorectal cancer

•Can we use logic models of signalling networks to 
understand and target drug resistance?

!40



...

A1 A2 I1 I2

0 0 0 0

0 1 0 0

1 0 0 1

0 1 1 0

M1 M2 M3 M4 M5

A1 A2 I1 I2

0 0 0 0

0 1 0 0

1 0 0 1

0 1 1 0

M1 M2 M3 M4 M5

A1 A2 I1 I2

0 0 0 0

0 1 0 0

1 0 0 1

0 1 1 0

M1 M2 M3 M4 M5

...

Dynamic logic models provide  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Model-based biomarkers  
of drug efficacy and resistance

!43

kERK, RSKp90
τERK

Afatinib
(EGFR, ERBB2)

τIkBa
kERK, RPS6

SB590885
(BRAF)

kIKK, ERK
kTGFRb, SMAD2

τGSK3

RDEA119
(MEK1, MEK2)

kIKK, ERK
kMEK, ERK

HG-5-88-01
(EGFR)

τGSK3
kRSKp90, GSK3

kIKK, ERK

AZD6244
(MEK1, MEK2)

kIKK, ERK
PD-0325901
(MEK1, MEK2)

kERK, RSKp90
Dabrafenib
(BRAF)

kIKK, TBK1
kTGFRb, SMAD2
kMP2K4, JNK

(5Z)-7-Oxozeaenol
(TAK1)

EGF TNFaIGF1TGFb HGF

SMAD2

TAK1

IRS1

PI3K

EGFRTGFRb

RASK

RSKp90

S6K ERKRPS6

p38 IkBa

PAK1

JNK

AKT BRAF

M3K1

cJun

MP2K4

GSK3 mTOR

TBK1IKK

MEK N
o 

ge
ne

tic
 b

io
m

ar
ke

r

EduaI	et	al.	
Cancer	Res,		
2017



Model-based biomarkers  
of drug efficacy and resistance

!43

kERK, RSKp90
τERK

Afatinib
(EGFR, ERBB2)

τIkBa
kERK, RPS6

SB590885
(BRAF)

kIKK, ERK
kTGFRb, SMAD2

τGSK3

RDEA119
(MEK1, MEK2)

kIKK, ERK
kMEK, ERK

HG-5-88-01
(EGFR)

τGSK3
kRSKp90, GSK3

kIKK, ERK

AZD6244
(MEK1, MEK2)

kIKK, ERK
PD-0325901
(MEK1, MEK2)

kERK, RSKp90
Dabrafenib
(BRAF)

kIKK, TBK1
kTGFRb, SMAD2
kMP2K4, JNK

(5Z)-7-Oxozeaenol
(TAK1)

EGF TNFaIGF1TGFb HGF

SMAD2

TAK1

IRS1

PI3K

EGFRTGFRb

RASK

RSKp90

S6K ERKRPS6

p38 IkBa

PAK1

JNK

AKT BRAF

M3K1

cJun

MP2K4

GSK3 mTOR

TBK1IKK

MEK N
o 

ge
ne

tic
 b

io
m

ar
ke

r

EduaI	et	al.	
Cancer	Res,		
2017



DIFI

CCK81COLO320HSR

HCT116

HT115

HT29

SKCO1

SNUC2B
SNUC5

SW1116 SW1463

SW620

SW837

CAR1

-2

0

2

4

0.00 0.05 0.10 0.15 0.20 0.25

Pearson Correlation = 0.66
p-value=0.01

M
EK

 in
hi

bi
to

r
dr

ug
 se

ns
iti

vi
ty

 (l
og

 IC
50

)

GSK3 parameter (τGSK3)
pathway model parameter

Identified and validated novel biomarkers  
and a new combination strategy

!44

EduaI	et	al.	
Cancer	Res,		
2017



DIFI

CCK81COLO320HSR

HCT116

HT115

HT29

SKCO1

SNUC2B
SNUC5

SW1116 SW1463

SW620

SW837

CAR1

-2

0

2

4

0.00 0.05 0.10 0.15 0.20 0.25

Pearson Correlation = 0.66
p-value=0.01

M
EK

 in
hi

bi
to

r
dr

ug
 se

ns
iti

vi
ty

 (l
og

 IC
50

)

GSK3 parameter (τGSK3)
pathway model parameter

DIFI

CCK81COLO320HSR

HCT116

HT115

HT29

SKCO1

SNUC2B
SNUC5

SW1116 SW1463

SW620

SW837

CAR1

-2

0

2

4

0.00 0.05 0.10 0.15 0.20 0.25

Pearson Correlation = 0.66
p-value=0.01

M
EK

 in
hi

bi
to

r
dr

ug
 se

ns
iti

vi
ty

 (l
og

 IC
50

)

GSK3 parameter (τGSK3)
pathway model parameter

Identified and validated novel biomarkers  
and a new combination strategy

!44

?

EduaI	et	al.	
Cancer	Res,		
2017



DIFI

CCK81COLO320HSR

HCT116

HT115

HT29

SKCO1

SNUC2B
SNUC5

SW1116 SW1463

SW620

SW837

CAR1

-2

0

2

4

0.00 0.05 0.10 0.15 0.20 0.25

Pearson Correlation = 0.66
p-value=0.01

M
EK

 in
hi

bi
to

r
dr

ug
 se

ns
iti

vi
ty

 (l
og

 IC
50

)

GSK3 parameter (τGSK3)
pathway model parameter

DIFI

CCK81COLO320HSR

HCT116

HT115

HT29

SKCO1

SNUC2B
SNUC5

SW1116 SW1463

SW620

SW837

CAR1

-2

0

2

4

0.00 0.05 0.10 0.15 0.20 0.25

Pearson Correlation = 0.66
p-value=0.01

M
EK

 in
hi

bi
to

r
dr

ug
 se

ns
iti

vi
ty

 (l
og

 IC
50

)

GSK3 parameter (τGSK3)
pathway model parameter

DIFI

CCK81COLO320HSR

HCT116

HT115

HT29

SKCO1

SNUC2B
SNUC5

SW1116 SW1463

SW620

SW837

CAR1

-2

0

2

4

0.00 0.05 0.10 0.15 0.20 0.25

Pearson Correlation = 0.66
p-value=0.01

M
EK

 in
hi

bi
to

r
dr

ug
 se

ns
iti

vi
ty

 (l
og

 IC
50

)

GSK3 parameter (τGSK3)
pathway model parameter

0

0

40

100

GSK3 i

HT29

c
o

m
b

o

M
E

K
 i
n

h
ib

it
o

r

+
 i
n

c
re

a
s
in

g
 G

S
K

3
 i
n

h
ib

it
o

r

SB216763

GSK3 inhibitors

CHIR-99021

Identified and validated novel biomarkers  
and a new combination strategy

!44

no improved sensitivity when 
GSK3 is not functional

?

EduaI	et	al.	
Cancer	Res,		
2017



DIFI

CCK81COLO320HSR

HCT116

HT115

HT29

SKCO1

SNUC2B
SNUC5

SW1116 SW1463

SW620

SW837

CAR1

-2

0

2

4

0.00 0.05 0.10 0.15 0.20 0.25

Pearson Correlation = 0.66
p-value=0.01

M
EK

 in
hi

bi
to

r
dr

ug
 se

ns
iti

vi
ty

 (l
og

 IC
50

)

GSK3 parameter (τGSK3)
pathway model parameter

DIFI

CCK81COLO320HSR

HCT116

HT115

HT29

SKCO1

SNUC2B
SNUC5

SW1116 SW1463

SW620

SW837

CAR1

-2

0

2

4

0.00 0.05 0.10 0.15 0.20 0.25

Pearson Correlation = 0.66
p-value=0.01

M
EK

 in
hi

bi
to

r
dr

ug
 se

ns
iti

vi
ty

 (l
og

 IC
50

)

GSK3 parameter (τGSK3)
pathway model parameter

DIFI

CCK81COLO320HSR

HCT116

HT115

HT29

SKCO1

SNUC2B
SNUC5

SW1116 SW1463

SW620

SW837

CAR1

-2

0

2

4

0.00 0.05 0.10 0.15 0.20 0.25

Pearson Correlation = 0.66
p-value=0.01

M
EK

 in
hi

bi
to

r
dr

ug
 se

ns
iti

vi
ty

 (l
og

 IC
50

)

GSK3 parameter (τGSK3)
pathway model parameter

0

0

40

100

GSK3 i

HT29

c
o

m
b

o

M
E

K
 i
n

h
ib

it
o

r

+
 i
n

c
re

a
s
in

g
 G

S
K

3
 i
n

h
ib

it
o

r

SB216763

GSK3 inhibitors

CHIR-99021

DIFI

CCK81COLO320HSR

HCT116

HT115

HT29

SKCO1

SNUC2B
SNUC5

SW1116 SW1463

SW620

SW837

CAR1

-2

0

2

4

0.00 0.05 0.10 0.15 0.20 0.25

Pearson Correlation = 0.66
p-value=0.01

M
EK

 in
hi

bi
to

r
dr

ug
 se

ns
iti

vi
ty

 (l
og

 IC
50

)

GSK3 parameter (τGSK3)
pathway model parameter

0

0

40

100

GSK3 i

HT29

100

0

40

0

GSK3 i

CCK81

c
o

m
b

o

M
E

K
 i
n

h
ib

it
o

r

+
 i
n

c
re

a
s
in

g
 G

S
K

3
 i
n

h
ib

it
o

r

SB216763

GSK3 inhibitors

CHIR-99021

c
o

m
b

o

M
E

K
 i
n

h
ib

it
o

r

+
 i
n

c
re

a
s
in

g
 G

S
K

3
 i
n

h
ib

it
o

r

SB216763

GSK3 inhibitors

CHIR-99021

Identified and validated novel biomarkers  
and a new combination strategy

!44

no improved sensitivity when 
GSK3 is not functional

synergistic combo 
when GSK3 is 

functional

?

EduaI	et	al.	
Cancer	Res,		
2017



Summary

!45

Question PKN
Logic 
Model

Fitted 
Model

Literature Data Optimizer
Modeling 
formalism

Data 
Bases

Analysis Experimental 
data

Literature

Visualization

Network analysis

Simulation

In-silico  
perturbations

compare

Raw 
Datanormalize

Structural 
Analysis

Prediction

f(x)

CellNOpt

MaBoSSCytoscape

Omnipath

Traynard et al. CPT: Pharmacometrics & systems pharmacology 2017



!46

Saez-Rodriguez group 

Special thanks to: 

Collaborators: 

Funding: 

@sysbiomed
www.saezlab.org

Acknowledgements

This project has received funding from the European 
Union’s Horizon 2020 research and innovation 
programme under grant agreement No 668858.

Julio Saez-Rodriguez 
Pauline Traynard 

Laurence Calzone 
Federica Eduati 

Attila Gabor



 
Institute for Computational Biomedicine  
Heidelberg University & RWTH Aachen  

 
 

www.saezlab.org
@sysbiomed

Luis Tobalina

A logic modelling workflow 
for systems pharmacology

13/07/2018


