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Logic modelling to link protein signalling networks 
with functional analysis of signal transduction

• CellNOpt: a flexible pipeline to model protein signalling networks
• (1) Converts protein signalling network into logic model 

•  (Unless known) create all possible logic gates (AND/OR) compatible 
with the network

•  (2) Find the combination of logic gates (i.e. the model) that best
•  Balance fit to data with model size                                

      describes the experimental data

Bioconductor & Matlab, 
available at  www.ebi.ac.uk/saezrodriguez/software.html

Morris MK, Melas I, Saez-Rodriguez J,  Methods Mol. Biol, in press

Saez-Rodriguez J, Alexopoulos LG, Epperlein J,  Samaga R, Lauffenburger DA, Klamt S, Sorger PK  Mol Sys Bio 5:331,2009
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The ‘real’ data

How to 
pick

 right time 
to 

measure?

●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●

Raf−1

●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●

ERK

●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●

AP1

●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●

GSK−3

●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●

p38

●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●

NFκB

●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●

Stim

●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●

Inh

0.5

0.5

0.5

0.5

0.5

0.5

0.5

0.5

0.5

0 10 30

0.5

0 10 300 10 300 10 300 10 300 10 30 eg
f

tn
fa

pi
3k
i

ra
f1
i



0 01AKT
0

NFkB
1 0

0

1

1
11

0

0
1 1

0 0

1
0C8

1ERK

+ -
TNF
TGFα

PI3K

B 

D

TNFR

NFκB

EGFR

PI3K

AKT

ERK

A

H

MSE Θf

OR

AND

=

=

TRADD

Ikb

GSK3

Grb2Sos

Ras

Shc

Iκb

IKKab

Data

Raf

Raf

0
0

0

1

0

0.5

1

Size penalty α

Si
ze

 Θ
s

 0

 M
SE

Θ

0.25

0.5

00

AKT

NFKB

C8
ERK

0 01
0

1 0
0

1

0
11

0
1 1

0 0

1
0

1 0
00

0
1

1

0.5

Si
ze

  Θ
s

Figure 1

F

G

Designated

De
sig

n
M

ea
su

re
d

species

Stimuli

Inhibitors

Readouts

0≤α<0.23

0.23<α<0.75

α=0

I

Model Models

Model

f

Activation
Inhibition

MEK

ERK

ERK

ERK

MEK

ERK

Stimulus
Inhibitor
Readout
Compressed

Model prediction
Correct
Incorrect

C8

C8

E

C8PI3K

AKT

Raf NFκB

ERK

C8PI3K

AKT

Raf NFκB

ERK

C8PI3K

AKT

Raf NFκB

ERK

Size Θs = 1

Size Θs = 0.42

Size Θs = 0.58

+ + + +
+++ - --

+
++

C Rule 1 Rule 2

Rule 3 No rule applies here

Compressed UncompressedDesignated
species

NFκB

0.50.251

TGFα

TGFα

TGFα

TGFα

TGFα

Grb2Sos

0.5 2

. . .

. . . . . .

. . .

-
-

-
-

-
-

-
- -

0

TNFα

TNFα

TNFα

TNFα

TNFα

Model preprocessing: 
compression and expansion of gates

Saez-Rodriguez J,  et al.,  Mol. Syst. Biol, 2009

Model compression

- Search for combination of interactions and gates that best describe the 
data using a pseudo-state simulation (signal propagation);
 - Search is an optimization problem that ca be solved

(1) Enumeration (2)  Heuristic (e.g. genetic algorithm)
(3) Integer Linear Programming (Mitsos et al . Plos Comp Bio 2009)  
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Identifies active/non-active links
(except feedbacks)

Can not explain data due to missing 
links

Training to data recovers structure
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Constrained Fuzzy Logic
 can handle quantitative differences

• Boolean modeling can not describe
 quantitative aspects 
(e.g. intermediate activation)
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n Fuzzy logic can 
model 
quantitative 
signaling data 
(Aldridge et al. Plos 
Comp. Bio. 2009)

n Development of  Constrained Fuzzy Logic 
   & implementation within CellNOpt

TGFα

Ras

cJun ERK

Morris MK, Saez-Rodriguez J, Clarke D, Sorger PK, Lauffenburger DA, PloS Comp Bio 2011.
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How can we model feedback effects?
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Multiple pseudo-steady-state simulations capture 
feedback effects that lead to transient signals
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 Synchronous simulation 
captures oscillatory behaviour

MacNamara A Terfve C 
Henriques D Penalver B 
Saez-Rodriguez J 
submitted



 From Boolean to continuous and dynamic 
models within CellNOpt

Boolean (binary)
logic steady state

Fuzzy logic (quantitative)

 

Morris et al., PloS Comp Bio 2011
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Logic-based ODEs

Wittman D, Krumsiek J, Saez-Rodriguez J, Lauffenburger DA, Klamt S, Theis FJ, BMC Sys Bio 2009
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competent to explain an aspect of biological reality in a
precise quantitative fashion. We answer this question in
the affirmative by showing that our T-cell model
reproduces time courses of concentration levels mea-
sured for three different ligand concentrations [12].
Moreover, it is able to predict binding affinities of
different ligands from their induced signaling profiles.
The fact that the model can differentiate between more
than two different concentrations shows that we have
definitely left the Boolean (binary) world behind.

Results
Representation of Boolean functions and models
A Boolean model consists of

• N species X1, X2, ...., XN, e.g. genes, proteins, etc.,
each represented by a variable xi taking values in
{0, 1},
• f o r e a ch spe c i e s X i a s e t o f spe c i e s
R X X X X X Xi i i iN Ni

: { , ,..., } { , ,..., }= ⊂1 2 1 2 that influ-
ence xi and
• for each species Xi an update function

Bi
Ni: { , } { , }0 1 0 1→

giving the value of xi at the next time step for every
possible combination of ( , ,..., ) { , }x x xi i iN

N
i

i
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This is a so-called sum-of-product representation of Bi.
These representations are especially convenient, as they
allow to graphically represent our models using interac-
tion hypergraphs [6]. The idea is to represent each product
(AND gate) in the sum-of-product form of Bi by a
directed hyperedge between a set of start nodes
S X X Xi i iNi

⊂ { , , }1 2 and the end node Xi. Each pair
(s, Xi), s Œ S, carries a sign — ‘+’ or ‘-’ — depending on
whether there is a factor s or ¬s in the product. All
incoming hyperedges at node Xi are then a graphical

representation of Bi. This is further illustrated in
Additional data file 1.

The general approach to making discrete
models continuous
The first step for obtaining a continuous model from a
Boolean one is to replace the discrete variables xi by
continuous variables xi taking values in [0, 1], i.e. we
normalize concentrations to the unit interval. Conse-
quently, we have to ‘extend’ the functions Bi to functions
Bi : [0, 1]

N Æ [0, 1]. We call the functions Bi continuous
homologues of the Boolean functions Bi. The crucial point
is, how the transformation of a Boolean function into a
continuous homologue is performed. We will address
this issue in the next section and continue with the
outline of the general approach.

In the second step we have to specify how to build the
actual continuous model, for which there are two
possibilities. The most straightforward is probably to
proceed analogously to the Boolean model, i.e. to use
discrete time steps and to compute the value of xi at
time t + 1 by

x t B x t x t x ti i i i iNi
( ) ( ( ), ( ),..., ( )).+ =1 1 2 (1)

In numeric simulations the discretization of time is
obviously irrelevant. It complicates, however, the detec-
tion of small-scale continuous effects and is a serious
drawback in the further investigation of the model by
analytical methods.

Another way to build the continuous model is to try to
mimic biological reality more closely: mRNAs, proteins,
etc. are produced at a certain rate and are at the same
time degraded. We assume the production of Xi to be
given by Bi , and the degradation to be proportional to
xi . Then the development of xi over time is governed by
the ordinary differential equation (ODE)

�x
i

B x x x xi i i i iN ii
= −1

1 2t
( ( , ,..., ) ), (2)

where τi can be interpreted as the life-time of species Xi.
Note that due to the normalization of concentrations to
the unit interval we have only one parameter for
production as well as decay. To clarify this, assume
that �xi denotes the non-normalized concentrations and
0 11 2≤ ≤� � � �B x x xi i i iNi

( , ,..., ) the corresponding production
functions. Then a general system of ODEs is of the form
� � � � � �x B x x x xi i i i i iN i ii

= −a g( , ,..., )1 2 , where ai is the produc-
tion rate and gi the decay rate of species Xi. Since the

BMC Systems Biology 2009, 3:98 http://www.biomedcentral.com/1752-0509/3/98
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• Make non linear replacing variable with Hill function

• Transform into differential equation

• E.g. a AND b inactivate C

• Convert Boolean update function Bi into a continuous homologue Bi 
using multivariate polynomial interpolation (Odefy: Wittman et al)
• Accuracy (same behavior as Bi for 0/1

                   → same monotony & steady state behavior)
• Good analytical properties (smoothness)
• Minimal and unique



ODEs can be automatically generated 
from Boolean model (Odefy)

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) = ((tnfa^ikb_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-tnfa^ikb_n_tnfa/(tnfa^ikb_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)+tnfa^ikb_n_tnfa/(tnfa^ikb_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)-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/(raf^erk12_n_raf+erk12_k_raf^erk12_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))+raf^erk12_n_raf/
(raf^erk12_n_raf+erk12_k_raf^erk12_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))+raf^erk12_n_raf/(raf^erk12_n_raf+erk12_k_raf^erk12_n_raf)*
(1+erk12_k_raf^erk12_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+egfr_k_tgfa^egfr_n_tgfa)*(1+egfr_k_tgfa^egfr_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)  

Problem: even if structure is known 
need Identify parameters, difficult 

optimisation problem
(collab with J. Banga group)
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 From Boolean to continuous and dynamic 
models within CellNOpt

Logic ODEs (dynamic)

 

 w. J Banga & J. Egea, 
B. Penalver 
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