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CellNOpt in CoLoMoTo ecosystem:  
fit knowledge to data to build logic model

!2

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)

Complementary to other tools -  models can be output to other tools
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Logic modelling to link protein signalling networks  
with functional analysis of signal transduction 
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• 1 - Build general signalling network  
• 2 - Perform stimulation experiments followed by phosphoproteomic measurements 

• 3 - Find the combination of edges+logic gates (AND/OR) that best describes the  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Figure 3. The fit of the trained model using the Boolean steady-state formalism. The simulated data are shown as two blue circles (t0 and t1)
connected by a blue dotted line. The colors represent the goodness of fit between the model and the data at t1 = 10. Heat-map coloration is
used to signify the range from high error (red, normalized mean squared error (MSE) = 1) to no error (white, MSE = 0). t is measured in
minutes and the y-axis is the normalized activity of the measured proteins. The training in CellNOptR took 180 s.

pseudo-steady state: the fast reactions have already occurred,
while the slow reactions have not yet significantly affected the
network’s behavior (Klamt et al 2006). This approximation
implies that the flux through the system (in our case, the
phosphorylation cascade in signal transduction) has stabilized
and the quantities of phosphorylated proteins are no longer
varying to a significant degree. With this assumption, a model
of this system can be simulated until it has also reached a
steady state.

With the in silico data (figure 2) as our starting point,
the PKN (figure 1) was trained using the steady-state model
formalism at t1 = 10 min. Details about the node states and
transfer functions of this formalism (Boolean steady state) are
summarized in section 8.3. Figure 3 shows the steady-state
simulation overlaid on the experimental data.

2.2. Interpretation of steady-state result

The Boolean steady-state formalism used by CellNOptR
for optimization recovers most of the underlying ‘true’
network and hence gives a good steady-state approximation
of the in silico data (see figures 3 and 8). However,
there are some exceptions that highlight the limitations of
steady-state measurements. Using this formalism, CellNOptR
cannot identify the NFκB oscillations caused by feedback:
hyperedges that cause negative feedback are penalized in

CellNOptR as a steady state cannot be reached when they are
present. Another limitation is that the state of each element in
the model is limited to 0/1 (either switched on or off). Hence,
intermediate levels of activation cannot be simulated (such as
p38 activation under TNFα and EGF stimulation). Finally, the
effect of the missing pathway from TNFα to AP1 is observed
when the experimental measurement cannot be explained with
TNFα stimulation in the absence of EGF stimulation.

Thus, the strength of steady-state Boolean logic is strongly
dependent on the assumptions underlying the data. If one has
enough knowledge of the data and biochemistry such that the
assumption of steady state is a fair one to make, training a
network to data using steady-state Boolean logic modeling
can uncover cell-specific behavior, for example, differences
between cancer and normal cells (Saez-Rodriguez et al 2011a).
Another advantage is the scalability of such an approach:
because the method is parameter-free, large networks can be
trained under a large number of conditions.

3. Two time points (or additional steady state)

As mentioned in section 2, it is quite common in signaling
networks to observe a transient behavior where a species
is quickly activated and subsequently deactivated. Such a
dynamic obviously cannot be captured with a steady-state
approach where only one time point is considered. Therefore,
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minutes and the y-axis is the normalized activity of the measured proteins. The training in CellNOptR took 180 s.

pseudo-steady state: the fast reactions have already occurred,
while the slow reactions have not yet significantly affected the
network’s behavior (Klamt et al 2006). This approximation
implies that the flux through the system (in our case, the
phosphorylation cascade in signal transduction) has stabilized
and the quantities of phosphorylated proteins are no longer
varying to a significant degree. With this assumption, a model
of this system can be simulated until it has also reached a
steady state.

With the in silico data (figure 2) as our starting point,
the PKN (figure 1) was trained using the steady-state model
formalism at t1 = 10 min. Details about the node states and
transfer functions of this formalism (Boolean steady state) are
summarized in section 8.3. Figure 3 shows the steady-state
simulation overlaid on the experimental data.

2.2. Interpretation of steady-state result

The Boolean steady-state formalism used by CellNOptR
for optimization recovers most of the underlying ‘true’
network and hence gives a good steady-state approximation
of the in silico data (see figures 3 and 8). However,
there are some exceptions that highlight the limitations of
steady-state measurements. Using this formalism, CellNOptR
cannot identify the NFκB oscillations caused by feedback:
hyperedges that cause negative feedback are penalized in

CellNOptR as a steady state cannot be reached when they are
present. Another limitation is that the state of each element in
the model is limited to 0/1 (either switched on or off). Hence,
intermediate levels of activation cannot be simulated (such as
p38 activation under TNFα and EGF stimulation). Finally, the
effect of the missing pathway from TNFα to AP1 is observed
when the experimental measurement cannot be explained with
TNFα stimulation in the absence of EGF stimulation.

Thus, the strength of steady-state Boolean logic is strongly
dependent on the assumptions underlying the data. If one has
enough knowledge of the data and biochemistry such that the
assumption of steady state is a fair one to make, training a
network to data using steady-state Boolean logic modeling
can uncover cell-specific behavior, for example, differences
between cancer and normal cells (Saez-Rodriguez et al 2011a).
Another advantage is the scalability of such an approach:
because the method is parameter-free, large networks can be
trained under a large number of conditions.

3. Two time points (or additional steady state)

As mentioned in section 2, it is quite common in signaling
networks to observe a transient behavior where a species
is quickly activated and subsequently deactivated. Such a
dynamic obviously cannot be captured with a steady-state
approach where only one time point is considered. Therefore,
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used to signify the range from high error (red, normalized mean squared error (MSE) = 1) to no error (white, MSE = 0). t is measured in
minutes and the y-axis is the normalized activity of the measured proteins. The training in CellNOptR took 180 s.

pseudo-steady state: the fast reactions have already occurred,
while the slow reactions have not yet significantly affected the
network’s behavior (Klamt et al 2006). This approximation
implies that the flux through the system (in our case, the
phosphorylation cascade in signal transduction) has stabilized
and the quantities of phosphorylated proteins are no longer
varying to a significant degree. With this assumption, a model
of this system can be simulated until it has also reached a
steady state.

With the in silico data (figure 2) as our starting point,
the PKN (figure 1) was trained using the steady-state model
formalism at t1 = 10 min. Details about the node states and
transfer functions of this formalism (Boolean steady state) are
summarized in section 8.3. Figure 3 shows the steady-state
simulation overlaid on the experimental data.

2.2. Interpretation of steady-state result

The Boolean steady-state formalism used by CellNOptR
for optimization recovers most of the underlying ‘true’
network and hence gives a good steady-state approximation
of the in silico data (see figures 3 and 8). However,
there are some exceptions that highlight the limitations of
steady-state measurements. Using this formalism, CellNOptR
cannot identify the NFκB oscillations caused by feedback:
hyperedges that cause negative feedback are penalized in

CellNOptR as a steady state cannot be reached when they are
present. Another limitation is that the state of each element in
the model is limited to 0/1 (either switched on or off). Hence,
intermediate levels of activation cannot be simulated (such as
p38 activation under TNFα and EGF stimulation). Finally, the
effect of the missing pathway from TNFα to AP1 is observed
when the experimental measurement cannot be explained with
TNFα stimulation in the absence of EGF stimulation.

Thus, the strength of steady-state Boolean logic is strongly
dependent on the assumptions underlying the data. If one has
enough knowledge of the data and biochemistry such that the
assumption of steady state is a fair one to make, training a
network to data using steady-state Boolean logic modeling
can uncover cell-specific behavior, for example, differences
between cancer and normal cells (Saez-Rodriguez et al 2011a).
Another advantage is the scalability of such an approach:
because the method is parameter-free, large networks can be
trained under a large number of conditions.

3. Two time points (or additional steady state)

As mentioned in section 2, it is quite common in signaling
networks to observe a transient behavior where a species
is quickly activated and subsequently deactivated. Such a
dynamic obviously cannot be captured with a steady-state
approach where only one time point is considered. Therefore,
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implies that the flux through the system (in our case, the
phosphorylation cascade in signal transduction) has stabilized
and the quantities of phosphorylated proteins are no longer
varying to a significant degree. With this assumption, a model
of this system can be simulated until it has also reached a
steady state.

With the in silico data (figure 2) as our starting point,
the PKN (figure 1) was trained using the steady-state model
formalism at t1 = 10 min. Details about the node states and
transfer functions of this formalism (Boolean steady state) are
summarized in section 8.3. Figure 3 shows the steady-state
simulation overlaid on the experimental data.
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for optimization recovers most of the underlying ‘true’
network and hence gives a good steady-state approximation
of the in silico data (see figures 3 and 8). However,
there are some exceptions that highlight the limitations of
steady-state measurements. Using this formalism, CellNOptR
cannot identify the NFκB oscillations caused by feedback:
hyperedges that cause negative feedback are penalized in

CellNOptR as a steady state cannot be reached when they are
present. Another limitation is that the state of each element in
the model is limited to 0/1 (either switched on or off). Hence,
intermediate levels of activation cannot be simulated (such as
p38 activation under TNFα and EGF stimulation). Finally, the
effect of the missing pathway from TNFα to AP1 is observed
when the experimental measurement cannot be explained with
TNFα stimulation in the absence of EGF stimulation.

Thus, the strength of steady-state Boolean logic is strongly
dependent on the assumptions underlying the data. If one has
enough knowledge of the data and biochemistry such that the
assumption of steady state is a fair one to make, training a
network to data using steady-state Boolean logic modeling
can uncover cell-specific behavior, for example, differences
between cancer and normal cells (Saez-Rodriguez et al 2011a).
Another advantage is the scalability of such an approach:
because the method is parameter-free, large networks can be
trained under a large number of conditions.

3. Two time points (or additional steady state)
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networks to observe a transient behavior where a species
is quickly activated and subsequently deactivated. Such a
dynamic obviously cannot be captured with a steady-state
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intermediate levels of activation cannot be simulated (such as
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when the experimental measurement cannot be explained with
TNFα stimulation in the absence of EGF stimulation.
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dependent on the assumptions underlying the data. If one has
enough knowledge of the data and biochemistry such that the
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the model is limited to 0/1 (either switched on or off). Hence,
intermediate levels of activation cannot be simulated (such as
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effect of the missing pathway from TNFα to AP1 is observed
when the experimental measurement cannot be explained with
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dependent on the assumptions underlying the data. If one has
enough knowledge of the data and biochemistry such that the
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enough knowledge of the data and biochemistry such that the
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summarized in section 8.3. Figure 3 shows the steady-state
simulation overlaid on the experimental data.

2.2. Interpretation of steady-state result

The Boolean steady-state formalism used by CellNOptR
for optimization recovers most of the underlying ‘true’
network and hence gives a good steady-state approximation
of the in silico data (see figures 3 and 8). However,
there are some exceptions that highlight the limitations of
steady-state measurements. Using this formalism, CellNOptR
cannot identify the NFκB oscillations caused by feedback:
hyperedges that cause negative feedback are penalized in

CellNOptR as a steady state cannot be reached when they are
present. Another limitation is that the state of each element in
the model is limited to 0/1 (either switched on or off). Hence,
intermediate levels of activation cannot be simulated (such as
p38 activation under TNFα and EGF stimulation). Finally, the
effect of the missing pathway from TNFα to AP1 is observed
when the experimental measurement cannot be explained with
TNFα stimulation in the absence of EGF stimulation.

Thus, the strength of steady-state Boolean logic is strongly
dependent on the assumptions underlying the data. If one has
enough knowledge of the data and biochemistry such that the
assumption of steady state is a fair one to make, training a
network to data using steady-state Boolean logic modeling
can uncover cell-specific behavior, for example, differences
between cancer and normal cells (Saez-Rodriguez et al 2011a).
Another advantage is the scalability of such an approach:
because the method is parameter-free, large networks can be
trained under a large number of conditions.

3. Two time points (or additional steady state)

As mentioned in section 2, it is quite common in signaling
networks to observe a transient behavior where a species
is quickly activated and subsequently deactivated. Such a
dynamic obviously cannot be captured with a steady-state
approach where only one time point is considered. Therefore,

7

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

  MacNamara et al.   
Phys Biol 9 045003, 2012         

CellNOpt: 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

http://www.cellnopt.org
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A Cytoscape plugin to run CellNOptR 
(http://apps.cytoscape.org/apps/cytocopter)

Mar$jn	van	Iersel	Emanuel	Gonçalves	 Terfve C BMC Syst Biol, 6:133, 2012 

http://www.celllnopt.org
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Turei, Korcsmaros, Saez-Rodriguez, Nature Methods, 2016
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n Fluorescence=phosp
horylation?  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Below detection 
level?

n Cues are lights

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

n Different ‘lights’ (stimulation/perturbation) provide 
complementary information
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Camille	Terfve	

Emanuel	Gonçalves	

Mar$	Bernardo		
Thomas	Cokelaer	

- Drug response  
 in breast cancer 

Wilkes et al PNAS 2015 
Terfve et al Nature Com 2015 

-   Crosstalk in yeast  
Vaga et al, Mol Syst Bio 2014

Tool for modeling MS P-proteomics: 
www.cellnopt.org/PHONEMeS

http://www.cellnopt.org/PHONEMeS
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-  Mass spectrometry phospho-proteomics for high coverage 
of signalling networks  

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)   

Camille	Terfve	

Emanuel	Gonçalves	

Mar$	Bernardo		
Thomas	Cokelaer	

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

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

- Metaheuristics  & 
Bayesian Inference 
(MCMC)  
(Egea et al. BMC Bioinf 2014;  
(Henriques et al. Bioinf 2015) 

- 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) 
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Constrained Fuzzy logic and Probabilistic Logic can 
handle quantitative differences

!22

• 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

• Constrainted Fuzzy logic • Probabilistic Logic
29
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Multiple pseudo-steady-state captures  
feedbacks that lead to transient signals
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Logic-based ODEs
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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
1 2 0 1∈ .

In the following we think of Bi as a function on
the ver t i ces of the uni t cube . S ince ver tex
( , , , ) { , }x x xi i iN

N
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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
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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 

• Accuracy (same behavior as Bi for 0/1  
                   → same monotony & steady state behavior) 

• Good analytical properties (smoothness) 
• Minimal and unique
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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
1 2 0 1∈ .

In the following we think of Bi as a function on
the ver t i ces of the uni t cube . S ince ver tex
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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
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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 

• Accuracy (same behavior as Bi for 0/1  
                   → same monotony & steady state behavior) 

• Good analytical properties (smoothness) 
• Minimal and unique IDEA:  

ODE model  
mathematically ‘well-behaved’  

that matches the Boolean model   
when states are 0 or 1
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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)  



ODEs can be automatically generated  
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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)  

Even if structure is known need to identify 
parameters, difficult optimisation problem 

(similar to biochemical ODEs) 
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fit of models simulated with MaBoss  
(asynchronous, time-continuous)  

- fits time dynamics, still Boolean 
- worse fit but faster than logic-ODES
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 Broad spectrum of modelling formalism  
 with different level of detail
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How to deal with incomplete prior knowledge?
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How to deal with incomplete prior knowledge?
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Steps in building (and using) a model

•Set up experiments to extract most information 

•Process data efficiently 

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

•Train models to experimental data 

•Use models to gain insight

!39



Steps in building (and using) a model

•Set up experiments to extract most information 

•Process data efficiently 

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

•Train models to experimental data 

•Use models to gain insight

!39



How is signal processing altered in disease?

!40
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An example of a perturbation-based 
high-throughput data sets  

!41Alexopoulos L, Saez-Rodriguez J, Cosgrove B, Lauffenburger DA, Sorger PK, Mol. Cell. Prot., 9, 1849, 2010
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An example of a perturbation-based 
high-throughput data sets  

!41

➜ 7 extracellular ligands  
 
➜ 7 specific chemical inhibitors (drugs)  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An example of a perturbation-based 
high-throughput data sets  

!41

➜ 7 extracellular ligands  
 
➜ 7 specific chemical inhibitors (drugs)  
   

➜ Phosphorylation of 17 key proteins (30 min, 3h) 

at different times 
after stimulation 
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Signal

Cue

An example of a perturbation-based 
high-throughput data sets  

!41

➜ 7 extracellular ligands  
 
➜ 7 specific chemical inhibitors (drugs)  
   

➜ Phosphorylation of 17 key proteins (30 min, 3h) 

at different times 
after stimulation 

using Luminex/xMAP  
(bead-based ELISA) 

➜ Release of 20 cytokines (3h, 24h) 
     

Response

Alexopoulos L, Saez-Rodriguez J, Cosgrove B, Lauffenburger DA, Sorger PK, Mol. Cell. Prot., 9, 1849, 2010

Primary human hepatocytes & HCC cell lines (HepG2, Hep3B, Huh7, Focus)
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HepG2 Hep3 Huh7 FocusPrimary

Saez-Rodriguez J, Alexopoulos LG, Zheng M, Morris MK, Lauffenburger DA, Sorger PK, Cancer Research 71(16), 2011
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These models can: 

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

- Predict outcome of new perturbations 
(single or combination)  

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



Can we use logic models to understand  
drug efficacy in cancer?
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Cancer patients

with e.g. colon cancer

Therapy

Therapeutic effect No effect Adverse effect

Clinical trial failure (Francesco Iorio)
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Case study: understanding drug resistance  
 in colorectal cancer

!52

Prior knowledge network  
- derived form literature  

(~ 50 references) 

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)
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CRC Cell line specific models
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Model-based biomarkers  
of drug efficacy and resistance

!54
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no improved sensitivity when 
GSK3 is not functional

synergistic combo 
when GSK3 is 

functional
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How to...

•Set up experiments to extract most information 

•Process data efficiently 

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

•Train models to experimental data 

•Use models to gain insight

!56
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•Set up experiments to extract most information 

•Process data efficiently 

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

•Train models to experimental data 

•Use models to gain insight
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Used  
 logic modelling & 

applications to 
signalling, but 

general principles 
hold for other 

modelling 
approaches & 
applications



A detailed tutorial

!57
Traynard et al. CPT:PSP 2017

•Application of OmniPath, CellNOpt, MaBoSS and Cytoscape to a 
prostate cancer example
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 "Spectrum of Biological Modeling Methods" by Peter Sorger 

A spectrum of methods applicable to biological pathways is illustrated from more abstact and
empircal on the left to more specific and mechanistic on the right.  The bar graphs depict key features 
of various methods (such as the importance of prior knowledge).

               This editable figure is licensed under a Creative Commons Attribution-Share Alike 3.0 
United States License

Spectrum of modeling approaches

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

!58BY -SA : Peter Sorger
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 All models are wrong, but some are useful  
G. Box

•Logic models: intermediate between data-driven & biochemical 
models 

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

Computable & 
mechanistic model  
specific to data  

Networks

CellNOpt
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