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Cells are complex systems 

Cells receive information from their  
surroundings and their internal state. 
They make decisions based on this information. 
They change their behavior following the decision. 
 
How do they do this? 
 
Cells are communities of interacting  
(macro) molecules (proteins, RNA, DNA). 
 
The decisions are collective decisions. 
 

https://youtu.be/4bvxkwAnlXU 

David Goodsell 



Systems of interacting elements at all levels 
of biological organization 

•  Cellular behaviors and phenotypes arise from the interactions of 
numerous (macro)molecular components. 

 
•  Interactions among cells determine how multi-cellular organisms 

develop and how tissues and organs function.  
 
•  Interactions among individuals form the basis of social 

communities; interactions among species underlie ecological 
communities.  

 
•  The higher-level function/behavior/phenotype is an emergent 

property; it arises from the totality of the lower-level elements 
and interactions. 

•  The mapping from all the internal and external variables to the 
system-level function is canalizing. 



How to explain emergent properties? 
The mapping from all the internal and external variables to the system-
level function is canalizing. 
 
Which (features of ) elements and interactions determine the emergent 
property? How can we abstract and simplify to answer this question? 
 
A network framework can help!  
Represent the elements as nodes and  
the interactions/regulatory effects as edges. 
 
My proposal: relate the system’s  
behavior to this network; 
find out which features or connectivity  
patterns of the network are critical to  
the behavior. 
 
 



Determine the relevant network – the totality of relevant interactions that are 
allowed to happen. The edges need to be directed (causal).  

Each node is characterized with a state (activity). If a node’s state is 0, its 
interactions will not be realized. Each node is also characterized with a 
regulatory function that connects the state of its regulators (given by the 
network) to its own future state.  

The (long-term) states of the nodes, or of a subset, can be related to the  
higher-level behavior.  
 
Specific predictions: 
How would perturbation of a node’s state or regulatory function alter the 
system’s behavior? The answer indicates critical nodes and therapeutic 
intervention targets.  
General insight: 
Which features of the network are most responsible for the behavior? 

Connect lower-level networks to higher-level 
behavior through dynamic modeling 



The dynamic model is built from experimental 
data and is tested on experimental data 

Interaction/kinetic data 

State data 



An example: disease spreading on 
contact networks 

Human contact network 
 
Nodes: individuals 
Edges: disease specific 
physical contacts 

Infected  
individual 

States: susceptible, infected 
 
Any edge of an infected individual can carry the disease. Any infected 
neighbor of a susceptible individual can infect it (with a certain 
probability). 
The regulatory function of node A indicates the probability of  infection of 
A :  pI(A)= 1- pS(B1) pS(B2) pS(B3) pS(B4) >0 
 
 Data: contact network, infection probabilities, disease status in time. 

A 
B1 B4 

at a later time 



A parsimonious dynamic modeling approach: 
Boolean modeling 

Assumes two main states: ON/active (1) or OFF/inactive (0) 
 
The future state of a regulated node depends on the current state of  
its regulators in the network, and possibly on its own current state.  
The regulatory functions of each node are  
described by Boolean logic. 
Time is an implicit variable; there usually is an  
element of randomness in its implementation. 
 
Starting from an initial condition, the system’s state  
vector changes in time and eventually settles down  
into an attractor (a steady state/fixed point or a complex attractor). 
 
Such attractors are common to a broad class of dynamic models. E.g.  
the attractor of the disease example is that everybody is infected. 
 

In1 In2 Out 
0 0 0 

0 1 1 

1 0 1 

1 1 1 

Out= In1 OR In2 



Trajectory of a simple system 

Blue: 1 
White: 0 



The model identifies all the possible attractors of the 
system 

The model can  identify the states, and state trajectories, that ultimately 
lead to any given attractor. 
 
This leads to an informative derived network, the state transition graph. 

Each attractor of the network, or group of attractors that are identical in 
terms of the internal nodes, can be associated to a behavior. 



The state trajectories can be integrated into  a 
state transition graph  

Nodes: states (25=32) 
Edges: allowed state  
transitions when only one  
node can change state. 
 
Fixed points: nodes with 
no outgoing edges, only 
loops. 
 
Complex attractors would  
correspond to terminal  
strongly connected  
components. 
 
The attractor basins may  
overlap. 
 



The model can describe how the trajectories change in 
case of deregulations or interventions, e.g. D=0 

Half of the states disappear. 
One attractor is lost, two are  
changed.  
There still are two behaviors. 
 
 



Example: Modeling T cell survival 
Phenomenon: survival of cytotoxic T cells in T-LGL leukemia 
Constructed: survival signaling network inside T- LGL cells 
Hypotheses: two protein/mRNA states, stochastic timing 
Validation: reproduces the two known outcomes (apoptosis and abnormal  
survival state); reproduces known key mediators. 
 
Predicts: minimal initial condition necessary for T-LGL state 
              19 single-node interventions that ensure apoptosis of all T-LGL cells  

Several predictions were validated experimentally 
 
Implications: identifying therapeutic targets for T-LGL leukemia 
                      
R Zhang, MV Shah, J Yang, SB Nyland, X Liu, JK Yun, R Albert, TP Loughran, PNAS  
(2008). 
A Saadatpour, RS Wang, A. Liao, X Liu, TP Loughran, I. Albert, R. Albert, PLoS Comp  
Biol (2011) 



The model identifies therapeutic targets 
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A Saadatpour, R Albert,T 
Reluga, SIADS 2013  

perturb a key 
mediator 

R. Zhang et al PNAS 2008 
 



1. State transition graph 
Pros:  
•  Its analysis indicates the achievable repertoire of cellular behaviors and the 
     reachability of each. 
•  It can be constructed for any discrete dynamic model 
Con: It can be computationally taxing to construct 
 
2. Integration of the interaction network and of the Boolean regulatory rules. 
 
 

Insightful derived (secondary) networks 



Integration of the interaction network and of  
the Boolean regulatory rules 

R. Albert & H. Othmer, Journal of Theor. Biol (2003); R.S. Wang and R. Albert,   
BMC Systems Biology (2011), JGT Zanudo, R. Albert, Chaos (2013) 

Eliminate negative edges by adding complementary (negated) nodes.  

Eliminate AND/OR ambiguity by marking AND rules with composite nodes. 
 

C* = A and (~B) ~C* = ~A or B 

Composite nodes have special properties, e.g. loss of any of their 
activators leads to their loss. 



Can be used to  
•  Determine elementary and independent  
     signal transmission modes  
•  Determine each node’s contribution to outcome 
•  Find the centers of stability in the network 
•  Determine the system’s attractor repertoire 
•  Drive the system to beneficial attractors or away from undesired ones. 

Integration of the interaction network and of  
the Boolean regulatory rules 

R.S. Wang and R. Albert,  BMC Systems Biology (2011), Z. Sun and R. Albert, Network 
Science (2016), JGT Zanudo, R. Albert, Chaos (2013), PLOS Comp. Biol. (2015). 

Eliminate negative edges by adding complementary (negated) nodes 
Eliminate AND/OR ambiguity by marking AND rules with composite nodes 
 



The logic-expanded network allows the identification of 
centers of stability 

Stable motif: the smallest strongly connected component that 
- Does not contain both a node and its negation. 
- If it contains composite nodes, it also needs to contain these nodes’ 
inputs. 
 
The nodes of a stable motif can maintain an associated steady state 
regardless of the rest of the network. 

C = 1 
D = 1 
E = 1  Assume A=B=0 

C = 0 
D = 0 
E = 0  



 
 
 
 
 

Stable motif-based network reduction identifies the 
system’s attractors and reflects its dynamics 

A.  Saadatpour, R. Albert, T. Reluga, SIADS 2013  
J. G. T. Zañudo, R. Albert, Chaos 2013 



Control based on stable motifs  
A sequence of stable motifs determines an attractor. 
Fix the state of all stable motifs in a sequence → all initial conditions go to 
target attractor. 

 

 
 

Reduce the number of nodes whose state needs to be fixed. 
•  control of a subset of the nodes may stabilize the motif 
•  some motifs in the sequence  are not branching points in the dynamics so do not 

need control 
													 J. G. T. Zañudo, R. Albert, PLOS Comp Biol (2015) 



T-LGL stable motif succession diagram reflects 
all trajectories to the two outcomes 

grey: OFF 
black: ON 

J. G. T. Zañudo, R. Albert, PLOS  
Comp Biol 2015 



Example: modeling epithelial to mesenchymal 
transition 

Phenomenon: cell fate change that starts cancer metastasis 
Constructed: signaling network leading to loss of E-cadherin 
Hypotheses: two protein/mRNA states, two timescales  
Validation: reproduces known epithelial, mesenchymal states, known  
markers and key mediators of EMT 
Predicts: activation of several unexpected pathways when a single signal,   
TGFβ, is initiated 

   
 
 
Several predictions were validated experimentally. 
 
SN Steinway, JGT Zanudo et al., Cancer Reseach (2014). 
JGT Zanudo, R. Albert, PLOS Comp. Biol. (2015) 
SN Steinway, JGT Zanudo et al. npj Systems Biology and Applications (2015) 



Epithelial to mesenchymal transition: many signals, 
one outcome 

Blue: external  
signals 
Green: transcrip- 
tion factors 
Red: EMT driven  
by loss of  
E-cadherin 
 
Large strongly 
connected component 
(SCC), includes 5 
signals. 

Steinway et al, Cancer Research 2014 



In the EMT network any one of eight stable motifs leads 
to the mesenchymal state 

Blue: node OFF 
Yellow: node ON 

 
Plus four smaller motifs. 
Seven motifs can 
stabilize due to the 
stabilized state of a 
single node (internal or 
external to the motif).  
One needs stabilization 
of two nodes. 

Sustained presence of any of the 12 signals, or sustained mesenchymal 
state of any one of 27 internal nodes (out of 56) can lead to the M state. 



Combinatorial interventions needed to suppress  
TGFβ-driven EMT 

Blue: node OFF 
Yellow: node ON 

 

Prediction: simultaneous knockout of SMAD  
and RAS disrupts all mesenchymal stable motifs. 
Prediction verified experimentally.  

X 

X 

X 

X 



More interventions needed to revert to the epithelial 
state 

Steinway et al, npj 
Systems Biology and 
Applications 2015 

Control of one node in each 
yellow rectangle ensures 
convergence to the  
epithelial state. 
e.g. SMAD, SNAI1, RAS,  
SHH knockout,  
β-catenin_memb const. act. 
 
 

Black: OFF in the E state 
White: ON in the E state 
Blue: external drivers of the yellow sub-motifs 

The stable motif associated with the E state is the whole SCC 



Modeling epithelial to mesenchymal transition 

Phenomenon: cell fate change that starts cancer metastasis 
Constructed: signaling network leading to loss of E-cadherin 
Hypotheses: two protein/mRNA states, two timescales  
Validation: reproduces known epithelial, mesenchymal states, known  
                  markers and key mediators of EMT 
Predicts: activation of several unexpected pathways 

    centers of stability – points of no return in the dynamics 
               combinatorial interventions to - prevent EMT 

                - recover the epithelial state  
   

           
Several predictions were validated experimentally. 
 
SN Steinway, JGT Zanudo et al., Cancer Reseach (2014). 
JGT Zanudo, R. Albert, PLOS Comp. Biol. (2015) 
SN Steinway, JGT Zanudo et al. npj Systems Biology and Applications (2015) 



1. State transition graph 
Pros:  
•  Its analysis indicates the achievable repertoire of cellular behaviors and the 
     reachability of each. 
•  It can be constructed for any discrete dynamic model 
Con: It can be computationally taxing to construct 
 
2. Expanded network: Integration of the interaction network and of the Boolean 
 regulatory rules 
Pros: 
•  Its analysis indicates independent signal transmission modes and stable  
     motifs 
•  It is less computationally taxing to analyze than the state transition graph 
In progress: expanded network, stable motifs of multi-level discrete dynamic  
models 
 
3. In progress: logic network of external signals, stable motifs and outcomes. 
 
 

Insightful derived (secondary) networks 



Example:  the logic backbone of the EMT network 

All signals are sufficient for all the stable motifs (i.e. the presence of the signal  
leads to the stabilization of the motif). 
 
All stable motifs are sufficient  
for each other.  
 
All stable motifs are sufficient  
for the outcome. 
 
 
The figure shows the transitive  
reduction of the logic network of  
sources, stable motifs and outcome. 
(A network’s transitive reduction contains an edge 
or path for all the edges of the original network.) 
 
Other logic relationships we consider: necessary, sufficient/necessary inhibitor. 



Conclusions 
My proposal: represent the elements and interactions as a network; 
connect the system’s behavior to this network; find out which 
features or connectivity patterns of the network are critical to the 
behavior. 
We learned that the cellular behavior can be characterized by the 
state of the output node(s) plus the state of (certain) stable motifs; 
the external signals and stable motifs determine the behavior. 
 
Stable motifs of the molecular interaction network are critical 
determinants of cellular behavior. 
Stable motifs are self-sustaining positive circuits (complex 
feedback loops). 
In general, positive feedback loops are important potential 
functional drivers.  
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