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Food webs describe the energy flow among 
species

nodes: species
edges: predator-prey

relationship

directed edges
process: nutrient flow





Network (graph): a set of nodes (vertices) 
connected pairwise by edges (links)

Features of biological networks:
• The nodes have specific identities, e.g. a molecular species
• Each node has an abundance (state) associated with it
• The abundances can change in time or by context

When constructing and analyzing a biological network, we need to
clearly define what we identify as a node or edge.
Need extensions of graph theory: different types of nodes and 
edges, node/edge weights, edge signs.



Life at the cellular level

• Gene            protein 
• Proteins 

– provide structure to cells and tissues
– work as molecular motors
– sense chemicals in the environment
– drive chemical reactions
– regulate gene expression

• Cellular functions rely on the 
coordinated action of gene products. 

• Interconnections between components 
are the essence of a living process.

David Goodsell/ Science Photo Library
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Special features of biomolecular systems   

• functionally diverse elements
• time-varying abundances & activities for each element
• diverse interactions that form networks
• have a function that needs to be performed

sensitive to some changes, insensitive/adaptable to others
evolvable, shaped by evolution and natural selection

1. How do we map the interaction network underlying a
biomolecular system?
2. How do we mine the information incorporated in the
interaction network?
3. Why is the network like it is and how does it change?
4. To what extent does the network determine the dynamics
and function of the system ?
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Definition of molecular/cellular 
networks



1. Protein interaction networks

nodes: proteins

edges: protein-protein interactions (binding)

Map of yeast protein-protein 
interactions, by Hawoong
Jeong

Red: essential protein
Yellow: growth- affecting protein
Green: non-essential protein



2.   Biochemical reaction networks

Several types of nodes
reactants (substrates) or products of the reactions
enzymes – catalyze the reactions
reactant-enzyme complex (“reaction node”)

Edges reflect reactions or catalysis (regulation)
one possibility: directed edges from reactants/enzymes to 
complex, from complex to products/enzyme



3.    Gene regulatory networks

At least two types of nodes: mRNA , protein 
Edges: mass flow (continuous) or regulation (dashed)

Regulatory edges acting on edges – similar to catalysis
Edges can be activating or inhibiting.

Transcription factor protein – DNA interaction represented as
regulation, or protein- mRNA directed edge



4.    Signal transduction networks

Nodes: proteins, molecules
Edges: reactions and processes (e.g. ligand/receptor binding
protein conformational changes); common to all is that they reflect
information transfer
Signal transduction networks have defined inputs and outputs.



How do we map molecular 
interaction networks?



Mapping of cellular interaction networks

Experimental advances allow  the construction of genome-wide 
cellular interaction networks
• Protein networks: 

Individual studies:
Uetz et al. 2000, Ito et al., 2001 – S. cerevisiae, 
Giot et al. 2003 – Drosophila melanogaster , Li et al. 2004 – C. 
elegans
Rual et al. 2005 – Homo sapiens

High throughput methods:
Protein pull down assays: capture strong interactions.
Yeast two hybrid method (see next slide)

Databases:
Database of Interacting Protein (DIP), the Biomolecular Interaction 
Network (BIND), the Munich Information Center for Protein 
Sequences (MIPS), the Human Protein Reference Database 
(HPRD), and the Yeast Proteome Database (YPD)



The yeast two-hybrid method

Transcription factors bind to the 
promoter regions of genes. 
They have a DNA binding domain and 
an activation domain.

In the two-hybrid method the two 
domains are separated, and fused
to two proteins.
If the two proteins interact by binding, 
the transcription factor activates the 
expression of a reporter gene.

Systematic experiments with all 
proteins in a given organism lead to 
genome-wide protein interaction maps.  



Mapping of cellular interaction networks (cont.)
• Metabolic networks:

Experimental methods:
Enzyme characterizations: Protein and DNA microarrays
Metabolite identification: isotope labeling
Flux quantification: Mass spectroscopy 
Databases: Kyoto Encyclopedia of Genes and Genomes (KEGG), Ecocyc, MetaCyc

• Transcriptional regulatory networks

Individual studies: Shen-Orr et al. 2002 – E. coli, 
Guelzim et al 2002, Lee et al. 2002 - S. cerevisiae, 
Davidson et al. 2002 – sea urchin
Experimental methods: DNA footprinting, chromatin immunoprecipitation (ChIP)
Databases: Transcription Factor Database (TRANSFAC), Regulon Database 
(RegulonDB), KEGG

• Signal transduction networks
Ma’ayan et al. 2005 – mammalian hippocampal neuron



How do we mine the information 
incorporated in the network?



Network measures supply statistical 
information about the topology

In-degree (out-degree) of a node: the number
of edges that start from (end at) the node.

Path: succession of adjacent nodes
Cycle (circuit): a path that comes back to its
starting point
Distance: the number of edges in the 
shortest path between two nodes.
Connected graph (or graph component): each 
node pair can be connected by a path.

In(out)-degree distribution: histogram of nodes according to their 
in(out)-degrees.
Distance distribution: histogram of node pairs according to their
distances.



Local order and clustering
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• Protein interactions are considered 
symmetrical

• Many untested interactions, false 
positives – problem

• All networks have giant connected 
components.

• The topological properties of diverse 
protein interaction networks are 
similar.

1. Protein interaction maps now contain 
thousands of nodes and edges 

Ito (yeast): 8868 interactions between 3280 proteins
Uetz (yeast): 4480 interactions, 2115 proteins
Giot (Drosophila): 4780 interactions among 4679 proteins
Li (C. elegans):  5534 interactions, 3024 proteins 
Rual (human): 2800 interactions, 8300 proteins

H. Jeong et al.Nature 411, 41-42 (2001)

S.-H Yook, Z.N. Oltvai, A.-L. Barabasi, Proteomics 4, 928 (2004)



Comparison of yeast interaction networks

Degree distribution Clustering coefficient Connected components

5.2k~)k(P ---- 2~)( -kkC

Yook, Oltvai and Barabási, Proteomics 4, 928 (2004)

4.3~)( -nnp



Degree distribution of C. elegans and D. 
melanogaster protein networks

The degree distribution gets closer to a power-law  as more interactions are mapped.

C. elegans
Drosophila m.

)kexp(Ak)k(P bbbbgggg ----==== ----



Average path length larger, short cycles 
more abundant than in randomized networks 

Randomization: swap the endpoints of two edges, node degrees stay the same.



Not all observed interactions are 
simultaneously active

Calculate the temporal correlation 
between the genes encoding the 
first neighbors of hub proteins.

Two peaks – two different types of 
hubs.

Party hubs are inside connected 
modules that interact 
simultaneously. 
Date hubs connect different 
modules.

Q: how should we represent the
inactivity of nodes and edges?Han et al,  Nature 443, 

88 (2004)
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2. Networks of chemical reactions

Metabolism: Sum of chemical processes by 
which energy is stored or released. Glycolysis pathway



Reaction Stoichiometry

A + B      C + D (1)
A + D        E (2)
B + C F (3)

Stoichiometric 
Matrix (S)

Reaction Pathway
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Sij = Number of molecules of substrate i  participating in reaction j

Sij < 0  if substrate i is a reactant in reaction j
Sij > 0  if substrate i is a product in reaction j

i = 1,2,…,N = # of substrates = # rows
j = 1,2,…,M = # of reactions = # columns



Network Representation – Bipartite Graph

Reaction Pathway A B C D E F

1 2 3

Bipartite Graph

Substrate Node

Reaction Node
� Two types of nodes:

� Directed edges

� No  edges between nodes of the same type

A + B      C + D (1)
A + D        E (2)
B + C F (3)



Bipartite Graph

A B C D E F

1 2 3

Substrate Graph
A B

D C

E

F

Reaction Graph
1

2 3

Derived

Connect two substrates if they participate
in the same reaction.

Connect two reactions if they share a 
substrate.



Key Properties of Metabolic Networks

� Metabolic networks are scale-free

P(k) = Probability that a given substrate 
participates in k reactions � k-g

� In- and out- degree of substrate  
nodes in the bi-partite representation

� Existence of “hub” substrates such 
as ATP, ADP, NADP, NADPH

(Carrier Metabolites)
a: A. fulgidus

b: E. coli

d: C. elegans

e: Average (43 organisms)

H. Jeong et al. , Nature 407, 651 (2000)
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Distances in Metabolic Networks

Distance distribution
relatively constant,
small diameter

H. Jeong et al. , Nature 407, 651 (2000)

In-degree Out-degree

Average degree 
increases with network 
size

E. coli

Paths defined to connect reactants to products, the average distance 
(diameter) is calculated on the reachable pairs only 



Clustering-degree relation in metabolic networks

Average clustering 
coefficient of nodes 
with degree k

Ravasz et al., Science 297, 1551 (2002)

Open symbols: a 
model with similar 
degree distribution

Straight line: 1k~)k(C ----



Characterizing the edges of metabolic networks

Flux Balance Analysis can be used 
to determine the flux for each 
reaction

Edwards, J. S. & Palsson, B. O, PNAS 97, 5528 (2000).
Edwards, J. S., Ibarra, R. U. & Palsson, B. O. Nat Biotechnol 19, 125 (2001). 
Ibarra, R. U., Edwards, J. S. & Palsson, B. O. Nature 420, 186 (2002).



Global flux organization in the E. coli metabolic network

E. Almaas, B. Kovács, T. Vicsek, Z. N. Oltvai, A.-L. B.  Nature, 2004; Goh et al, PRL 2002.

SUCC: Succinate uptake
GLU : Glutamate uptake

Central Metabolism,
Emmerling et. al, J Bacteriol 184, 152 (2002)



3. Genome-wide transcription networks

• Contract gene, mRNA and protein into a single node, describe transcriptional 

regulation as a directed gene-gene edge

• Input nodes (sources): TFs that are not regulated at the transcriptional level

• Output nodes (sinks): non-TF genes, others are both regulators and regulated

• Origon: subgraph that starts at a certain source.

sinks

sources

Balázsi, Barabási and Oltvai, PNAS  102, 7841 (2005)

E. coli transcription network



Indegree
= nr. of TFs

Outdegree=
nr. of targets 

Out-degree distribution long -
tailed, in-degree distribution 

more limited

S. cerevisiae
Guelzim et al,  Nature Genetics 31, 60 (2002)

Lee et al,  Science 298, 799 (2002)



Other features of transcriptional regulatory 
networks

• No strongly connected component in E. coli and yeast - a 
unidirectional regulation mode. 

• The subgraphs found by following the paths that start from 
non-transcriptionally regulated genes have relatively little 
overlap - distinct environmental signals tend to initiate 
distinct transcriptional responses. 

• The source – sink distances are small in networks, 
e.g. the longest regulatory chain has only four (in E. coli) 
and five (in S. cerevisiae) edges. 



Regulatory motifs

• Regulators (TFs), blue circles

• Genes, red rectangles

• Dashed edges mean translation Lee et al,  Science 298, 799 (2002)

Feedforward loop:
convergent direct and
indirect regulation; noise
filter
Single input module:
one TF regulates
several genes; temporal
program
Bifans: combinatorial 
regulation
Scaffold: protein complexes
Positive and negative motifs: 
Balance: homeostasis
More positive: long-term info
storage

Shen – Orr et al., Nature Genetics (2002)



Regulatory themes R: transc. reg
P: prot. Interaction
H: seq. homology
X: correlated expression

Zhang et al,  J. Biol 4, 6 (2005)

Feed-forward

Co-regulation

Co-pointing

Protein complex



Condition-dependent  transcription sub-networks

Endogenous
•Complex TF combination
•Few targets per TF
•Long path length
•Interconnected TF
•Many FFL

Exogenous
•Simple TF combination
•Many targets per TF
•Short path length
•Few interconnected TF
•Single input motifs

Luscombe et al,  
Nature 431, 308 (2004)



4. Signal transduction pathways

Nodes: proteins, signaling molecules
Edges: ligand/receptor binding, protein-protein interactions, .. 
information transfer

E. coli bacterial chemotaxis
signaling network

receptorsligands output



ABA signal transduction network

Red: enzymes
Blue: transport
Orange: small 
molecules
Green: sign. transd.
proteins
Black points:
unknown 
intermediary
nodes

Li, Assmann,
Albert,
PLoS Biology
2006



Data (binary interactions) collected form the experimental literature
System of interacting cellular components involved in phenotypic
behavior 

Edges can be directed or
undirected (neutral)
Directed edges are activating
or inhibitory

Signal transduction network of the 
hippocampal CA1 neuron

Ma’ayan et al, Science 309, 1078 (2005)

In and out degree distributions 
are scale free

Highest degree nodes:
MAPK, CaMKII, PKA and PKC 



Build subnetworks that start at a specific ligand
Signal propagation can be traced by looking at links per step
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Motif abundance, homeostasis, and plasticity

Motif counts increase linearly with steps for all regulators – preferential
paths to key effectors;
Positive and negative motifs are balanced for glutamate and BDNF -
homeostasis;
More positive than negative FBL and FFL in NE – long- term info storage

Feedback loops 

Feed-forward loops

Rapid-change ligands engage more motifs in fewer steps;

At early steps, more FFL than expected; at later steps, more +FBL

than expected

bifans

scaffolds



Intercellular network

Thakar et al 
PLoS Comp 
Bio 2007

Positive
feedback -
mediated
by pro-infl.
cytokines

Double
negative
feedback

Self-loops



Models of biological networks



Evolving network models

• The question of how scale-free topologies arise can be 
addressed by modeling network assembly and evolution.

• Barabási-Albert (BA) model
– Growth - increase of number of nodes and edges over time
– Preferential attachment - nodes with higher degree have 

greater probability of acquiring a new edge
– Power-law degree distribution, degree-independent 

clustering coefficients, small average clustering coefficient, 
small distances

• Other models – non-linear attachment, initial attractiveness, 
accelerated growth, aging, fitness , node loss, hierarchical 
modularity

• Biological networks evolve in evolutionary time, from one 
organism to another. Many genes and interactions among 
genes/gene modules have been conserved through evolution. 
Mechanisms of change: gene duplication, mutations, functional 
coupling, recombination.



Duplication-divergence models

Edge loss with 
prob. d

Correlated connections (C): only the duplicated gene loses/ gains edge   
Uncorrelated connections (NC): edge can be added or removed between
any pair of nodes in the network.

Gene duplication

Edge gain
with prob. a

Pastor-Satorras et al., Journ. Theor. Biol 22, 199 (2003)



Network properties

Assume size- dependent edge gain
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Predictions based on network analysis:

Network resilience
Functional classification of proteins



Resilience of cellular interaction networks

• Perturbation: knockout mutation of a gene. This means that all 
products of this gene (mRNA, protein) will be absent.

• Measured outcome: phenotype (e.g. growth behavior) of the mutant
strain.

• The literature aims to correlate topological measures of the gene 
product (usually a protein in a protein interaction network) with the 
phenotype of the gene mutation.

• Caveats
– The gene knockout may be incompletely represented by the loss 

of a protein node in a protein-protein interaction network
– The effects of knockouts propagate through the network



Data: systematic deletion of S.cerevisiae
genes

• 5196 gene knockout yeast 
strains

• 19% of genes essential –
without them the yeast does not survive 

• 15% of knockouts show slow growth

• 15% of strains show different cell 
size/shape

Giaever et al. 2002 Nature 418: 387



Correlating yeast gene essentiality and protein
degree

H. Jeong et al., Nature 411, 41 
(2001)

Green – random node removal
Red – removal of highest degree 
node at each step.

Start with yeast protein interaction network 
and knowledge of essential genes.

The network is resilient to random node
removals but susceptible to the loss of the
highest degree nodes 

Group proteins by degree, determine 
the percentage of essential genes (that 
encode these proteins) in each group.

Highly connected proteins are more essential



Node categories: 
Essential
Toxicity modulating – growth inhibition of mutant after exposure to DNA 
damaging agent
No phenotype

Construct subgraphs of these three node types, focus on the giant connected
components

Said, et al. 2004 PNAS 101: 18006

Essential subgraph has highest 
average degree

Essential subgraph has smallest 
average path length.

The network of important nodes is more connected 



• Nodes – metabolites, edges –
reactions

• Gene knockouts – removal of the 
reaction catalyzed by enzyme

• Determine the lethality fraction of 
edge or node removal from nodes 
of given degree 

• Relatively narrow range of lethality 
fraction in case of edge removal

• Very highly connected metabolites 
are 100% lethal, but…

• The lethality fraction of some less 
connected nodes is higher than the 
lethality fraction of more connected 
nodes.

Resilience of metabolic networks

Mahadevan et al. 2005 Biophys. Jour. 88: L07-09

Edge removal

Node removal



Integrated network predicts interaction modules 

• Data used: Co-
expression, gene 
fusion, phylogenetic
profiles, co-citations, 
protein interactions in 
yeast

• likelihood of functional 
linkages:

Dense regions in integrated network correspond to
functional modules
Colors – modules
Sizes proportional to number of genes.

Linkages
Experimental
evidence

Prior expectation



Predict functionality of proteins based on 
interaction network

Networks considered: clustering of co-regulated genes, protein complexes, 
protein interactions
Functional classification based on consensus of interaction partners (“guilt by
association”)

Lee, et. al. 2004 Science (306) 1555-58
Vazquez, et al. 2003 Nat. Biotech. (21) 697-700

(2) – budding, cell polarity, 
filament formation

(12) – nuclear organization



Determine functional orthologs by network alignment 

Gene duplication

The network supports functional orthology that is not synonymous with best
sequence similarity

Orthologous
supgraphs

Bandyopadhyay, et. al. 2006 Genome Research 16: 428-35



Dynamics of biological networks



Network analysis needs to be complemented 
by dynamics

• Topology intertwined with function and dynamics

• Not all interactions are realized (active) at the same time!

• Topological analysis needs to be focused towards answering 
function – oriented questions
• Dynamical modeling is necessary to investigate the timecourse of 
the processes represented by networks

synergy

filter

amplification

homeostasis



Toward network dynamics

Network topology needs to be complemented by a description of
network dynamics – states of the nodes and changes in the state

First step - pseudo-dynamics: propagation of reactions in
chemical (interaction) space, starting from a source (signal)

This can only be done in directed networks. In effect we use topological 
analysis as a proxy for dynamic information on signal propagation.

Q: What topological properties should be studied and what dynamic 
properties do they reflect?



Pseudodynamic signal propagation

Act., dist. 2
Act., dist. 4
Inh., dist 2



Pseuldodynamic effects of knockouts



Forward and reverse dynamic modeling

Dynamic modeling of interaction network:
Input: components; interactions; states of components
Hypotheses: interactions; kinetics (rates, parameters)
Output: behavior of components in time
Validation: capture known behavior 
Explore: study cases that are not accessible experimentally

change parameters, change assumptions

Reverse problem: Network inference from dynamic information:
Input: components; states of components (in time)
Hypotheses: regulatory framework
Output: proposed regulatory network
Validation: capture known interactions



Network inference



Continuous and deterministic methods

A deterministic inference correlates the rate of change in expression
level of each gene with the levels of other genes.

The functional forms of these interdependence relationships are
usually postulated (e.g. linear combination), and the coefficients
are determined. 

Pros and cons :
– can be quite accurate; 
– accuracy increases as number of experimental time points increases;
– computational intractability quickly becomes an issue
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Inferring gene-regulatory networks in B. subtilis
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Regulatory coefficient 
To be solved for

jby  i of activation�> 0jiw
jby  i of inhibition�< 0jiw

Find the sparsest network consistent with the experimental data: minimize
the number of nonzero wji values.
The inferred network identifies global regulator genes.
The network reproduces the interactions of highly expressed genes 
involved in energy metabolism and signal transduction.



Modeling the dynamics of biological 
networks



Modeling biological systems

First: define the system; collect known states or behavior
Input: components; states of components; interactions
Hypotheses: interaction network, interactions kinetics.
Validation: capture known behavior. 
Explore: study cases that are not accessible experimentally

change parameters
change assumptions

Types of models:      continuous  or discrete
deterministic or stochastic

Continuous and deterministic models - < medium-size networks, 
> medium node abundances.
Stochastic models  - small networks, low node abundances
Discrete models - > medium networks, bimodal node abundances



Review of chemical reaction kinetics

22112211  BbBbAaAa ++++®®®®++++

Aj - reactants, Bj – products; a,, bj – stochiometric constants

Edge means mass flow.

The amount of each species changes in time during the reaction.

Reactants – decrease, products – increase

Law of Mass Action: the rate at which a chemical is produced is
proportional to the product of the reactant concentrations.

Example: CB  A ®®®®++++

kAB
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Steady states in reversible reactions 

If the rates of the forward and backward reactions are equal,

the system is able to reach a steady state where the concentrations

do not change in time. 

Condition of steady state:
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Example: 



Enzyme-catalyzed reactions 

Most reactions in biological systems would not take place at

perceptible rates in the absence of enzymes.

Enzymes are specialized proteins that bind specific reactants,

get them close together, and by this, accelerate the reaction

up to a million times.

In enzyme-catalyzed reactions the rate of product synthesis

depends nonlinearly on the concentration of the substrate.

Michaelis-Menten kinetics:
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Chemical kinetics-like models of cellular 
processes 

Assumption: cellular synthesis and degradation processes can be 

described as simple or enzyme-catalyzed reactions

Ex.: receptor - ligand binding

methylation reactions – catalyzed by methylating enzymes, 

phosphorylation - catalyzed by kinases

dephosphorylation – spontaneous or catalyzed by phosphatases

protein synthesis –catalyzed by mRNA, 

protein degradation – spontaneous or catalyzed

J. Tyson, K. Chen, B. Novak, Curr. Opin. Cell Biology 15, 221 (2003) 



Kinetics of protein synthesis and degradation 

Protein synthesis:   mRNA � protein

Protein degradation:  protein �

Steady state: 

2

1

k
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production
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Kinetics of phosphotransfer

Phosphorylation:   protein � phospho-protein

Dephosphorylation:  phospho-protein � protein

The first reaction is catalyzed by a kinase, assume 

Michaelis-Menten kinetics

Steady state: 
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Dose-response curves for regulated processes

• X – mRNA
• Y – transcriptional activator

• Synthesis is a nonlinear 
function of activator

• Decay is un-catalyzed
• Parameters:

– maximum rate Tmaxr X

– Half-maximal activity KY

– Hill coefficient n
– Half- life HX

Assumption: combinatorial regulation
of synthesis can be approximated 
with similar sigmoidal curves.



From sigmoidals to switches  and Boolean logic

Assumption: components have two main states: ON  (expressed/
active) or OFF (not expressed/ inactive)
The changes in a component’s state depend on its regulatory inputs
and are given by Boolean (logical) rules
e.g. If transcription factor is active, gene will be transcribed,

gene will be expressed at the next timestep

The definition of the timestep is model-dependent.

01

10

X*Y

111

001

010

000

X*Y2Y1

111

101

110

000

X*Y2Y1

X*= NOT Y X*= Y1 AND Y2 X*= Y1 OR Y2



Examples of dynamical models



Example: Modeling the segment polarity gene network

First: System is  biologically defined; known expression patterns
Input: segment polarity genes
Hypotheses:

continuous model: transcription factors act as enzymes
Boolean model: mRNAs and proteins act as switches

Validation: reproduces known gene expression patterns.
Explored: changes in kinetic parameters

mutations
changes in initial conditions

Insight: topology is a main source of robustness.

G. von  Dassow et al., Nature 406, 188 (2000)
R. Albert, H. G. Othmer, Journ. Theor. Biol. 223, 1 (2003)
M. Chaves, R. Albert, E. Sontag Journ. Theor. Bio. 235, 431 (2005).
M. Chaves, E. Sontag, R. Albert, IEE Proc. Systems Biology 153, 154  (2006).



Segmentation of the fruit fly embryo

• Cell differentiation is based on differential gene expression.

• The segment polarity genes determine and maintain the parasegment
borders.

Syncytial blastoderm, 1h End of gastrulation, 7h



Segmentation is governed
by a cascade of genes

Transient gene 
products, 

initiate the next 
step then 

disappear.



The role of the segment polarity genes

• The segment polarity genes are initiated by the pair-rule genes
• Several segment polarity genes are expressed (active) in 

stripes that are repeated in every fourth cell.
• These genes interact via a complex regulatory network.   
• The expression pattern of the segment polarity genes is 

maintained for 3 hours.
• The parasegment borders appear between the cells 

expressing the two most important segment polarity genes, 
engrailed and wingless.



Segment polarity genes

Gene products form a network that maintains a gene expression pattern 
initiated in an earlier stage.  

Genes                                                      Proteins
•wingless (wg)                        Wingless protein (WG) - secreted
•hedgehog (hh)                       Hedgehog protein (HH) - secreted
•engrailed (en)                        Engrailed protein (EN) - transcription factor
•patched (ptc)                         Patched protein (PTC) - receptor
•smoothened (smo)                Smoothened protein (SMO) - receptor
•sloppy paired (slp)                 Sloppy paired protein (SLP) - transcription factor
•cubitus interruptus (ci)           Cubitus interruptus protein (CI) 

Cubitus activator (CIA) - transcription factor
Cubitus repressor (CIR) - transcription factor



Evolution of gene expression patterns

ci en ptc

en hh wg

early stages

2:50 h

pre-pattern 

3:00-3:30 h

stable pattern

4:20-7:20 h

3:30 h



Wild type, stable gene patterns

•en is expressed in the anterior part of the parasegment.
•wg is expressed in the posterior part of the parasegment.
• parasegmental grooves form between the wg and en stripes.

• two ptc stripes in each parasegment.
• ci pattern is complementary to that of en.

wg en wg en



Gene interaction network in the von Dassow
model  

oval:  mRNA
rectangle: protein
octagon: protein complex

inhibition
transport



Competition between a transcriptional 
activator and a transcriptional repressor 

Transcriptional activation



The 2D pattern is reduced to 1D.
The gene expression is essentially 
binary (ON in some cells, OFF in 
others ), and has a period of 4 cells.

Shown is the wild type steady
state pattern of the segment 
polarity genes. Each row corresponds 
to an mRNA or protein.

Black – no/low expression
Colored – moderate/high expression

Gene expression patterns

G. von  Dassow et al., Nature 406, 188 (2000)



• Start from the wild type initial condition for en and wg

• Generate a set of kinetic parameters from the biologically relevant 
range (48 unknown parameters)

• Run the simulation until steady state is reached.

• Use threshold (>6% of maximal concentration) to decide whether 
node is ON or OFF.

• Compare with wild type pattern, if the same accept as a solution

Simulations



The 2D pattern is reduced to 1D, assume cells are hexagonal

Gene expression patterns in the model

wild type model solution

Q: Can you spot differences between the real and model pattern?



The von Dassow model has 13 equations and 48 unknown 
parameters.

Systematic search shows that 1 in every 46 parameter combinations 
lead to wild type final patterns. The others are not good.

The parameter combinations leading 
to wild type steady states are 
distributed homogeneously in the 
biologically relevant parameter space.

It is not the fine-tuning of the kinetic rates but the overall network 
topology what matters.

Robustness to parameter changes



Segment polarity network in the Boolean 
model  

PROTEIN

mRNA

PROT
COMPL

cell neighbor cell

translation,
activation,
modification

repression

R. Albert, H. G. Othmer, Journ. Theor. Biol. 223, 1 (2003)



• Transcripts and proteins are either ON (1) or OFF(0).

• The expression of a node at timestept is given by a logical rule of the 
expression of its effectors at time t-1.

• Transcription depends on transcription factors; repressors are 

dominant.

• Translation depends on the presence of the transcript.

• Transcripts and most proteins decay if not produced

• Transcription, translation, mRNA/protein decay on the same 
timescale, protein binding faster.

Synchronous Boolean model



Rules for transcription and translation
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Ingredients of the model

Components: mRNAs and proteins
State: expressed or not in a certain cell
Expression pattern:

Initial state  - updating rules - steady state
The updating rules are determined by the network of interactions.

cell with node ON

cell with node OFF



Start the model from an initial state giving the 
prepattern of all nodes 

Parasegment with four cells

cell with node ON

cell with node OFF

Wild type initial state: wg in the last cell of the parasegment, 

en/hh in the first cell of the parasegment, ptc and ci complementary to en,

no proteins.

SLP

The patterns are assumed to be 
identical in each parasegment. 

Two cells of a previous/ 
next parasegment



The model reproduces the wild type steady 
state 

wt initial state steady state

The interaction network and the net effect of 
the interactions (with reasonable assumptions 
on timing) is enough to capture the functioning 
of the network.

wg en

ptc



What happens if the network is perturbed?

The most severe perturbation is caused by gene mutations.

To model a null mutation, we assume that the mRNA is kept
OFF, thus the protein cannot be translated.
The effects of the mutation propagate throughout the network.

The model correctly captures all null mutant experiments.



Model correctly reproduces experimental 
results on knock-out mutants

wild type

wg

hh mutant

Gallet et al., Development 127, 5509 (2000)

ci mutant

wild type ci mutant ptc mutant

en

Tabata, Eaton, Kornberg, Genes & Development 6, 2635 (1992)
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4
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8
8

16
16
16
8
8

16

How many initial states lead to the wild type 
steady state?

minimal prepattern steady state

Total number of wild-type inducing prepatterns: iN611 108106 ----´́́́====´́́́



Dynamical repertoire: four steady states

wild type

broad lethal

displaced

ectopic furrow no segmentation



Asynchronous model

1. different update time for each node 

2. select a random update order in each timestep

where        is a permutation of the nodes.

3. assume that posttranslational processes are always faster
than pre-translational ones

)(1 iNkT kk
i ffff++++====++++

i
k

i kT gggg====

kffff

),()( k
mRNA

k
prot

k i ffffffffffff ====mRNAprot gggggggg <<<<

The assumption of a common duration of transcription, translation and 
degradation is not always realistic.

Let us assume that nodes are updated asynchronously (non-
simultaneously), and see how the results change.
Three algorithms:



Explore all possible durations 

Start from the wild type initial state.

Select the update times or update order uniformly randomly
Update times stay the same
Randomize the update order in each step.

The steady states of the model are the same as the synchronous
model’s, but now oscillations are also possible.

The system is not deterministic anymore: the same initial condition 
can lead to different steady states, depending on the order of update.

Determine the incidence (probability ) of the different steady states.



Asynchronous update causes that the WT initial 
state leads to a variety of steady states 

1%displaced

15%lethal

24%broad

60%wild type

Incid.Steady state

random order

0%displaced

0%lethal

12.5%broad

87.5%wild type

Incid.Steady state

two-timescale

M. Chaves, R. Albert, E. Sontag, Journ. Theor. Bio. 235, 431 (2005).



• Each node is characterized by both a continuous and a Boolean 
variable.

• Xi  is defined by the threshold rule

• Compared to                                                  , this assumes 

maximal synthesis rate = decay rate=  a i 

( )i,i
i X̂..)XX(B

dt
X̂d

-= 21a
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ii
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X

q
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 if      1

  if      0

Continuous-Boolean hybrid model 

M. Chaves, E. Sontag, R. Albert, IEE Proc. Systems Biology (2006)



Wild type behavior is reproducible

0

2



Hybrid model more robust than asynchronous 
Boolean model

hybrid model
asynchronous

• Scale-separation: choose the scale factors from AmRNA and Aprot

• Faster protein synthesis/decay
• Start from WT initial condition, calculate incidence of steady states

If protein scale factors disjoint 
from mRNA scale factors, the 
only possible 
steady state of the hybrid 
model is the WT.

Interval separation,
min(aProt)/max(amRNA)

Scale-separation



Can we find the cause of the divergence?

• The expression of CIA and CIR needs to be complementary in all CI-
expressing cells

• If a perturbation of cellular process durations leads to an imbalance 
between CIA and CIR, the wild type steady state becomes 
unreachable.

• Only CIA  - broad stripes; only CIR - no segmentation
• The condition of CIA/CIR complementarity in the two-timescale 

algorithm  is that PTC be initiated before SMO –true biologically

The two CI transcription factors
have opposite regulatory roles

The post-translational modification
of CI is regulated in a binary fashion.



Interplay between topology and function

• The network contains two activating clusters  that inhibit each other in 
each cell, en, hhand ci, wg, ptc

• At the same time enand wg enforce each other in neighboring cells 
through the secreted proteins HH and WG

• SLP is a  regulatory source that maintains asymmetry and limits enand wg
to different halves of the parasegment.



Example 2: Modeling drought signaling in 
plants

Phenomenon: abscisic acid induced closure of plant stomata

Hypotheses: network inference from indirect information
protein activity is switch-like

Validation: reproduces known wild type and disrupted behavior.
Explored: disruptions

changes in initial conditions
changes in timing

Insight: variability in timing and initial conditions does not matter
65% of perturbations have no negative effect
identified critical perturbations

S. Li, S. Assmann and R. Albert, PLoS Biology 4, e312 (2006).

ABA



CO2 H2O

Stomatal sizes are determined by the 
turgor (fullness) of the guard cells .

The latter is orchestrated by a 
complex signal transduction 
network .

The exchange of O2 and CO2 in 
plants occurs through stomata .

90% of the water taken up by a plant 
is lost in transpiration.

Stomata and guard cells



During drought conditions plants 
synthesize a hormone called abscisic 
acid (ABA).

ABA initiates a signal transduction 
network of its own to close stomata .

How is this crucial process being 
orchestrated, and how is its sensitivity 
and reliability maintained?

Cells turgid
Stoma open

Cells flaccid
Stoma closed

Light,  low CO 2
high humidity

Darkness, high CO 2

low humidity 
ABAABA

Modeling abscisic acid (ABA) signaling in plants



• Genetic & pharmacological perturbations of putative mediators
Compare input - output (ABA- aperture change) relationships 
in normal and perturbed plants 

• Biochemical evidence for interaction

• More than 20 components implicated – signaling proteins, small 
molecules, ion channels
• Need to gather the clues and determine how they fit together.

Experimental observations mainly indirect

ABA Closure

K+ effluxCa2+
c 

increase

membrane 
depolarizationNO, S1P, IP3

ABI1



Network construction from indirect evidence

– nodes: all proteins, chemicals, ion channels implicated in the process

– compress biological information into activation or inhibition

– hypothesis: indirect causal relationships and processes correspond to 
paths                  ABA           ion flow,   ABA         Sph kinase activity

– activating or inhibiting effects on processes represented as 
intersection of two paths      SphK (ABA           closure)

Need to determine the closest target of each node

interaction Node/Process BNode A

Arabidopsispromotes SphKABA

Arabidopsispartially promotes ABA ® AnionEMSphK

Commelina
communis

promotes ABA ® closurePLC

species



Network reduction
Find the most parsimonious (least redundant) network that incorporates all
nodes and known processes. 

• Introduce intermediary nodes
• Contract intermediary nodes
• Review and revise 



Software development for network reduction
Find the most parsimonious (least redundant) network that incorporates all
nodes and known processes. 

Two main algorithms: 
1. binary transitive reduction with critical edges

Transitive reduction: find a subset of edges such that for each edge in the
original graph there corresponds a path in the reduced graph.
Binary transitive reduction: the sign of the paths needs to be maintained.
Critical edges: they correspond to direct interactions and should not be eliminated.

2. pseudo-vertex collapse
Merge a pseudo-vertex (intermediary node) with a real node or another 
pseudo-vertex if the nodes that can reach/can be reached from them, including the
sign of the paths, are identical. 

Implementation: NET-SYNTHESIS
http://www.cs.uic.edu/~dasgupta/network-synthesis/

R. Albert, B. DasGupta et al, Journ. Comp Biology 14, 927 (2007).
S. Kachalo et al., Bioinformatics 24, 293 (2008).



enzymes, signal transduction proteins, transport,  small molecules
• intermediary nodes,         inferred edges



Two paths of
Ca2+ activation

At least three 
separate 
ABA-closure
paths,through 
Ca2+, through pHc

and through actin

>3 nodes need to be simultaneously disrupted to block all ABA- closure paths.
But are all paths dynamically independent?

Path redundancy suggests robustness to perturbations



What additional information is essential for describing 
the flow of information during this process?

Inhibitors – block the signal
Conditional activation 
Independent activation

Boolean framework: 
NOT, AND, OR
States: active/high/open,
inactive/low/closed

Ca2+
c* = (CaIM or CIS) and not Ca2+ ATPase

Closure* = (KOUT or KAP) and AnionEM and Actin and not Malate



Handling the lack of timing and state 
information

• Set internal nodes randomly to 0 or 1 to mimic the noise in the 
internal environment of the guard cell.

• Apply ABA=1 .
– In  a random order, update every node according to its 

Boolean rules.
– Check the status of the Closure node (1st timestep)
– In  a different random order, update every node according to 

its Boolean rules.
– Check the status of the Closure node (2nd timestep).
– Etc.

• Do this for 10,000 randomly chosen starting conditions.

• At each timestep, calculate the percentage of Closure=1 in this 
population of 10,000 in silico guard cells = Percentage of 
Closure.

• Carry out the same simulation with individual nodes disrupted 
(set to 0) to mimic knockout mutations, etc.
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Results: normal behavior, +ABA 

• Percentage of in silico stomata that are closed after ABA treatment 
reaches 100% by 8 timesteps.

+ABA



Results: normal behavior, -ABA 

• Percentage of in silico stomata that are closed in the absence of 
ABA treatment reaches 0% by 6 timesteps.

0%

20%

40%

60%

80%

100%

0 2 4 6 8

Time Steps

P
er

ce
nt

ag
e 

of
 C

lo
su

re

- ABA

+ABA



Model reproduces known abi1
hypersensitivity 

0%

20%

40%

60%

80%

100%

0 2 4 6 8

Time Steps

P
er

ce
nt

ag
e 

of
 C

lo
su

re abi1: known ABA 
hypersensitive

Wildtype with ABA

Wildtype without ABA



Results: dynamic effects of knockouts

� Normal response of simulated population to ABA stimulus. 
ABI1 knockout mutants respond faster.
Perturbations in Ca2+ lead to slower response at the population level.

Perturbations in  pH lead to decreased sensitivity at the population level.
Perturbations in anion flow lead to insensitivity.
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Experimental validation of Ca2+ and 
pH prediction

Normal: “open” and
“closed” state
distinguishable

pHc disrupted: “open”
and “closed” state
indistinguishable

Ca2+ disrupted: “open”
and “closed” state
distinguishable

Aperture in mm

P
er
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nt
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e



The topology of regulatory networks has a major role in determining 
their dynamical  behaviors.

Biological network models should make testable predictions.
Experimental testing will lead to improved models and better 
understanding of biological systems.

This research field is very interdisciplinary and needs teams of
investigators trained in physical and biological sciences.

Lecture notes: phys.psu.edu/~ralbert/teaching
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