
Overview

1. Integrative data analysis

2. Network analysis

3. Structural kinetic modeling



Sequences, gene expression, 
metabolite and protein profiles

Mass spectrometry
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17 samples

37 metabolite peaks that were identified could be assigned to compounds 
representing the TCA cycle (1–5), glycolysis (6–9), amino acids (10–29) 
and lipids (30–37).

Glioblastoma multiforme (GBM)



Example: Citric acid (TCA) cycle analysis 



TCA cycle: More details



TCA cycle + profile data



Correlation matrices



Correlation networks

BioSystems 105(2011)130-139
Comparison of metabolite profiles in U87 glioma cells and mesenchymal 
stem cells. 
Jürchott, K, Guo KT, Catchpole G, Feher K, Willmitzer, L, Schichor, C, Selbig J 



• metabolites are not independent from each other

• the complex dependence or modular structure of
cellular components may not be revealed by examining
pairwise correlations in isolation

• random matrix theory (RMT) was applied before to
transcriptomic data to search for a block diagonal 
structure in gene correlation matrices

Network modularity



RMT

Information Processing in Cells and Tissues, LNCS 7223, 2012, Lones MA (Eds.), 82-89
Tailored strategies for the analysis of metabolite data.
Feher K, Jürchott K, Selbig J 
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Robustness of biological systems
Maintainance of normal performance in presence of 
perturbations.

Of interest is the relation between phenotypic 
characteristics of biological systems and the 
interdependent structure and dynamics of its 
components.

Network-based analysis of biological systems offers 
the possibility to relate system robustness to the 
structure and interconnectedness of the system's 
components.

BioSystems 106(2011)1-8
Robustness of metabolic networks: R review of existing definitions. 
Larhlimi H, Blachon S, Selbig J, Nikoloski Z 



Network representation of biological systems

A set of components together with reactions responsible for their 
conversion.

• in a metabolic network, the set of components is given by the 
metabolites which are transformed through biochemical 
reactions (often catalyzed by enzymes) 

• in a gene-regulatory network, the set of components are 
genes and their products (proteins) affecting gene transcription

• in a protein–protein interaction network, the set of 
components are proteins whose state (representing 
phosphorylation, methylation, acetylation, adenylation, or 
ubiquitination modifications) is altered via enzymatic reactions



Representation of metabolic networks

Reaction Reaction equation

1 1 B → 1 C

2 1 D → 2 B

3 2 B → 1 A + 1 E

4 1 A + 1 E → 1 F

5 1 F → 2 B

6 1 B + 1 C → 1 D

Different representations of metabolic network 
topology result in strikingly different definitions 
for the robustness of metabolic networks. 

Dynamic behavior 
of a metabolic 
network can be 
captured as a 
system of ordinary 
differential 
equations 



Robustness from network structure

Given a set of metabolites, SCOPE* analysis computes the 
set of all metabolites that can be synthesized by the 
metabolic network starting from the given metabolites. 

A metabolite can be synthesized by a reaction if and only if all 
substrates of the reaction are present, resulting in an iterative 
procedure to determine the scope. 

The inverse scope problem consists in determining the set 
of metabolites necessary for synthesis of a given set of 
metabolites.

*J Mol Evol 61(2005)498-512
Expanding metabolic networks: Scopes of compounds, robustness 
and evolution. 
Handorf T, Ebenhöh O, Heinrich R



Genetic robustness
To characterize genetic robustness, a reaction is knocked 
out, followed by verifying the condition that the network is still 
able to produce metabolites involved in biomass production.

A reaction is then called non-essential if its removal is not 
lethal.

Given a network with m reactions, let mne denotes the 
number of non-essential reactions. 

Genetic robustness is defined as the ability of an organism 
to survive to random mutations, and can be quantified by:



Robustness of dynamics from network structure
CRNT* establishes the relation between the stoichiometric
matrix, the structure of the reaction network, and the dynamic 
behavior of the network (e.g., multistability, oscillations).

For instance, if a specific quantity - the deficiency - is zero, 
then no system of ODEs with mass action kinetics that can 
be derived from the network admits multiple steady states (or 
sustained oscillations), regardless of the rate constants.

• r rank of stoichiometric matrix N with m columns
• q be the number of complexes in the reaction network

there exist m − r conservation relations, specifying which 
linear combinations of species’ concentrations is constant.

*Science 327(2010)1389-1391
Structural sources of robustness in biochemical reaction networks. 
Shinar G, Feinberg M



Stoichiometric compatibility class
Each conservation relation gives rise to a stoichiometric 
compatibility class.

Multistationarity corresponds to the existence of more than 
one steady state in one stoichiometric compatibility class. 

Let l be the number of linkage classes or connected 
components. Each linkage class can further be decomposed 
into strong linkage classes. A strong linkage class is the 
maximal strongly connected subgraph of the directed 
graph associated to a chemical reaction network. 

If no edge from a complex inside a strong linkage class to a 
complex outside exists, we have a terminal strong linkage 
class. 



CRNT example

• linkage classes are surrounded by solid lines
•strong-linkage classes are surrounded by dashed lines
•non-terminal nodes are indicated by green color
• terminal ones are colored pink



Deficiency of a chemical reaction network
δ = q − l − r

It can therefore be calculated directly from the structure of 
the network and the stoichiometric matrix. 

The deficiency can be used to draw conclusions about the 
existence of bistability.

Those elements of a mass action system whose 
concentration assumes only one value under the given 
internal conditions (specified by the reaction rates) is said to 
show absolute concentration robustness (ACR).

ACR reduces the degrees of freedom in bringing the system 
to its original state after a perturbation. 



CRNT example

• seven complexes (q = 7)

• two linkage classes (l = 2) 

• rank of the stoichiometric matrix is four (r = 4)

δ = 1

Since the non-terminal nodes B and B + C differ only in 
species C, the metabolic network has absolute 
concentration robustness in metabolite C. 



Robustness in constraint-based approaches
The core paradigm of constraint-based approaches is that, 
rather than attempting to predict exactly what a metabolic 
system does, one could narrow the range of all possible 
behaviors this system can display under certain physico-
chemical constraints. In this approach, the constraints 
define the space of all possible attainable behaviors of a 
metabolic network, each representing a possible metabolic 
phenotype.

The possible steady-state flux distributions define a 
polyhedral cone, called the steady-state flux cone. 

Robustness refers to: 

• optimization-based methods
• network-based pathway analysis



Steady-state flux distribution



Flux balance analysis (FBA)
Optimization-based approaches assume that metabolic 
networks operate towards optimizing a given objective, 
for instance growth rate. 

This simple optimization principle has been widely used for 
many studies, such as predicting the optimal performance of 
a metabolic network under a range of growth conditions, 
studying gene essentiality and identifying targets for 
metabolic engineering.

Robustness to mutations can be quantified by the 
similarity between the flux distribution displayed by the mutant 
strain and the optimal flux distribution prior to the genetic 
perturbation.



Elementary flux mode (EFM) analysis

An elementary mode corresponds to a steady-state flux 
distribution involving a minimal set of reactions. This 
concept is related to that of a minimal T-invariant in Petri net 
theory.

In addition, elementary modes are strongly related to 
extremal currents, extreme pathways and minimal 
metabolic behaviors.

In addition to their simplicity property, the set of elementary 
modes spans the steady-state flux cone. In other words, each 
steady-state flux distribution can be expressed as a non-
negative linear combination of elementary modes.



EFM example

Two EFMs defined respectively by the minimal set of 
reactions {R1, R2, R6} and {R3, R4, R5} and colored in 
blue and red.



Robustness



Motifs in networks

• subnetworks that occur 
in a network far more 
often than in 
randomized networks

• network function can be 
understood in terms of 
basic computational 
building blocks (motifs) 



Finding motifs

• problem: find a small graph (motif) in a larger graph

• idea: find maximal common subgraph 

• maximal common subgraph can be found by 
detecting maximal cliques in modular product graph

• Bron-Kerbosch algorithm



Network randomization



Properties of (metabolic) networks

Properties of biological systems arise from two fundamental 
origins: 

• physical principles, universally constraining the feasibility 
of biochemical processes, and 

• evolutionary pressure, bearing the specific functional 
abilities required for an organism's vitality 

Application of a randomization method to determine which 
properties of metabolic networks, represented as bipartite 
metabolite-reaction graphs, may result from evolutionary 
pressure, and to better understanding the relation between 
the functional characteristics of biological systems and their 
network representations. 



Switch vs.  mass-balanced randomization

Shortcomings of the switch randomization:
• directionality
• topological salient properties
• biochemical constraints

Mass-balanced randomization: 
• mass equivalence classes for compounds.
• uniform sampling schema

J. R. Soc. Interface 9(2012)1168-1176
Evolutionary significance of metabolic network properties. 
Basler G, Grimbs S, Ebenhöh O, Selbig J, Nikolosli Z



Example: Citric acid (TCA) cycle



Switch randomization
Two reactions 

substrate1 → product1 and substrate2 → product2

are substituted with new reactions 
substrate1 → product2 and substrate2 → product1

ensuring that the vertex degrees remain unchanged. 

Since chemical feasibility is disregarded, a reaction that 
converts α-ketoglutarate into succinyl-CoA may be generated, 
where several atoms are created out of nothing. 

It remains hypothetical to what extent the properties, identified 
as significant with this method, relate to the function of the 
network, as they could well result from universal physical 
constraints imposed during network evolution. 



Mass-balanced randomization

A reaction r with substrate set S and product set P is mass 
balanced if the number of substrate atoms equals the 
number of product atoms:

where ms, mp are the vectors of sum formulas of s and p, 
respectively, and as,r, ap,r their stoichiometric coefficients. 



Gibbs-free energy changes

Distributions of Gibbs-free energy changes under standard 
conditions (ΔrG0 ) in Escherichia coli (black), and averaged 
over 104 mass-balanced (blue) and switch randomized (red) 
networks. 



Evolutionary significance of network properties

Illustration of a landscape of property values over all 
randomized networks.



Small-world property

The small-world property is defined by a large clustering 
coefficient in conjunction with small average path length, 
and the metabolite degree distribution. 

We find that the clustering coefficient is significant in all 
species (p-values < 10−5), regardless of the applied null model.

The average path length is evolutionary significant with p-
values < 0.025 in all species. 

With switch randomization, this property is significant (p-
values < 10−5) in all but S. cerevisiae (p-value =0.77). 



Path lengths (L) and clustering coefficients (C)
Characteristic path lengths (L) and 
clustering coefficients (C) of the six 
investigated metabolic networks 
(black dots) and averaged values of their 
mass-balanced (blue triangles) and 
switch randomized (red crosses) 
ensembles.

Mass-balanced null model: 
characteristic path lengths are small and 
clustering coefficients large.

Switch based null model: characteristic 
path lengths are large and clustering 
coefficients small. 



• networks from data

• modularity of networks

• robustness of networks

• randomization of networks

Summary 
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