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Summary

Simulating living cells in the computer is a great promise. However, before large dynamic models can become real-
ity, the details of biochemical networks have to be revealed and brought to agreement with available metabolome,
proteome, and flux data. Flux analysis and kinetic modelling exist as common frameworks, but model building
and data integration remain complex and are often governed by intuition. As models become larger, more and
more routine steps need to be supported or executed by software. This automation requires theory about model
validity, safe formalisms that capture the intuition of modellers, and modelling approaches that can compensate
for missing data. Moreover, semantic information encoded within the models can enable software to process the

biological meaning of models automatically.

In the past eight years, | have developed concepts and methods to support a dynamic modelling of large metabolic
systems yet to come. In this habilitation treatise, | present these methods and the publications in which they
were developed. The first two sections introduce basic concepts of biochemical modelling with illustrations from
my chapters of Systems Biology - a Textbook. The following three sections extend manual kinetic modelling in
three different directions: first, approaches to fill given networks with standard rate laws and to determine their
kinetic constants. Second, ways to compute the control coefficients in large metabolic systems and to describe
the deterministic or stochastic dynamic close to steady state. Third, concepts for capturing and processing the
biochemical meaning of models, which enable automatic model search, validity checks, and model combination.
All these methods contribute to an efficient construction of biochemical models and to the integration of various

types of biochemical data.



1 Introduction: dynamic in biochemical networks

1.1 The processes of life emerge from biochemistry

All processes of life are based on biochemistry. If we could zoom deep into a living cell, we would find a highly
structured machinery of molecules and macromolecular complexes. Their stochastic but ordered movements,
governed by the laws of chemistry and thermodynamics, constitute life. This materialistic view of biology has its
roots in the second half of the 19t century and was strongly promoted, for instance, by Rudolf Virchow. The
old distinction between living and non-living matter was further challenged when Eduard Buchner proved that
yeast extracts can perform fermentation [Buchner, 1897]. Thus, biological processes could take place outside the
context of a living cell just like other chemical processes. Today, biologists are convinced that the special nature
of living matter lies in the way it is structured and in the dynamic processes that emerge from it. Revealing the
mechanistic details remains the big challenge for molecular biology. In his book “What is life" [Schrédinger, 1944],
Erwin Schrodinger summarised this scientific programme in the question "How can the events in space and time

which take place within the spatial boundary of a living organism be accounted for by physics and chemistry?”.

Biochemical processes in cells are much more complex and organised than chemical reactions in a test tube, and
to understand living systems, we need to consider various levels of organisation aside from mere chemistry. First
of all, macromolecules like proteins or RNA can exert very specific functions, and their blueprints are inherited
via gene sequences and adapted during evolution. However, although many genome sequences are known and
the layout of cellular networks becomes clearer, it is still hard to see how these sequences give rise to dynamic,

self-sustained biochemical processes and to the distinct phenotypes we observe.

In the view of systems biology, biomolecules form the material basis, but life is constituted by the dynamic
behaviour of their interactions, movements, and transformations. The macromolecules in a cell form bio-
chemical reaction systems, which show global dynamic properties like bifurcations, robustness and sensitivity
[Stelling et al., 2004]. Further specific features of cells are their spatial structure and the regulation of chemical
reactions, which allows biological systems to behave stably and flexibly at the same time. Since Monod’s seminal
studies on the transcriptional regulation Lac operon [Jacob and Monod, 1961], it has become clear that informa-
tion encoded in substance concentrations is crucial for cells to orchestrate their internal biochemical processes
and that regulation — e.g.. transcriptional adjustment of enzyme levels — allows them to adapt to challenges by

the environment.

The dynamic in cells is determined by network structures and by kinetic properties of macromolecules, which
are predefined by the genome sequence. However, the phenotype, which is the target of natural selection, only
emerges in the living cell and through the biochemical dynamic. The aim of systems biology is to understand
this connection — how global dynamic arises from individual compounds and their interactions — through massive
data collection and models. In the long run, theory should also explain how cellular networks were shaped
by natural selection, how they are adapted to specific environments, how they deal with unpredictable events
and biochemical noise, and how processes within single cells determine the behaviour of cell populations and
multicellular organisms. The first step towards this aim is to understand how complex biochemical systems are
structured and how they work mechanistically. Tracing all interactions one by one would hardly be possible, but
mathematical models allow us to simulate the dynamic of complex biochemical systems in time, and sensitivity
analyses like Metabolic Control Analysis [Heinrich and Schuster, 1996] can further help to understand the global
dynamics.

This habilitation treatise summarises concepts and methods for metabolic modelling that | developed during the

past years (for an overview, see Table 1). After some general words about metabolic models in this section and

an overview of modelling methods in section 2, section 3 is concerned with the translation of given metabolic
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Method Section References

Network component analysis 31 [Buescher et al., 2012]

Standard rate laws 3.2 [Liebermeister and Klipp, 2006a, Liebermeister et al., 2010]

Parameter dependence scheme 3.3 [Liebermeister and Klipp, 2005]

Parameter uncertainties 3.4 [Liebermeister and Klipp, 2005]

Priors obtained by machine learning 3.4 [Liebermeister, 2005a]

Parameter balancing 3.6 [Liebermeister and Klipp, 2006b, Lubitz et al., 2010]
[Borger et al., 2007]

Elasticity sampling 43 [Liebermeister et al., 2010]

Sampling of interaction effects 4.3 [Liebermeister et al., 2010]

Response to periodic perturbations 4.4 [Liebermeister, 2005b]

Propagation of chemical noise 4.5 [Liebermeister, 2005b]

Model reduction 4.6 [Liebermeister et al., 2005]

Model annotation 5.2 [Krause et al., 2010]

Model merging 5.2 [Liebermeister, 2008, Schulz et al., 2006]
[Krause et al., 2010, Schulz et al., 2011]

Model search 5.3 [Schulz et al., 2011]

Model alignment 5.3 [Schulz et al., 2011]

Model validity criteria 5.4 [Liebermeister, 2008]

Table 1: List of methods described in this habilitation treatise

networks into kinetic models. Parameter balancing, an approach based on standardised rate laws and dependencies
between kinetic constants, allows to determine model parameters by massive data integration. Section 4 describes
how reaction elasticities in large models can be sampled and used to study the dynamic of small perturbations.
In section 5, | present methods for automatic model processing that employ semantic annotations and facilitate
model search, validity checks, and model merging. Further background information about thermodynamic flux
analysis, parameter estimation, or stochastic biochemical models can be found in my chapters of Systems Biology
— a Textbook [Klipp et al., 2009].

1.2 Metabolic networks and their regulation

Metabolism is a central function of all cells. The life cycle of macromolecules starts and ends with small molecules,
which are interconverted by thousands of enzymatic reactions. Like all chemical reactions, these reactions are
governed by thermodynamics, but catalysis by enzymes makes them efficient and controllable. Elements like
compounds, enzymes, and chemical reactions can be depicted in biochemical networks: Figure 1 shows, as
an example, the central carbon metabolism of the soil bacterium Bacillus subtilis and its transcriptional and
allosteric regulation. Reconstructions of metabolic, signalling, and gene regulation networks can be much larger,
comprising thousands of metabolites, chemical reactions, genes, or proteins. The network of enzyme-catalysed
reactions resembles a technical device: many enzyme activities are regulated by small compounds, either by
direct binding or indirectly via transcription factors that adjust the production of enzymes to the current needs.
Aside from metabolic systems, which enable a continuous flow of matter, there are signalling systems which
transmit information. Their elements are usually molecules that can assume different states — e.g., bound or
unbound, phosphorylated or not — and, in turn, can influence the state of other substances. Metabolic networks
and signalling systems are interlinked and form a complex feedback system that allows cells to adapt to external

challenges.

Biochemical

networks



(@) (b)

ATP Metabolite
PEP Pyruvate PEP Pyruvate

Glucose [ext] F6P —{ }—= Ribose-5-Phosphate Glucose [ext] F6P — | Ribose-5-Phosphate CggR Transcription factor
ATP \O ?
GleT
FBP

2
3-Phospho—glycerate

\Z«I—Phosphu—glycerate
P <5
PEF;J) \ s PEP
\ \ Acetate [ext]
ATP

—L—= Reaction

FBP ]
é \o ! ——————0O  Activation/induction

~ |

| :

CggR CepN
————{  Inhibition/repression

Acetate [ext]

Pyruvate Pyruvate [ext] pyrwate ——————— ——— = Pynvaefex]
ATP \ \D\ '
Biomass Biomass |
Oxaloacetate X;\ Citrate| Oxaloacetate Citrate
//\\ \ MalR S
™ <

\
Malate [ext] ——— = Malate /—M 2-Oxoglutarate

10ATP Glutamate

Figure 1: Scheme of central metabolism in the soil bacterium Bacillus subtilis. (a) Metabolic reactions and
allosteric enzyme regulation. The network comprises a simple version of glycolysis, several side branches, and the
citric acid cycle. Lumped reactions between small metabolites (grey ellipses) are shown as arrows with squares.
Allosteric regulation allows enzyme activities to respond rapidly to changing concentrations of small molecules
(blue arrows: activation; red arrows: inhibition). (b) The same network, with transcriptional regulation (blue:
effective activation; red: effective repression). The transcription factors (yellow ellipses) are regulated by small
molecules, which close regulatory feedback loops.

1.3 Mathematical models of biochemical networks

The interplay of molecules in cells is invisible and much too complex to be imagined in all details. Although
we cannot grasp it in its full complexity, we may focus on some relevant subsystems and ask what dynamic
behaviour will arise in them. Mathematical models can help us to do this. In mechanistic models, we depict
processes as we imagine them to happen and translate these pictures into a mathematical form that can be
clearly communicated and used for calculations. The way from a qualitative scheme to mathematical equations
and computer simulations is shown in Figure 2. Mechanistic models are based on physical laws, but due to the
necessary simplifications, they often describe hypothetical “proxy” cells containing just a well-stirred mixture of
chemicals. In fact, these are two of the big challenges in systems biology: finding the right degree of simplification

and designing experiments for which this simplification is justified.

Biological networks are a good starting point for building quantitative models. By analysing their structure, we
can understand important features of a metabolic system, for instance, which biochemical conversions it can
perform. However, biological networks alone do not suffice to understand the biochemical dynamic. If we try to
see how the system in Figure 1 would respond to certain perturbations, e.g., the sudden addition of a nutrient,
we easily get lost. On the one hand, it is difficult to trace all the possible routes of action in a complex system;
on the other hand, the dynamic behaviour depends on quantitative details that are not part of the picture. To
create quantitative models, we need to fill the network with rate laws describing the specific kinetic properties
of enzymes. By “assigning numbers to the arrows” [Ronen et al., 2002], we can turn networks into dynamic

mathematical models and use them for quantitative simulations.

Mathematical models have a long tradition in biology and biochemistry (see [Lotka, 1925] for an early example).
Since the seventies, metabolic pathways have been studied intensively with the help of flux analysis and metabolic
control analysis. However, comprehensive cell models became a realistic vision when high-throughput technologies

started to provide data on a genome-wide scale. Since the success of DNA microarrays, technology advanced and
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Figure 2: The process of modelling from biological systems to numerical simulation. To describe the expression of
two genes in bacteria (a), we consider their transcript numbers as relevant variables (b) and depict their production
and degradation in a simple scheme (c). This scheme can be translated into rules defining a stochastic process
(d) or into differential equations describing the average concentrations of transcripts (e). Numerical simulation
yields time courses (f) which can then be compared or fitted to experimental data. Figure from Systems Biology
— a Textbook with kind permission.

metabolome, proteome, and flux data became available. The emergent field of systems biology had to join two
traditions, small prototypical models from mathematical biology and statistical analyses of high-throughput data.
Eventually, efforts from both sides may converge into detailed models, which explain high-throughput data within
a common frameworkand as the output of an understandable biological system. Such models will serve several

purposes:

1. Models provide a language to describe how biological systems are structured and how they work. In contrast
to verbal descriptions or graphical schemes, they also allow to simulate their dynamic. In the future,
simulations may replace some experiments, allowing us to test the effects of drugs or genetic modifications

and to determine variables that cannot directly be measured.

2. By comparing model predictions to data, we can test the mental picture that a model relies on. As long as
a model has not been falsified, we can assume that it captures all relevant processes and describes them

reasonably well.

3. Models are becoming increasingly important for data analysis because they can integrate different types of
data —among others, metabolite and enzyme concentrations, metabolic fluxes, and kinetic or thermodynamic
constants — and to check them for consistency. Moreover, parameter fitting and model selection permit to fill
gaps, e.g. to compute non-measurable quantities by solving inverse problems, or to design new experiments

that can provide the missing information.

In summary, model simulations can shed light on the dynamic of biochemical systems and bring out the specific
roles of physical laws, the network structure, enzyme regulation, and the quantitative properties of enzymes or
metabolites. The following section summarises established modelling methods, their mathematical concepts, and

the considerations behind them.

Purposes

of models



2 Biochemical network models

2.1 Modelling approaches for biochemical networks

A biochemical network can be realised by various types of models, representing different pictures of reality. As
shown in Figure 2, the compounds in a cell may be described as single molecules, by molecule numbers, or by
real-valued concentrations. Moreover, models can describe not only what does happen in a cell, but also what
may happen (e.g., which metabolic fluxes are physically possible), what is likely to happen, and what is supposed
to happen (e.g., in order to maximise growth rate). Different mathematical formalisms can express these different
perspectives. In metabolic models, spatial and stochastic aspects are usually neglected: the main modelling
approaches are stoichiometric models, which capture the metabolic fluxes in large networks, and kinetic models,

which describe the mechanisms and quantitative dynamic of biochemical pathways.

Flux analysis and kinetic models Stoichiometric models, combined with flux analysis methods like flux
balance analysis (FBA) [Orth et al., 2010], elementary mode analysis [Schuster et al., 1999], energy balance
analysis [Beard et al., 2002], or the principle of minimal fluxes [Holzhitter, 2004, Holzhiitter, 2006], predict
metabolic fluxes from reaction stoichiometries and from a number of physical and biochemical assumptions.
Given a list of reactions, they allow us to find flux distributions that are stationary (or “steady”), resem-
bling the flow in a river in which water is nowhere accumulated nor depleted. In contrast to chemical equi-
libria, such stationary states or FlieBgleichgewichte (“flow equilibria”), as they are tellingly called in German
[von Berthalanffy, 1932, von Berthalanffy, 1953], contain non-zero fluxes, but the production and consumption of
all substances is balanced. An exception are the external substances, which participate in additional reactions not
covered by the model. The balanced production and consumption of metabolites is expressed by the stationarity
condition

Nuv=0, (1)

where v is the flux vector and N is the stoichiometric matrix, restricted to the internal metabolites. Within the
space of potential flux vectors, Eq. (1) defines the subspace of stationary flux distributions. Additional conditions
(fixed flux directions, upper and lower limits, and optimality criteria such as maximal biomass production) can be
used to narrow down the flux distributions even further. Other constraints come from thermodynamic analysis
[Beard et al., 2002, Qian and Beard, 2005, Kiimmel et al., 2006, Hoppe et al., 2007]: owing to the second law
of thermodynamics, all fluxes have to lead from higher to lower chemical potentials. Flux distributions that
cannot satisfy this condition — e.g., certain flux cycles — are physically impossible and can be excluded. Moreover,
thermodynamics links the reaction directions to metabolite concentrations and to Gibbs free energies of formation.

These constraints do not specifically depend on enzyme kinetics, which makes them particularly useful.

Kinetic models Stoichiometric models can cover large networks and successfully predict biomass yield, viability,
and growth defects of deletion mutants. However, to describe the dynamic interplay between enzyme levels,
reaction rates, and metabolite levels, we need to consider reaction kinetics. By expressing the reaction rates v; as
functions of metabolite and enzyme concentrations ¢; and u;, we obtain a system of ordinary differential equations

for the internal metabolite concentrations:

d
d—; = No(c,u). (2)
Such kinetic models describe the production and consumption of compounds by kinetic rate laws and can be used

for dynamic simulations. They are not restricted to metabolism, but can capture all kinds of biochemical reaction
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systems, including metabolic and signalling pathways and the slower transcriptional adaption of enzyme levels.

The main difficulty in building kinetic models is to choose the rate laws and their kinetic parameters. If rate
laws are unknown, they can be replaced by standard rate laws representing simple reaction mechanisms. In a
well-mixed chemical solution, reaction rates are proportional to the reactant concentrations or, more precisely, to
the frequency of reactant molecules hitting one another. Since reaction events occur in both directions, we obtain
forward and reverse terms. For a bimolecular reaction A + B = 2 C, the resulting reversible mass-action rate law

reads
v="kiab— k2 (3)

with substance concentrations a, b, and ¢ and rate constants k' and &'. Enzyme-catalysed reactions are more
complicated: they comprise several subprocesses (substrate binding, catalysis, product release) and possibly
conformation changes of the enzyme. Enzymatic reactions can further be affected by effector molecules or
enzyme modifications. Most models do not resolve such subprocesses in detail, but hide them in effective rate
laws which involve the concentrations of reactants, effectors, and the enzyme. The most common choice for a
unimolecular reaction A = B is the Michaelis-Menten kinetics

kcata

v=u (4)

a+ kM
or its reversible variant

k?cat_i_a/k% _ k/’cat_b/k/’g[

5
1+ a/kY + b/EY ®)

v=Uu

The symbols in this formula denote the enzyme concentration (u), the reactant concentrations (a and b), the
Michaelis constants (k) and k), and the catalytic constants (k°*** and £°**~). Both rate laws are saturable:
for increasing substrate concentrations, their rates approach a maximal value which is proportional to the enzyme

concentration.

Thermodynamics in kinetic models Like all chemical processes, enzymatic reactions obey the laws of ther-
modynamics. If we ignore this in kinetic models, we run the risk to obtain models that effectively describe a
perpetuum mobile. The most important thermodynamic requirements are as follows: each compound i has a
chemical potential y;, defined as the derivative of the system's Gibbs free energy by the compounds’ mole number.
For ideal mixtures, the chemical potentials read 1 = (90 + RT In ¢ with gas constant R, absolute temperature
T, and concentration ¢. The negative difference A = —Ay; of chemical potentials along a reaction [, called the
reaction affinity, can be seen as a thermodynamic forcing driving the reaction. Any chemical reaction is, at least
in principle, reversible and consists of a difference of forward and backward fluxes. Their ratio vf/v* obeys the
formula vf /v" = exp(A/RT) [Beard and Qian, 2007]. The reaction affinity thus determines whether a reaction
is close to equilibrium (A = 0, v ~ v") or nearly irreversible (A large, v > v%). In chemical equilibrium, the net
flux will vanish; in all other cases, it leads from higher to lower chemical potentials. Every biochemical system
has chemical equilibrium states in which all reaction affinities and net reaction rates vanish. The mass-action
ratios for all equilibrium states are identical and therefore called equilibrium constants. Their logarithms satisfy
the formula

1
In k4 = “RT [Mi:o) - Méo)} (6)

where ,uéo) and ug)) are the standard chemical potentials, summed over substrates or products. If the network

contains loops, this formula can lead to mathematical dependencies between the equilibrium constants. As an
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Figure 3: Stationary states in a metabolic system. (a) In a simple two-reaction pathway, the concentration of
X and Z are externally controlled, while the concentration of the intermediate Y arises from the biochemical
dynamic. (b) The rates of both reactions (solid lines, red and blue) vary with the concentration of Y (x-axis).
In a steady state, both rates must be identical; this determines both the concentration of Y and the flux (solid
circle). An increased concentration of X shifts the rate of reaction 1 (dashed red curve) and thereby the steady
state (open circle). (c) A close-up compares the immediate rate change directly after the perturbation (left arrow)
to the long-term, steady rate change (right arrow). In a linear approximation, these changes are proportional,
respectively, to the elasticity E' and to the flux response coefficient R. Figure redrawn from Systems Biology — a
textbook.

example, consider three uni-molecular reactions in a circle: if we multiply all equilibrium constants along the
circle, the result has to be 1. This dependence is an example of a Wegscheider condition [Wegscheider, 1902,
Schuster and Schuster, 1989]. Wegscheider conditions can arise for all quantities that represent differences along
chemical reactions and interlink them between reactions. Another type of constraints, the Haldane relationships
[Haldane, 1930], relate the kinetic constants in a rate law to the equilibrium constant of the reaction. To derive
such a relationship, we consider a chemical equilibrium, set the reaction rate to zero, and solve the equation for

the mass-action ratio. For the mass-action rate law (3), we obtain the simple Haldane relationship k4 = kf /k".

Models that violate one of the conditions above will be thermodynamically incorrect. Sometimes this does not
matter, but considering thermodynamics can have several advantages: it helps to obtain a sound and general
formalism in which irreversibility will not be assumed, but explained by the model; it avoids models that describe
a perpetuum mobile; it permits to relate reaction rates to thermodynamic forces, to link kinetic models and
thermodynamic flux analysis, and to make better use of kinetic data.

Metabolic control theory A central question in systems biology is how cells respond to perturbations like
genetic modifications, the action of drugs, or changes in the environment. Often, the interesting point is not
the dynamic right after a perturbation, but its long-term effect on the steady state. To understand the effect of
perturbations, we cannot just consider the perturbed reaction, but have to account for its interaction with the
entire network. The inhibition of an enzyme, for instance, will provoke a depletion of substrate and an accu-
mulation of product; this will have secondary effects and may eventually affect many reactions and metabolites,
which all contribute to the overall effect of the inhibition. In the example in Figure 3, the system dynamic
dampens the initial perturbation, and the new stationary flux is lower than the initial flux right after the per-
turbation. In large metabolic systems, tracing such global effects may be complicated, but kinetic models can
help. After setting the left-hand side of Eq. (2) to zero, we can solve for the concentrations and fluxes and
obtain the stationary concentrations as functions of the enzyme levels and other system parameters. A sensi-
tivity analysis of these stationary concentrations and fluxes can tell us about the global effects of small local
perturbations. Metabolic Control Analysis (MCA) [Heinrich and Schuster, 1996, Hofmeyr, 2001] allows us to
compute such sensitivities directly from the network structure and the rate laws. It interrelates local and global
responses and can also cover second-order effects [Hofer and Heinrich, 1993], perturbations of dynamic time
courses [Ingalls and Sauro, 2003], and periodic parameter perturbations [Ingalls, 2004, Liebermeister, 2005b]. In
my work, | have used MCA for parameter estimation [Liebermeister and Klipp, 2006b] and to study the propaga-
tion of chemical noise [Liebermeister, 2005b], variability and uncertainties [Liebermeister and Klipp, 2005], and
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Figure 4: Interplay between metabolite concentrations and reaction rates in kinetic models. The scheme shows a
metabolic pathway (circles: metabolites; boxes: reactions). A small concentration change will move the system
out of its original steady state and lead to rate changes which can be linearly approximated by the elasticities
Ej; (top). The perturbed rates will increase or decrease the concentrations according to the stoichiometric
coefficients n;; (bottom). The interplay of both processes leads to dynamic changes of concentrations and rates.
Figure redrawn from Systems Biology — a textbook.

the optimal regulation of enzymes [Liebermeister et al., 2004].

MCA expresses local and global changes by two kinds of sensitivities, the elasticities and the response or control
coefficients. The elasticities describe the enzyme in isolation and are defined as the derivatives of a kinetic rate
law with respect to the concentrations or kinetic constants appearing in the rate law directly. A variant of them,
the scaled elasticities, are derivatives on logarithmic scale and refer to relative rather than absolute changes. As
shown in Figure 4, the elasticities and stoichiometric coefficients together determine the local dynamic around a
reference steady state: in a linear approximation, the fate of a metabolic perturbation vector Ac is described by a
linear differential equation system dAc/dt = M Ac with the Jacobian matrix M = N E where E is the elasticity
matrix. These equations describe how small metabolic perturbations will propagate within the network.

The second type of sensitivities, the response and control coefficients, describe the steady state response of
concentrations and fluxes to an initial perturbation. Instead of tracing individual causal chains or relying on
numerical simulations, MCA treats the perturbations in a linear approximation, which leads to relatively simple
formulae. The response coefficients describe how fluxes or concentrations will respond to parameter perturbations
anywhere in the system. The concentration control coefficients C% are a normalised version of the response
coefficients: they are defined as Cisl = RZ/EZ where the I enzyme parameter affects the I*!" reaction with
the elasticity ;. Sum rules for metabolic control coefficients, called summation and connectivity theorems
[Heinrich and Schuster, 1996], bring out relations between the influences of enzymes along stationary flux modes

or around a common metabolite.

A main reason to use mathematical models — and not just statistical data analysis and biological intuition — is
that the dynamic of complex systems is hard to grasp. Analytical reasoning would consider all bits and pieces
one at a time and trace their interactions via causal chains. However, this hardly helps to understand global
phenomena in complex systems — not only because all their details and quantitative properties are hard to keep in
mind, but because their dynamics are so closely entangled. If a system contains feedback loops or just reversible
reactions, an infinite number of causal chains would be needed to explain the simple adjustment of a steady state
exactly. Metabolic control theory, in contrast, accounts for all dynamic interactions at the same time and directly
describes stationary changes, allowing us to to simulate complex global behaviour.

2.2 How kinetic models are built

Building a kinetic model entails a few big decisions - for instance, choosing the mathematical formalism - and a
lot of work on the details. A typical modelling project comprises the following steps: choosing the biochemical
elements and setting up the network; determining the formulae, for instance, the kinetic rate laws; determining
the parameter values from literature, by fitting, or by optimisation; and possibly, repeating parts of this process

for sub-sampled data sets (for cross-validation) or model variants (for model selection). For the different steps,
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data on network structures, thermodynamic and kinetic constants, as well as transcript, protein, metabolite, or

flux data are collected from the literature, from databases, or from new experiments.

In contrast to traditional paper-and-pencil models, most models today are constructed with the help of computers.
Numerical calculations for single enzyme kinetic started as soon as computers were available [Chance, 1943,
Chance et al., 1952]. Today, tools like COPASI [Hoops et al., 2006] or CellDesigner [Funahashi et al., 2008] and
formats like SBML (Systems Biology Markup Language [Hucka et al., 2003]) help to build, edit, and exchange
models efficiently. There are two contrary modelling approaches: in bottom-up modelling, we prepare parts of
models, for instance, individual rate laws, and put them together. In the top-down approach, we start from a
global, coarse-grained description and gradually refine it — for instance, by filling a metabolic network with kinetic
constants. Both approaches could be supported by automatic workflows, which permit to execute modelling steps
one after the other. For automating more and more of these steps, many models are published in computer-
readable formats and enriched with information about the biochemical details. This makes it easier to build
complex models graphically, to modify existing models, and to fill them with data retrieved from databases or

publications on the internet.

2.3 Elements of biochemical network modelling

With the kinetic modelling formalism at hand, setting up model equations and solving them numerically should be
routine work. However, creating meaningful models may take a lot of trial and error. Even if models look simple,
they are based on many unexpressed considerations which ensure that the models make sense biologically and
meet their purposes. Building a model requires physical and biological knowledge, sensible compromises between
accuracy and limited data, and ideas about the biochemical details that are purposefully neglected because they do
not play a role under the circumstances considered. While all this is important for manual modelling, it becomes
even more important in computer-assisted modelling. Here, all considerations need to be made explicit and safe
modelling formalisms have to be developed to compensate for the lack of intuition. Let us now step back for a

moment and see what kinds of knowledge and thoughts go into the development of models.

1. Biochemical knowledge and data. Biochemistry tells us about enzymatic rate laws, about the elements
of biochemical networks like small compounds, enzymes, mRNA, genes, transcription factors, or kinases,
and about their ways to interact. To model specific pathways, we need to know their structure (e.g.,
a stoichiometric matrix and regulation arrows) and kinetic constants (e.g., from databases like Brenda
[Schomburg et al., 2004]), and experimental data can be used to fit the model parameters or to test model

predictions.

2. Laws of physics. Mechanistic models employ physical principles like mass balance or thermodynamics,
which are often directly implemented in the formalism. General physical laws are of great help because they

provide information without requiring any specific measurements.

3. Model assumptions. Reality is continuous, dynamic, complex, and not exactly known, while our language
and reasoning — which allow us to build models — are discrete, and assertive. Accordingly, models are not
meant to describe cells in all details, but to depict specific processes the way we see them. Compared to what
is known about cells, models are extremely simplified: when building a model, we select a system in question
and isolate it from other processes that exist, but are not modelled. Through simplifying assumptions, we
can delimit the system in space (e.g., neglect a cell's environment), focus on specific time scales (e.g.,

neglect faster and slower processes), and disregard other biochemical processes.

4. Uncertainty. Models do not describe reality as it is, but what we know about reality. Since our data

are limited, our mental pictures of cells remain uncertain. Subjective uncertainty can be quantified by
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probability distributions and Bayesian statistics provides a rigorous framework to handle them: instead of
insisting on a single model, we assess how well different models are supported by data, and a statistics over

such models can tell us which aspects of models are likely to be trustworthy.

5. Noise, variability, sensitivity, and robustness. Unlike their idealised pictures in textbooks, living cells
are full of randomness and due to chemical noise, genetic variation, and changing environments, every cell
is different. In models, randomness can be captured by stochastic models. Such models do not predict a
single, deterministic behaviour, but allow for deviations, which are quantified by probabilities. Randomness,
sensitivity, and robustness are closely related, and control coefficients and other measures of sensitivity can

give a sense of how randomness will spread and affect measurable quantities.

6. Biological function. Mechanistic models describe how a biochemical system behaves and explain how this
behaviour is implemented biochemically. But we can also ask why biochemical systems are set up the way
they are. Why do many organisms share the same metabolic pathways? Is there a reason for the specific
values of enzyme parameters? Such questions about the function of biological systems are actually questions
about evolution. One way to address them in models is to assume that biochemical systems are optimised to
perform certain actions — e.g., to grow fast — under certain biochemical and physical constraints. This leads
to optimality-based models like flux balance analysis and, on the level of interacting cells, to evolutionary
game theory [Pfeiffer and Schuster, 2005].

7. Sustainable modelling. For a long time, published models tended to be incomplete and hard to re-
implement. Since models are a way to communicate knowledge, the form in which they are provided is
important. To contribute to future large-scale models, researchers should make sure that their models can

be easily reusable, modified, and incorporated into more comprehensive models.

2.4 Methods for computer-assisted modelling

One of the big challenges in systems biology is to develop large kinetic models of metabolism. Genome-scale
network reconstructions (e.g., [Herrgard et al., 2008]) are produced routinely and almost automatically from
genome sequences. The next step is to turn such networks into kinetic models, i.e., to determine their rate
laws and kinetic constants. Genome-scale kinetic models would help to integrate high-throughput data, to check
their consistency, and to predict the global effects of local perturbations by mutations, drugs, or differential
expression. Constraint-based models, which are already obtained from network reconstructions, cannot fully

answer these questions.

Currently, building genome-scale kinetic models is difficult because many rate laws and corresponding parameters
are unknown; because parameter estimation is numerically hard; because the pathways of interest are surrounded
by larger environments, which cannot be easily modelled; and because the combination of existing models can
lead to inconsistencies. These problems need to be solved before large kinetic models can be built routinely. To
develop methods and software for model building and combination, we need to understand the concepts and the
intuition of modellers. We have to consider how modellers would solve certain tasks, what kind of information
they would need, and how these procedures could be formalised. Contemplating this can help to avoid mistakes

that a researcher would easily recognise, but that are still hard to spot for software.

During the past years, | have developed solutions for some of the issues above (see Table 1). As a guiding
principle, the approaches were meant to be generic, scalable to large systems, and safe, to make them easily
usable in automatic workflows and large-scale kinetic modelling. The methods fall into three main categories:
kinetics and data integration (section 3); elasticity sampling and metabolic control analysis (section 4); and

automatic modelling (section 5).
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Figure 5. Model of transcriptional regulation in Bacillus subtilis. (a) The transcription network contains 158
transcription factors (left) and 1754 genes (right), connected by 2900 regulation arrows, indicating activation
(blue), repression (red), or unknown modes of action (grey). | built the network based on information from
[Goelzer et al., 2008], DBTBS [Sierro et al., 2008], SubtiWiki [Florez et al., 2009], and ChlIP/chip experiments
[Buescher et al., 2012]. (b) Influence weights (blue: positive, red: negative, shaded: weak influences) were as-
signed to the arrows by Network Component Analysis. The expression data stem from metabolic shift experiments
(addition of malate to glucose-grown bacteria cultures and vice versa). (c) Confirmed part of the network. By
omitting edges that contribute little to the data fit, | obtained a relevant subnetwork for this experiment. (d)
Temporal activities of transcription factors determined by Network Component Analysis. For each transcription
factor (rows), activity profiles from both shift experiments are shown. Figures from [Buescher et al., 2012].
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3 From kinetic data to dynamic metabolic models

3.1 Assigning numbers to the arrows

To build genome-scale biochemical models, we need to define a network structure, fill it with rate laws, and
determine their parameters. An example of this approach is Network Component Analysis (NCA), a method to
parametrise large transcription networks [Liao et al., 2003]. NCA is based on a simple model of transcriptional reg-
ulation in which each gene promoter has an input function of the power-law form x;(b) ~ ], b;"". After converting
the expression data to logarithmic scale, this becomes a linear model In z;(b) = Zl aq; In by + const. of transcrip-
tional regulation. | used NCA within an experimental study of metabolism in B. subtilis [Buescher et al., 2012]
to build a large-scale model of transcriptional regulation (Figure 5). In the experiments, the carbon source malate
was added to glucose-grown bacteria cultures and vice versa. | estimated the influence weights a;; between 158
transcription factors and 1754 genes from expression patterns measured during two metabolic shifts. Most of the
expression data were well explained by the transcription network and about half of the edges could be discarded
because they contributed little to the data fit. Furthermore, the signs of some edges (activation or repression)
were initially unknown and could be determined by NCA. Among the estimated transcription factor profiles (see
Figure 5 (d)), the most prominent activity changes were found in regulators of central metabolism (compare the
scheme in Figure 1). Their activities and their roles in regulating glycolysis, gluconeogenesis, and the citric acid

cycle are shown in Figure 6.

Since this approach works well for transcription networks, we may be tempted to apply it to metabolic networks
as well. However, this brings some additional challenges. First, metabolic models do not only cover one type
of data — expression data — but various kinetic and thermodynamic constants, metabolite concentrations, fluxes,
and protein levels. Second, metabolic networks carry global fluxes, which have to satisfy mass balance and
thermodynamic laws and as a consequence, different model parameters will constrain each other. To account for
these constraints, we may use a stoichiometric model as a frame, determine consistent sets of equilibrium constants
or other parameters in this network, and impose them on the rate laws. Third, to obtain sensible models, we may
need to include reactions for which no data are available, so we have to deal with missing knowledge and with

uncertainties.

A possible workflow for filling metabolic networks with rate laws consists of four steps [Borger et al., 2007]:
(i) choose a metabolic network structure; (ii) choose rate laws; (iii) collect data about kinetic constants; (iv)
determine a consistent parameter set that agrees with the data, and assess its uncertainties. Models created in
this way will contain reasonable parameter values, satisfy a number of safety and quality criteria, and may serve
as a starting point for further detailed modelling. To realise this workflow, | developed a number of concepts and

tools, which will be explained in the following.

3.2 Standard kinetic rate laws

Every enzyme has its individual rate law. Its details depend on the binding affinities between enzyme and reactants,
on the enzyme mechanism, and possibly on activation or inhibition by small molecules. To translate a metabolic
network into a kinetic model, we need to determine individual rate laws for all reactions. Many enzymes have been
studied in detail, but for all others, standard rate laws have to be assumed. Standard rate laws should capture
a variety of cases, for instance, different stoichiometries and different combinations of allosteric effectors. Since
existing rate laws were too specialised (Michaelis-Menten rate for uni-uni reactions) or do not include enzyme
saturation (mass-action, power-law [Savageau, 1969], or lin-log kinetics [Visser and Heijnen, 2003]), | developed
the convenience kinetics [Liebermeister and Klipp, 2006a], which is saturable and applicable to any reaction stoi-

chiometry. By including more kinetic variants, | later obtained the modular rate laws [Liebermeister et al., 2010],
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Figure 6: Transcriptional regulation of central metabolism in B. subtilis. (a) Gene expression during metabolic
shifts, measured using tiling arrays. The dynamics during opposite shifts (addition of malate to glucose-grown
cultures and vice versa) are shown in the halves of each circle. Time runs in clockwise direction. (b) Influences of
the transcription factors CcpA, CcpC, CggR, CcpN, Glct, and MalR (compare Figure 1) determined by Network
Component Analysis. (c) Temporal activities of the transcription factors. During growth on malate, lower
glycolysis is repressed by CggR. As soon as glucose becomes available, the repression is relieved and CcpN starts
to suppress gluconeogenesis via gapB. Figure from [Buescher et al., 2012].

a family of rate laws that can be flexibly adjusted to many situations. They are simple and biochemically plausible,
thermodynamically sound, and can be automatically inserted into SBML models.

The idea behind these rate laws is that many detailed rate laws — like ping-pong or fixed-order bi-bi-kinetics
— share a mathematical form that resembles reversible Michaelis-Menten kinetics Eq. (5); they just differ by
their denominators, which depend on the enzyme mechanism. To obtain a simple generic rate law, | chose a
new denominator that corresponds to a simple random-order enzyme mechanism. The resulting formula for the
common modular rate law [Liebermeister et al., 2010] generalises Michaelis-Menten kinetics to bimolecular and
other reactions with only a few kinetic constants. For a bimolecular reaction A + B = 2 C without allosteric

regulation, it reads

Kt (a /RN (/K — ket (c/ k)2
(1+a/EN)(1+b/kN) + (1 +c/kM)2 -1

(7)

Like in the Michaelis-Menten kinetics (5), there is a Michaelis constant kM for every reactant and a catalytic

constant k°®* for each reaction direction. Additional terms for regulation (not shown) will contain activation or
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Figure 7: Common modular rate law. (a) Reaction scheme for a reaction A + B = 2 C catalysed by an
enzyme E. The kinetic constants used in the common modular rate law are shown. (b) The enzyme mechanism
behind the common modular rate law includes substrate binding (top), chemical conversion (centre), and product
release (bottom). All steps are reversible; substrate and product molecules cannot be bound at the same time.
(c) Binding states of the enzyme. Letter codes show which binding sites are occupied in each state (yellow
boxes). The seven states correspond to the seven summands arising in the denominator of Eq. (7). Figure from
[Liebermeister et al., 2010].

inhibition constants for allosteric effectors. The reactant C has a stoichiometric coefficient of 2, which appears
as an exponent and leads to a sigmoid rate law similar to a Hill equation [Hill, 1910]. The formula can be easily

generalised to arbitrary stoichiometries [Liebermeister et al., 2010]:

ot mj ¢ m;
[ — Cq
p T ()™ = ke T ()

v=u m; m; ’ (8)
(1+g)" +(+&)" -1

Here the exponents mj and m; are the (positive) stoichiometric coefficients of substrates and products, multiplied

by a factor h. This factor resembles a Hill exponent, can be chosen individually for each reaction, and has a
default value of 1. The enzyme mechanism behind Eq. (7) is shown in Figure 7 (b). Substrates and products
bind rapidly, in random order, and independently; substrate and product molecules cannot be bound at the same
time. The Michaelis constants k™ in Eq. (7) arise from the dissociation constants of the elementary binding
steps, while the catalytic constants k°** are rate constants for the conversion of substrates into products. Of
course, if unknown rate laws are replaced by this standard rate law, there will be approximation errors. However,
replacing a ping-pong and fixed-order mechanism [Liebermeister and Klipp, 2006a] would yield errors of similar
size, so if no specific enzyme mechanism is known, using the common modular rate law will be just as plausible

as using more detailed rate laws.

Considering other binding mechanisms, | obtained a number of alternative rate laws (see Table 3.2) following the

general scheme

T

D + Dreg : (9)

v=f

Different mathematical expressions to be inserted for the terms f, T', D, and D" lead to different modular rate
laws adapted to various situations. They cover several types of allosteric regulation and five types of denominators
which correspond to different mathematical simplifications of the enzyme mechanism (see Figure 8 and Table 3.2).
Finally, each rate law can be turned into a sigmoid kinetics by choosing an exponent h different from 1. However,
all modular rate laws have the same thermodynamic properties, which are determined by the numerator 7" and
make them fit into the Thermodynamic-Kinetic Modelling (TKM) formalism [Ederer and Gilles, 2007]. In particu-

lar, they can be split into a product of factors related to kinetics and thermodynamics [Liebermeister et al., 2010].

14

Enzyme

mechanism

Thermodynamic

properties



(a) (b)
CM, DM rate law SM rate law Common modular rate law

A B
Blndingi I C .. Conversion
A B R

(A
Conversion @ &
v

0 <0

Binding

Direct binding modular rate law

A B
Binding X C _.._Conversion
A B i N

i
\&

Conversion
Cc

Binding

0O <>

Simultaneous binding modular rate law

A B ¢

Binding i i
A B
A

Conversion &
v

Binding 7 !

A B C

Figure 8: Modular rate laws and their saturation properties. (a) Modular rate laws for a reaction A = B. The
rate (vertical axis) depends on the substrate and product concentrations a and b. For details about rate laws and
their full names, see Table 3.2. (b) Enzyme mechanisms behind modular rate laws shown as in Figure 7. Figures
from [Liebermeister et al., 2010].

Name Description
Convenience kinetics Generalised reversible Michaelis-Menten kinetics
Common modular (CM) rate law Generalised reversible Michaelis-Menten kinetics
Power-law modular (PM) rate law Generalised mass action or power law
Direct binding modular (DM) rate law Single-step substrate binding (and product release)
Simultaneous binding modular (SM) rate law  Reactant contribute multiplicative factors
Force-dependent modular (FM) rate law Reaction rate depends solely on the thermodynamic force
Table 2: Types of modular rate laws and their distinguishing properties. For more details, see

[Liebermeister et al., 2010]

A factor sinh (2’%}) describes the effect of the thermodynamic force (with reaction affinity A, Boltzmann gas
constant R, and absolute temperature T'), while the kinetic factor represents substrate availability, enzyme sat-
uration, and regulation. Thus, the thermodynamic force does not only determine the flux direction, but has a

quantifiable effect on the rate.

The name modular rate law emphasises the fact that the terms in Eq. (9) can be chosen individually and that
the laws themselves act as building blocks for metabolic models. Compared to other standard rate laws like
lin-log or power-law kinetics, the modular rate laws are biochemically more plausible and can be better adjusted
to specific situations. Because of their generic form, the modular rate laws can be created directly from the
stoichiometric matrix or from a graphic scheme of the network as in Figure 7 (a). In practice, they can easily be
inserted into SBML models (Systems Biology Markup Language [Hucka et al., 2003]) with the tool SBMLsqueezer
[Drager et al., 2008] and with my tool semanticSBML [Krause et al., 2010] (www.semanticsbml.org). Most
of the necessary information is directly extracted from the SBML elements, their attributes, and SBO terms
(Systems Biology Ontology [Le Novere, 2006]) in the model code. Some decisions (e.g., the type of rate law
used or specific types of allosteric regulation) are left to the user or taken by default rules. Known or estimated
kinetic constants can be provided in the standard table format SBtab, which | developed for this purpose (see

www.semanticsbml.org). Aside from their direct usage in models, the modular rate laws also provide simple
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formulae for reaction elasticities, which are useful for sampling algorithms. This will be the topic of section 4.

3.3 Constraints between model parameters

When parametrising a transcription network, we can choose and change the input functions of different genes
independently. In metabolic networks, in contrast, the kinetic constants in different rate laws may be dependent
due to physical laws. Whenever we change, for instance, a Michaelis constant, other parameters will be affected
because they are coupled by Haldane relationships (see paragraph 2.1). Furthermore, the equilibrium constants
in a model will have to satisfy Wegscheider conditions [Wegscheider, 1902]. If a kinetic model is parametrised
by Michaelis constants and catalytic constants, these constants are effectively coupled through the equilibrium
constants, and such dependencies have to be respected when fitting, optimising, or sampling the parameters.
This is a challenge for modelling.

For automatic model building, | had to address these dependencies in detail. The first step is to state them in
an explicit and simple form. The Haldane relationships are a good example: by introducing the velocity constant
kY = Vkeat+ keat— and using the Haldane relationships and Eq. (6), the catalytic constants can be expressed
in terms of the Michaelis constants, the velocity constants, and the standard chemical potentials. If we convert
all kinetic constants to logarithmic scale, the formula is linear. In fact, many relevant parameters display such
linear dependencies and can be therefore be arranged in dependence schemes [Liebermeister and Klipp, 2005] and
[Lubitz et al., 2010]: one group of basic parameters can be freely chosen, while all remaining derived parameters
are computed from them using linear equations; some of the parameters need to be expressed on logarithmic
scale. If we use such a scheme to describe a thermodynamically feasible state, it will contain standard chemical
potentials and concentrations as basic parameters; and equilibrium constants, chemical potentials, and reaction
affinities as derived parameters. To obtain a full kinetic parameter set, we can further include Michaelis constants
and velocity constants (basis parameters) and catalytic rate constants (derived parameters). In any case, the

dependence scheme can be written in the compact form

-Gy

with vectors #'"? (basic parameters) and §9°P (derived parameters). The dependence matrix R depends only
on the network structure [Liebermeister and Klipp, 2006a, Lubitz et al., 2010] and on the choice of parameters
to be described. The dependence scheme drastically simplifies parameter estimation because it allows us to use
linear regression and multivariate normal distributions for the entire parameter set. As we shall see in a moment,
this helps to trace parameter uncertainties and correlations in complex metabolic models and to integrate various

kinds of data by using Bayesian parameter estimation.

3.4 Uncertain or variable model parameters

Variability and uncertainty are ubiquitous in biology. What counts in evolution is not only how cells succeed in
an ideal constant environment, but also how they deal with unforeseeable events. Accordingly, cells are much
more adaptive than man-made machines and are prepared to deal with failures or impreciseness inside their own
machinery. Sensitivity and robustness can be implemented biochemically by special network structures or by
regulation systems. In models, uncertainty and variability play similar roles and can be described by random
distributions [Wang et al., 2004, Liebermeister and Klipp, 2005]. Kinetic constants and other parameters will be
uncertain if measured values contain errors or are not available. If parameters vary within a cell population, the
parameters for a randomly picked cell will also be uncertain. To describe uncertainty mathematically, we may

replace the parameters in our model (e.g., the level of a certain enzyme) by random variables (e.g. describing the
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Figure 9: Propagation of parameter uncertainties. (a) A parameter y (“output variable”) depends on a parameter
x, which follows a normal distribution. If the dependence between them is linear, y will be normally distributed
as well. (b) Nonlinear dependencies can be linearly expanded around a reference value xy. Figure from Systems
Biology — a Textbook.

variability of this enzyme level in the cell population), defined by probability distributions.

For dealing with uncertainty and variability, and for later use in Bayesian parameter estimation, | characterised
these distributions in more detail. Since the kinetic constants are dependent, the parameter vector has to be
described by a multivariate distribution. With Eq. (10), this is not difficult: if the basic parameters in the vector
6™ (on logarithmic scale) follow a multivariate normal distribution A(#, Cy), the elements of #9°P will also be
normally distributed and follow the distribution N (R, RC R"). As shown in Figure 9 (a), the variance of a
dependent parameter increases with its sensitivity to the basic parameter. The same principle also applies to other
quantities, e.g., steady-state concentrations computed from the model, which may depend on the parameters in
a non-linear way. If these response functions are Taylor-expanded around a typical reference parameter set, we
can approximate their mean values and variances from the slopes and curvatures of the response function. The
covariance matrix of a steady-state quantity vector y reads, to first order,

cov(y) = RY cov(z) RY " (11)

where cov(z) is the covariance matrix of the parameter vector x and the matrix RY contains the response
coefficients between x and y. For nonlinear response curves, second-order formulae explain how the mean values
of quantities in a cell population differ from the corresponding values obtained from the mean parameter set
[Liebermeister and Klipp, 2005].

Sensitivities and variability in biochemical systems are tightly connected, and this fact has some remarkable
consequences. On the one hand, the propagation of variability by dependence schemes can explain correlated
metabolite levels [Steuer et al., 2003]. In a linearised model, the metabolite correlations will depend on three
factors: the network structure and the reaction elasticities, which together determine the response matrix RY,
and the covariance matrix cov(z) of the perturbation parameters. On the other hand, cells may evolve specific
sensitivities to deal with variability: if an input = varies strongly and an output y needs to remain stable, the
response coefficient between them should be small, which will favour certain network structures. Due to trade-
offs between different robustness properties, natural selection will only realise those that are most important.
This may leave its traces in the structure of biochemical pathways, their regulation systems, and the resulting
response matrices. To understand how variances, robustness, and metabolite correlations arise in a given network
structure, we need to understand how the network structure determines the response coefficients. The response
coefficients do not arise from the network structure alone, but also on the reaction elasticities, which depend on
the kinetic rate laws and on the metabolic state in question. However, the stoichiometric and allosteric structures

predetermine the possible response coefficients to a good extent. In Section 4, | shall present methods to assess
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this in detail.

3.5 Parameter distributions for metabolic models

We saw that uncertain model parameters follow a multivariate joint distribution and that correlations between
them arise from the dependence scheme. However, how should such distributions be chosen in practice? If we
disregard for a moment all parameter dependencies, we just have to determine a distribution for each parameter
individually. In Bayesian statistics, a probability distribution summarises what we can know about a certain
quantity based on prior knowledge and data, which are both uncertain. If the shape of the distribution is
unknown, we may choose it by the principle of minimal information [Jaynes, 1957]. This principle states that our
distribution should represent as little information as possible in the sense of Shannon entropy [Shannon, 1948] and
for distributions with predefined mean value and variance, it leads to the normal distribution. If we consider the
kinetic constants on a logarithmic scale and treat them by normal distributions, their dependencies will be linear
(given by Eq. (10)) and their linear combinations will again be normal; on non-logarithmic scale, such parameters

will follow log-normal distributions.

How can we determine the mean values, variances, and covariances of these distributions? First of all, they
can represent known values and their uncertainties in data. If we have no data for some parameter, we may
consider a statistics over parameters of this type. For an unknown Michaelis constant, for instance, we may
consider the distribution of Michaelis constants in the Brenda database [Schomburg et al., 2004], possibly bro-
ken down to specific enzyme classes. If we have additional information about out model element, e.g. about
molecule structures, we may use it to estimate more specific values, which will narrow down the distributions even
further. Along these lines, | used machine learning, based on linear regression and analysis of variance, to deter-
mine distributions of individual kinetic constants [Borger et al., 2006] and physiological metabolite concentrations
[Liebermeister, 2005a].

Given all this, how can we now account for parameter dependencies? Most simply, we could determine inde-
pendent distributions for the basic parameters and compute the distributions of all derived parameters by using
the dependence scheme. However, this will not permit to use data for the derived parameters, e.g., measured
catalytic constants, which can provide useful information also about other parameters. In fact, to determine
a joint distribution of all model parameters, based on evidence from all kinetic data collected for a model, we
may use Bayesian estimation. A practical procedure, called “parameter balancing”, is described in the following

paragraph.

3.6 Parameter balancing

Kinetic constants for a metabolic model can be collected from the literature, obtained from databases like Brenda
[Schomburg et al., 2004] or Sabio-RK [Wittig et al., 2006], fitted to dynamic data, optimised for other objectives,
or simply be guessed. If measured values are directly inserted into a model, the parameter set can be incomplete,
redundant, and contradictory. Thus, the parameters have to be adjusted to comply with the constraints in our
dependence scheme. While this seems to complicate modelling at first sight, parameter constraints also have an
advantage because they reduce the number of free parameters and permit to derive unknown parameters from

known ones.

To put this idea into practice, | developed parameter balancing, a method to determine complete, consis-
tent parameter sets that resemble known kinetic and thermodynamic data [Liebermeister and Klipp, 2006b,
Lubitz et al., 2010]. Parameter balancing combines all methods described in this section: the modular rate laws,
the dependence scheme, and parameter distributions. To obtain balanced parameters, the dependence scheme is

translated into a linear regression model, which is then treated using Bayesian statistics. General expectations
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about the parameter ranges are formulated as prior distributions. Since priors cannot be formulated for derived
parameters, for instance, the equilibrium constants, these parameters are controlled by pseudo-values, which we
introduced for this purpose in [Lubitz et al., 2010]. Priors and pseudo-values help to keep the results in meaningful
ranges even if few data are available. Due to the linear dependence scheme, the method is applicable to relatively

large models.

Parameter balancing does not only yield a fixed parameter vector, but a posterior probability distribution, which
is multivariate normal (for logarithmic parameters) and describes the typical parameter values, their uncertainties,
and the correlations between different parameters. As | proposed above, the posterior describes exactly what
can be known about the parameters from data, constraints, and prior expectations. Aside from matching model
parameters to data and typical distributions, it may also be important to restrict some of them by lower or
upper bounds. Parameter balancing can include bounds on single parameters and linear inequalities for parameter
combinations. With such constraints, our multivariate normal posterior becomes restricted to a region in parameter

space defined by the inequality constraints.

The main limitation of parameter balancing is that, due to the mathmatical form of the the rate laws, metabolic
fluxes do not fit into the dependence scheme. Therefore, parameter balancing cannot be used to adjust a model

directly to given steady state fluxes. However, there are two possible solutions:

1. Even if the flux values do not fit into the scheme, we can ensure that the balanced parameters will at least
comply with the flux directions. Each non-zero flux defines the sign of a reaction affinity, which can be
prescribed in parameter balancing, and the balanced parameters and concentrations will realise the correct
flux directions. Once this has been accomplished, the enzyme levels and velocity constants can be rescaled to
match exactly the predefined fluxes; this is guaranteed to work if the flux distribution is thermodynamically

feasible.

2. Alternatively, a posterior distribution obtained from parameter balancing can be reused as a prior for a
subsequent Bayesian parameter estimation, for instance, to fit a full kinetic model to flux and concentration
data [Liebermeister and Klipp, 2006b]. However, the nonlinear rate laws will lead to non-Gaussian posterior
distributions and finding the posterior mode becomes a nonlinear optimisation problem, which can be hard

to solve for larger models.

When inserting balancing parameters into kinetic models, we can either use the posterior mode — representing a
consistent and most probable parameter set — or parameter sets randomly sampled from the posterior. By creating
an ensemble of such random models and assessing their dynamic properties, we can learn about the potential

behaviour of such models, given all quantitative information we used during parameter balancing.

Along with the publication [Lubitz et al., 2010], we implemented the entire process of parameter balancing as a
free software in python. Given an annotated SBML model and a table of known thermodynamic, kinetic, and
dynamic data, we can run parameter balancing interactively at www.semanticsbml.org. In summary, parameter
balancing is a convenient way to integrate large amounts of kinetic, thermodynamic, and dynamic data, but it
does not directly permit to fit flux data. Moreover, the numerical effort for genome-scale models would be large.
Thus, to build larger kinetic models with predefined steady states, we need a different kind of approach in which
fluxes and concentrations can be predefined and the sampled parameters agree with them by construction. Such

an approach is presented in the following section.
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4 From flux distributions to dynamic in large metabolic networks

4.1 Flux analysis and kinetic models are converging

A variety of metabolic networks, comprising thousands of metabolites and reactions, have been reconstructed
semi-automatically from genome sequences [Henry et al., 2010]. Turning these networks into kinetic models
would help to put high-throughput data into context and to understand the global effects of differential gene
expression, enzyme inhibitors, and genetic modifications. So far, kinetic models are much smaller and cover
only a tiny fraction of the available data, but the gap between network reconstructions and kinetic models is
diminishing. Using thermodynamic analysis, we can find consistent flux distributions, metabolite concentrations,
and equilibrium constants. When building kinetic models, we may choose kinetic constants that realise this
predefined steady state. The dependence schemes from section 3 show that this is possible: we may first choose
the Michaelis constants and equilibrium constants and then use parameter balancing to determine catalytic
constants that satisfy the Haldane relationships. Finally, the catalytic constants can be rescaled to yield the

required flux.

On the contrary, some analyses of kinetic models do not even require the full rate laws, but solely the reaction elas-
ticities. If we linearise a model around a stationary reference state, the resulting linear model will describe the dy-
namic for small perturbations such as periodic perturbations of enzyme levels, varying nutrient supply, or chemical
noise. Another potential application is the analysis of optimal differential expression [Liebermeister et al., 2004].
The linearised model, defined by the stoichiometric matrix and the elasticity matrix, is much easier to handle
mathematically than the original model. In particular, there is a powerful theory for periodic perturbations, noise,

control, and model reduction.

Thus, if the steady state fluxes, concentrations, and reaction elasticities were known, MCA and many other
analyses could be applied even to very large systems. Unfortunately, to determine the elasticities, we need a
kinetic model. However, some information about them can be obtained from the network structure alone: in
models without allosteric regulation, the reaction rates increase with the substrate level and decreases with the
product level, and so a given flux distribution will define the signs of all elasticities. As | will explain below, the
elasticities are further biased by the thermodynamic forces. Thus, even if the elasticities of a model are not exactly
known, the network structure and thermodynamics determine them to some extent, and this allows us to explore

the dynamic possibilities of metabolic systems even ithout knowing their exact kinetics.

4.2 Model ensembles and structural kinetic modelling

The dynamic of biochemical systems close to steady state including their responses to differential gene expression
can be predicted by simulations or sensitivity analyses of kinetic models. The results will depend on the network
structure, the kinetic rate laws, and the particular steady state. But what is the contribution of each of these
factors? To study this, we may vary the system parameters and create an ensemble of models, each with the
same model structure, different kinetic constants drawn from a distribution; for each instance of the model,
qualitative or quantitative features of interest are evaluated. Features that are constant throughout the simu-
lations can be attributed to the network structure, while variable features obviously depend on the parameters.
Together with colleagues, | used this Monte Carlo approach to study the signs and values of control coefficients
[Klipp et al., 2004] and the conditions for spontaneous oscillations [Borger et al., 2005]. With the same approach,
one could also compare different versions of a model (e.g., variants of the network structure) and check them for

systematic differences that stand out from the variability caused by the random parameters.

Unfortunately, the models in such ensembles will have different steady states, which may be hard to compare and
also hard to compute. This problem is addressed by Structural Kinetic Modelling (SKM, [Steuer et al., 2006]),
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in which stationary fluxes and concentrations are predefined and the scaled elasticities are sampled from random
distributions. However, a basic problem of SKM is that the elasticities are sampled independently. We saw above
that this assumption leads to thermodynamically incorrect models. As an example, let us consider a reaction A
= B with reversible mass-action kinetics v = kf a — k*b. The scaled reaction elasticities read Ex = k' a/v for
substrate A and Ep = kf b/v for product B. No matter if the elasticities are large or small, their difference will
be the same: Ex — Fg = 1. If we sample the elasticities independently, this relationship will be violated and the
sampled values will not correspond to a correct mass-action model. Similar restrictions hold for any reversible

rate law.

4.3 Elasticity sampling

To overcome this problem, we have to acknowledge that elasticities are dependent and account for it in the
sampling algorithm. Moreover, since the specific dependencies vary from rate law to rate law, we have to choose
specific rate laws whose elasticities we understand. In fact, the elasticity formulae for the modular rate laws
[Liebermeister et al., 2010] lead to a thermodynamically consistent algorithm for elasticity sampling: the scaled
elasticities (see Section 3.2) can be split into three terms:

i

=FET

7

EP +E!. (12)

The thermodynamic term ECT can be computed directly from the reaction Gibbs free energy, while the kinetic
term Efi) and the regulation term EZZ depend on how strongly the enzymes are saturated with reactant or effector
molecules. This can be expressed by saturation parameters which compare the concentrations of metabolites
to the corresponding Michaelis, activation, or inhibition constants. The saturation parameters can be chosen
without any constraints. By sampling them independently and computing the elasticities by Eq. (12), we obtain

an elasticity matrix that corresponds to a specific, thermodynamically consistent kinetic model.

Thus, we obtain an algorithm for thermodynamically correct elasticity sampling: after choosing the network
structure (comprising both stoichiometries and enzyme regulation), we determine the steady-state fluxes, concen-
trations, and reaction Gibbs free energies by a thermodynamic flux analysis. Afterwards, the saturation values are
sampled independently from the range ]0, 1] and the scaled reaction elasticities are computed by Eq. (12). Using
the fluxes and concentrations, we can further compute the unscaled elasticities, the Jacobian matrix, the response
coefficients, and various dynamic properties of the system.

The modular rate laws also provide formulae for the curvatures [Liebermeister et al., 2010]: the second-order
elasticities, defined by second derivatives of the rate laws, describe interactive effects that two arguments of a
rate law — parameters or concentrations — have on the rate. An interactive effect is not the immediate effect of
a double perturbation, but the difference of this effect and the effect that would be expected from the effects
of separate single perturbations. The second-order elasticities permit to compute second-order response and
control coefficients for stationary [Hofer and Heinrich, 1993] and periodic perturbations [Liebermeister, 2005b].
First-order response coefficients show how a small increase of each single enzyme level would increase or decrease
the rate of biomass production. The second-order control coefficients, in contrast, approximate their interactions,

for instance, synergisms or antagonisms between enzyme-inhibiting drugs.

Thus, elasticity sampling allows us to apply Metabolic Control Analysis to models of unknown kinetics. All input
information can be obtained from the network structure and from thermodynamic analysis, while the remaining
uncertainties can be determined from the spread of the sampled results. In the rest of this section, | shall discuss
three applications that go beyond usual MCA: the response to periodic perturbations, the propagation of noise,

and the construction of effective dynamic models by linear model reduction.
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Figure 10: Driven oscillations in a linear metabolic pathway (shown on the left). (a) A periodic enzyme level leads
to oscillations in the catalysed reaction, which then affect all downstream reactions. Each row of circles shows
the effect of one oscillating enzyme (pl through p6). The reaction rates (from left to right) display harmonic
oscillations of different amplitudes (circle radii) and phase angles (arrows), forming a damped wave. Due to
the irreversible rate laws, the perturbations spread only downstream. (b) Simultaneous oscillations of metabolite
concentrations. For each enzyme perturbed, the substrate of the perturbed reaction shows the highest amplitude
and almost the opposite phase. (c) Amplitudes of concentrations (top) and reaction rates (bottom), in response
to oscillations of the first enzyme, at varying circular frequencies w (x-axis). With increasing frequency, the
oscillations become smaller and wash out earlier in the pathway: the pathway acts as a low-pass filter. Figure
from [Liebermeister, 2005b].

4.4 Biochemical systems under periodic perturbations

Periodic phenomena are common in nature. Spontaneous oscillations have been observed in various biochemical
systems and in mathematical models, they are often explained by stable limit cycles. A prominent example are the
glycolytic oscillations in yeast, which appear spontaneously and can become synchronised between cells. If a cell
contains a biochemical oscillator or lives in a periodic environment, the driven oscillations will spread like waves
in the biochemical network. To complement the existing works about spontaneous biochemical oscillations, |
studied the fate of such driven oscillations based on the first- and second-order elasticities [Liebermeister, 2005b].
The basic phenomenon, the transmission of oscillations from reaction to reaction, is shown in Figure 10. In
a metabolic pathway with mass-action kinetics, an alternating enzyme level leads to a periodic accumulation
and depletion of the product and, as a consequence, to phase-shifted oscillations of all downstream rates and

metabolite concentrations.

The mathematical description resembles metabolic control analysis. If we consider small perturbations around a

steady state, the model dynamic can be linearised and we obtain a system of linear equations

d
d—szx+Bu (13)

with system variables = (deviations of metabolite concentrations from their reference values) and perturbation
parameters u (deviations of other parameters, e.g., external concentrations). The matrices A and B can be
computed from the stoichiometric matrix and the elasticity matrices. Similar linear equations appear in mechanics
and electrical engineering and are studied in control engineering. In the frequency domain, their dynamic is
described by a response function, the Fourier transform of the pulse-response function, which in our case can be

seen as a generalised metabolic response coefficient [Ingalls, 2004, Liebermeister, 2005b]. Since the perturbations
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Figure 11: Driven oscillations in a model of yeast glycolysis [Hynne et al., 2001], caused by periodic changes of
the external glucose concentration. (a) Periodic concentration changes, approximated using spectral response
coefficients. Metabolites are shown in separate boxes, the time (on the x-axis) covers one oscillation period.
The curves were obtained from numerical integration (blue) and from approximations of order zero (cyan), one
(vellow), and two (red). (b) Amplitudes (arrow lengths) and phase shifts (angles) of concentration changes
(first-order response coefficients) shown on the network. Figure redrawn from [Liebermeister, 2005b].

are now periodic, the responses can show phase shifts, the spectral response coefficients are complex numbers and
depend on the driving frequency. In [Liebermeister, 2005b], | also introduced second-order response coefficients
to capture interaction effects between pairs of harmonic perturbations.

Once we know how harmonic oscillations spread in the linearised model, we can also predict the fate of other per-
turbations (Figure 11) and noise (Figure 12) using Fourier transformations: we transform the original perturbation
profile into the frequency domain, multiply it with the spectral response coefficient, and transform it back to the
time domain. For systems with nonlinear rate laws, first- and second-order spectral response coefficients yield
good approximations of the true oscillatory dynamic. Figure 11 shows an example from [Liebermeister, 2005b],
a model of yeast glycolysis with an alternating supply of glucose. The driven oscillations, approximated using
first- and second-order spectral response coefficients, agree well with the curves obtained by direct numerical
integration. However, the quality of the approximation decreases as the amplitude of the perturbations becomes

larger.

4.5 Propagation of chemical noise

The spectral response coefficients can not only describe driven oscillations, but also the propagation of noise.
Since reactions between molecules are random events, the dynamic of macroscopic concentrations is not strictly
deterministic as assumed in kinetic models. On the contrary, the molecule numbers jiggle around a mean curve
which — in the case of a linear system dynamic — coincides with the deterministic curve from our kinetic model.
As shown by Gillespie [Gillespie, 2000], this stochastic dynamic can be approximated by a stochastic Langevin
equation, which is basically a kinetic model with white noise terms added to the forward and reverse reaction
rates. Since the noise level grows proportionally with the square root of the mean reaction rate (in units of
reaction events per second), the relative impact of noise will increase for smaller particle numbers; if the mean

rates become too small, the approximation breaks down.

In [Liebermeister, 2005b], | studied the fate of temporal fluctuations in metabolism in more detail. In the steady
state of a Langevin equation model, the particle numbers will not be fixed, but fluctuate around the deterministic
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Figure 12: Propagation of noise in a small biochemical model, the minimal biochemical system with Hopf bifur-
cation [Wilhelm and Heinrich, 1995]. (a) Network scheme (circles: compounds; arrows: reactions). As the level
of external substrate X exceeds a critical value, the levels of A, B, and C start to oscillate spontaneously. At
subcritical values, oscillations can appear in the form of intermediate noise fluctuations. (b) Spectral densities of
the metabolite fluctuations caused by chemical noise. Although the system does not oscillate spontaneously, the
noise spectrum shows already a resonance peak close to the oscillation frequency. (c) Eigenvalues of the Jacobian
matrix shown in the complex plane. Solutions for three values of the bifurcation parameter are marked by different
colours. The complex eigenvalues close to the imaginary axis are related to the resonance. Figure from Systems
Biology — a Textbook.

steady state of the kinetic model. The fluctuations arise from white noise in individual reactions, spread in

the network, and are damped depending on their frequencies. To quantify the resulting noise in metabolite
concentrations, | described it by its frequency-dependent spectral density. If the spectrum of the original chemical
noise is flat, as implied by the white-noise term, the spectral density of the metabolite concentrations arises from
the spectral response coefficients. These coefficients decrease at high frequencies, and so the systems acts as a
low-pass filter. Moreover, if a system has a tendency to oscillate, resonances may amplify the noise at specific
frequencies [Liebermeister, 2005b] (see Figure 12). This approach does not only apply to chemical noise, but also

to small fluctuations caused by a cell's environment.

4.6 Black-box models built by linear model reduction

Biological systems are always embedded in larger environments that cannot be fully captured by models. A
biochemical pathway, for instance, is part of a metabolic network. An increased flux through the pathway will
affect fluxes in the network and these perturbations will feed back into the pathway. It would be desirable to
capture such effects in models, but including the entire network just to provide dynamic boundaries for a small
pathway may be too much of an effort. One would rather like to replace the network by a simple effective model
that mimics its interactions with the central pathway. Such a model can be a black box, i.e., its mathematical

equations may have any shape, as long as it shows the right input-output behaviour.

How can we obtain such effective models? One option is to derive empirical relationships from data fits. In
[Liebermeister et al., 2005], | developed an alternative approach: if there exists a kinetic models of the surrounding
network, we can approximate it by a linear dynamic model. Using model reduction methods such as balanced
truncation [Moore, 1981], such models can then be replaced by low-dimensional linear models with a similar input-
output behaviour. The interface between the pathway of interest and surrounding environment model consists
of communicating metabolites and reactions, which are shared by both subsystems. A sensible subdivision,
with communicating metabolites on the side of the pathway and communicating reactions on the side of the

environment, is shown in Figure 13.

In practice, employing an effective environment model will only make sense if it improves the simulations. In my
tests with small models, this was the case, even if it was build from purposefully perturbed environment models
[Liebermeister et al., 2005]. But what if only a network structure, but no kinetic model of the environment, is

available? In this case, sampled elasticities could be used again to create instances of the environment model. Since
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Figure 13: Model reduction applied to biochemical network models. (a) A metabolic system (schematic example)
is split into a pathway of interest (left half) and its environment (right half). Both subsystems interact via
communicating metabolites (belonging to the pathway of interest) and reactions (belonging to the environment).
(b) To facilitate numerical simulations, the environment is replaced by a reduced black-box model. Figure from
[Liebermeister et al., 2005].

the linearisation by itself causes a relatively large approximation error, the error from using sampled elasticities
may play a minor role. Further improvements can be expected from nonlinear model reduction, but this is still
a big challenge in control engineering. Using the methods described so far, we may build pathway models of
various size, determine their parameters from data, and connect them to larger models. But how can models be
combined in practice if they stem from different sources and have not been specifically prepared? This practical

side of model construction is the topic of the following section 5.

25



5 Sustainable model building

5.1 Automatic model processing

With increasing amounts of high-throughput data, systems biology models are becoming larger and more precise
and may eventually cover all central cell functions. However, the final aim is not necessarily a single comprehensive
model for each type of cell: quite the contrary, different questions and applications require models of different
resolution and extension and with a focus on different processes. Furthermore, various models and model variants
are needed to study the metabolism of newly sequenced species or the effects of genetic variants. All this requires
that models be flexibly built, modified, and recombined by software. To move from traditional paper-and-pencil
models to computer-assisted modelling, the systems biology community needs to establish three things:

1. A technical infrastructure for processing models automatically, comprising standard formats for models
and data; central repositories for curated models; biochemical annotations of model elements; biochemical
databases and ontologies, i.e., formal representations of biological concepts and their relationships; methods

to process models automatically; and software tools that make all this easy to use.

2. Theoretical concepts to ensure that automatically built models will be biochemically meaningful. This
includes concepts for the automatic processing of semantic information, but also safe model formulations
that capture the knowledge and intuition of modellers about the mathematical, physical, and biochemical

aspects of models [Liebermeister, 2008].

3. A culture of sustainable modelling. Standard formats help to edit models, to avoid double efforts
of reimplementing and debugging models, and to build models that are easily reusable. Such sustainable
modelling will be a key virtue in future systems biology modelling, as we pointed out in [Krause et al., 2011].
Modellers should anticipate that their models will be reused, possibly as parts of larger cell models. This
is not only a matter of technology, but also of personal awareness and organisation. It concerns modelling
itself, the design of experiments, and collaboration within research projects. For instance, standard operating
procedures, established at the start of a project, can make experiments and data and models compatible

and therefore more useful.

Community efforts have resulted in standard formats like the Systems Biology Markup Language (SBML) and
software like CellDesigner [Funahashi et al., 2008] or COPASI [Hoops et al., 2006]. SBML is developed as a com-
munity effort and supported by more than 200 software tools. Within the past ten years, it has become the standard
format for systems biology models and its success has triggered other developments like the MIRIAM guidelines
[Le Novere et al., 2005] (Minimum Information Requested In the Annotation of Models), the model repository
BioModels Database [Novere et al., 2006], and the Systems Biology Graphical Notation [Novere et al., 2009], a
standard for depicting biochemical network models.

SBML represents a model neither as a pure biochemical networks nor as a pure mathematical equation system,
but as a mixture of both. While some biochemical facts are encoded in the XML structure (e.g., the links between
reactions and their reactants), the meaning of the elements (e.g. the identity of the compounds) is specified by
additional semantic annotations. Such annotations point to entries in public web resources, e.g., the ChEBI
database for biochemical compounds [Degtyarenko et al., 2008] and allow software to process models by their
biochemical meaning. Modelling tools provide users with simple and abstract views of their models, allowing
them to access further details only when required. Future software tools could allow users to retrieve data and
models from the internet and to treat them as building blocks for other models. In this section, | describe concepts
and software that | developed to support such a modular modelling.
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Figure 14: Model merging. Two simple network models (left and centre) share the elements phosphofructokinase
(PFK) and fructose 1,6-bisphosphate (FBP). When merging the models, the duplicate elements have to be
joined to avoid redundancies in the merged model (right). If duplicate elements have different features (e.g.,
concentrations for a compound, rate laws for a reaction), these conflicts need to be resolved either manually or
by applying default rules. Figure from [Liebermeister, 2008].

5.2 Model merging

Model merging is not only important in practice, but also exposes some of the general problems in automatic
modelling. We do not even have to consider models that are based on different mathematical formalisms; even
joining models that belong to one formalism can be a challenge. Biochemical models from the literature, which
we intend to merge, may overlap in complicated ways, so we need to find out how model structures can be made
to agree. | outlined some basic problems of model merging in [Liebermeister, 2008]. In principle, we can regard
each model as a list of compounds and reactions, each one with a set of properties: stoichiometries and rate
laws, for instance, can be listed as properties of the reactions. To merge the models, we join their element lists,
find duplicate elements, replace them by single elements, and translate the resulting list into a syntactically valid

model.

This looks relatively straightforward. However, what is simple for a human modeller may be difficult for software.
First, models may use different naming schemes, so elements should not be matched by their names, but by
their biological meaning as declared by formal annotations. Second, there may be duplicate elements with
conflicting descriptions (see Figure 14), and resolving them automatically can be difficult. Other problems arise
from conflicting model assumptions or systems described at different levels of resolution.

Automatic model merging is an important long-term goal, but still hard to achieve. As a step in this direction, my
colleagues and | developed an editor for interactive merging of SBML models. SBMLmerge [Schulz et al., 2006],
which later became a part of semanticSBML [Krause et al., 2010], automatically aligns models, detects inconsis-
tencies between model elements, allows the user to change the alignment and to resolve the conflicts, and returns
the merged model in SBML format. Relatively early on, it became clear that the models have to contain semantic
annotations to be safely merged. Since assigning these annotations is tedious, we developed the tool SBMLanno-
tate, which allows users to easily edit annotations. Further tools for automatic searches, alignments, clustering,
and merging of SBML models were added [Krause et al., 2010, Schulz et al., 2011] (www.semanticsbml.org).
SemanticSBML is freely available at www.semanticsbml.org as a stand-alone python software and as a web

application.

5.3 Comparisons between biochemical models

Element comparisons are a basic task in automatic model processing and crucial to align models, to cluster them
by similarity, and to search for models resembling or overlapping a given model. Figure 15 shows an example, the
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Figure 15: Alignment between two mitogen-activated kinase (MAPK) models from [Hornberg et al., 2005]
(BioModel 84; left, in blue) and [Huang and Ferrell, 1996] (BioModel 9; right, in red). MAP kinase cascades,
a common type of signal transduction pathways, consist of proteins that transmit signals by phosphorylating
the following protein in the pathway. Elements were matched automatically between models by semanticSBML.
Network nodes stand for species (circles) and reactions (squares). Orange lines connect corresponding elements
between models. Figure from [Schulz et al., 2011].

alignment between two MAP kinase cascade models. After matching similar elements, the resemblance between
both models is easy to see despite their different resolution. Together with colleagues, | developed a number
of similarity scores for models and individual model elements [Schulz et al., 2011]. The key question — which is
characteristic for clustering and information retrieval in general — is what aspects of a thing are considered in
the similarity measure. Since my main aim was to align overlapping pathway models, model had to be similar if
they shared biochemical elements. Other aspects of the models, like the mathematical formulation or numerical

parameter values, were disregarded, but they could become relevant in other contexts.

Similarities between model elements are defined as follows: we look up the biological concepts mentioned in
their annotations, use ontologies to connect them by paths, and compute a similarity score from the semantic
relationships along these paths. The similarity scores for models fall into three groups, depending on how much
information is taken into account: some scores only count which biological concepts are shared between models;
other scores compare individual elements by their annotations and align them between models; more advanced
scores use also the network structure to infer similarities between non-annotated elements. In an evaluation with
benchmark models, already simple model comparisons by feature vectors — which only count the appearance of
biochemical concepts in a model — yielded very good results. To make these methods applicable, we included the
similarity scores into semanticSBML, where they are now used for model search, model clustering, and for initial
model alignments in model merging. All these tasks can be performed online at www.semanticsbml.org. As

examples, a model clustering and the results of a model search are shown in Figure 16.
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Figure 16: Clustering and ranking of systems biology models from BioModels Database. (a) Clustering of models
and biochemical concepts. The annotation matrix (left) shows which biological concepts (rows) appear in which
models (columns). After sorting the matrix by hierarchical two-way clustering, similar concepts or models appear
close to each other. The close-up shows a selection of MAP-kinase models and the concepts typically associated
with them. (b) Semantic model search. Starting with the MAP-kinase model from [Huang and Ferrell, 1996]
(BioModel 9) as a query model, all models from BioModels Database were ranked by similarity, shown by bar
sizes. On the top hits are shown. The first hit is the query model itself; the following high-scoring mod-
els also describe MAP kinase cascades. Figure from [Schulz et al., 2011], created using the online tools at
www.semanticsbml.org.

5.4 What is a valid model?

Detecting conflicts between models can be difficult, especially if the models are large. To develop automatic
checks and safe model formalisms, we need to state clearly what we mean by conflicts and by incorrect models.
Models are never correct in the sense that they depict reality in each and every detail. George Box formulated this
as “All models are wrong, but some are useful.” [Box and Draper, 1987]. In practice, a model will be acceptable
if it meets its purposes and the modeller’s expectations, which vary widely from case to case: energetic balancing,
for instance, may be necessary for some metabolic models, but not so relevant in signal transduction models.
Therefore, we do not need an absolute criterion for model validity, but a catalogue of criteria that can be applied
depending on the circumstances and that can be tested by software. As a first step, | classified such criteria in
[Liebermeister, 2008]: not surprisingly, conflicts can arise on various levels, each requiring specific validity criteria,

and testing them automatically requires different types of information (for an overview, see Table 3).

Criteria Test requires: Example conflict

Syntax SBML syntax rules References to undefined model elements
Computation Equation system encoded in model Equations under-determined

Semantics Semantic annotations and ontologies Negative Michaelis-Menten constants
Physics Checks for model equations Mass balances violated

Biochemistry Data about realistic values Unrealistically high concentrations

Facts about organism  Databases / network reconstructions ~ Genes not present in organism

Table 3: Classification of validity criteria for systems biology models. Making validity criteria explicit can help to
develop tests for meaningful models and to devise safe algorithms for model merging. For a detailed description,
see [Liebermeister, 2008].
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Once validity criteria have been defined, we may attempt to ensure them by safe model formulations and merging
procedures. Translating the criteria into a formal representation will enable software to process not only the
models themselves, but also the users' expectations about models. This can be used for sanity checks and
for suggesting ways to resolve conflicts. On the one hand, conflicts can be detected after models have been
modified or recombined. On the other hand, they may be avoided from the start if the original models have
been built from common schemes, for instance, from a cellular network at a certain standard resolution. Some
of the validity criteria — for instance, compliance with physical laws — can be implemented in the mathematical
formulation: for instance, parametrising models by chemical standard potentials, as proposed in section 3, will
keep them thermodynamically correct even if parameter values are changed or models are combined. In fact,
some basic validity criteria are already guaranteed by the structure of SBML: certain mistakes (e.g., a missing
initial concentration value) can be detected as syntax errors. Thus, a clear understanding of model validity will
help not only to design safe merging algorithms, but also to develop data formats whose syntax ensures model

validity.
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6 Outlook

6.1 Biochemical models in the future

One decade after systems biology has been announced as a new field of research, most of the complexity in cells
is still unexplored. However, high-throughput experiments and network reconstructions are advancing fast and
models are becoming larger, more detailed, and more reliable. Comprehensive models of cells and organisms,
which are envisaged for the future, would open a broad range of applications. Simulations could help to predict
the effects and interactions of drugs and to account for genetic variants in personalised therapies. In genetic
engineering, models could help to find genetic modifications that will improve the production of commodity

chemicals.

How are we advancing towards this goal? With increasing computer power and more kinetic and dynamic data
to come, flux analysis and kinetic models may finally converge. Thermodynamic and stoichiometric models may
serve as blueprints for combining kinetic rate laws into genome-scale, dynamic models of metabolism. In such
models, different pathways may be modelled to different resolution and quality depending on their importance
for the model and on the available data. The economic use of enzymes, a key aspect in flux prediction, will be
described more quantitatively, and observed enzyme levels and their regulation may be explained by economic
principles. At the same time, microscope images, time-lapse movies, and other single cell data will bring new
challenges for data analysis. Stochastic and spatial models will not only be used to model the experimental results,
but also to interpret raw data and to extract hidden information from them. Generally, modelling will become
an integral part of data analysis and experimental design and will evolve from a separate research field into a

standard technique of biological research.

The methods presented here can simplify model building and help to automate some of its steps. In particular,
they allow us (i) to translate metabolic networks into dynamic models, integrating various kinds of data; (ii) to
insert plausible rate laws and kinetic constants that agree with thermodynamic laws; (iii) to determine elasticities
for large metabolic networks and to assess the global system response to single and double perturbations, periodic
perturbations, and noise; (iv) to study the roles of network structure, thermodynamics, and enzyme kinetics for
dynamic behaviour and control properties; (v) to construct effective models by applying model reduction to low-
quality, large-scale models; and (vi) to search, match, and combine existing models. The theoretical concepts help
to design good model formalisms and data structures, and this can change the way modellers work. An extension
of kinetic modelling to large networks and an easy mapping between data and models through annotations will
enable modellers to take advantage of high-throughput data and will bridge the gap between data analysis and
dynamic simulation. Automated routine steps and workflows can help modellers to abstract from model details
and to develop a high-level perspective on models, allowing them to concentrate on the more creative aspects of

their work.

6.2 How models can help to understand life

“How can the events in space and time which take place within the spatial boundary of a living organism be
accounted for by physics and chemistry?” Schrodinger’s question remains puzzling. If our aim is to find faithful
pictures of the biochemical processes inside cells, mathematical models can help to test and complete these
pictures, for instance, by extracting biochemical constants from experimental data. With their focus on molecular
and cellular processes, biochemical models cover the mesoscopic scale between nanometres and micrometres,
between the macroscopic world of cell populations and the microscopic world of molecule physics, to which they
are connected through parameters like molecular binding energies. Thus, biochemical models have their place in

the hierarchy of physical theories. But is there also something specifically “biological” to them, something that
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distinguishes them from other physical models?

As a result of evolution, cellular pathways and much more diverse and “historical” than other physical systems
like atoms, stars, or the weather. The essence of physical theories is often condensed in a simple set of equations,
like the Maxwell equations in electrodynamics. Although biochemical models are also built on general formalisms
— e.g., the kinetic modelling paradigm and the laws of thermodynamics — their essence lies much more in the
specific network structures or numerical values, which differ from organisms to organism and have to be collected
one by one through experiments. Biologists need to integrate various details and facts before a comprehensive
picture can emerge and, accordingly, understanding in biology is often reached through examples and analogies
rather than through general laws. With high-throughput data and the ability to build complex models of different
organisms, this may possibly change. The paradigm shift towards complex models and the huge accumulation of
data also creates unprecedented challenges for data analysis and modelling. And like in research on other complex
systems, one of the key aspects of a model is actually what is not in the model, what could be left out without

compromising the results.

On the contrary, there are views and principles that are really specific to biology. Prominent examples are genetic
information, recognition between molecules, self-replication, the control and usage of noise, and, of course,
evolution. Even if these principles do not explicitly appear in biochemical models, they have an impact on how
models are made. The different aspects of a biochemical system — network structure, kinetics, dynamic, function,
and evolution are closely entangled. To understand the structure and details of biochemical networks, we have
to consider evolution; to understand how evolution proceeds, we need to see how a genotype — defining network
structures, transcriptional regulation, and kinetic constants of enzymes — is translated into a biochemical dynamic

and further into cellular traits and behaviour.

Eventually, all these perspectives on biochemical systems should converge into a consistent picture. As | argued
here, this picture will not be a monolithic replica of the cell, but a collection of models of different resolution
and scopes, which can be combined and adjusted according to the situation. Flexible modelling methods will
enable us to translate our understanding of biochemistry and cell physiology into computer simulations, to face
the consequences of our mental pictures, and to improve them based on experimental data.
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