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ABSTRACT

Using methods and tools from systems theory will offer new
possibilities to analyze and design biological systems. The
intention of this contribution is twofold: giving an overview
on different areas where such methods can be applied. The
main focus in the first part will be the set up of mathemat-
ical models. Here two complementing ways to come to a
suitable model will be discussed. The second part will de-
scribe possibilities to validate mathematical models and to
design experiments while the third part will discuss meth-
ods to analyze complex systems. Besides the overview the
second intension is to present also some new ideas for the
application of methods from systems theory.

1. INTRODUCTION

In the last years, interdisciplinary cooperation between dif-
ferent autonomous research disciplines, namely biology, in-
formatics and engineering science have let to a dramatic
change in life science. Mainly in biotechnology and biomed-
ical engineering, the application of tools and methods from
different disciplines succeed in new techniques and products
to improve health and supply with foodstuff. The analy-
sis of sequence data and the utilization of database systems
to structure the large amount of data has leveraged bioin-
formatics to became a very popular science. Moreover the
generation of these data by high throughput methods seems
not possible without ingenious application of automation
and robotics.

Starting last year with a meeting in Tokyo a new field,
namely systems biology, has emerged to emphasize the sys-
tem character of biological systems. Here, systems biology
“aims at system-level understanding of biological systems,
and to understand ‘Biological System as System’” [25]. Sys-
tems biology uses very different tools and methods to ana-
lyze cellular systems. The main focus lies on system struc-
ture and behavior analysis while on the long run technolo-
gies should be established which allow to design biological
systems. To identify the whole structure of a cellular net-
work, methods from genomics and proteomics will be ap-
plied. Questions in behavior analysis concern stability, ro-
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bustness and adaption of cellular systems under different
growth situations. Since these works require high compu-
tational effort, using different software tools, a group of re-
searchers started to define a software platform for systems
biology [6]. The heart of this platform is a standard lan-
guage for cellular models which allow an exchange of models
between different tools.

Nearly contemporaneously the Institute for Systems Biology
was founded in Seattle, USA, by Leroy Hood. The private
institute tries to occupy a niche between academia and in-
dustry, using the strength of both. The aim of the research
is to produce complete mathematical models of complex bi-
ological systems. Since biology “has been studied from the
perspective of analyzing individual genes and individual pro-
teins, systems biology, on the other hand, is interested in
analyzing whole systems of genes or proteins. What this
means is that we use tools for capturing information from
many different elements of the overall system. And we have
to be able to integrate the information that’s obtained from
all the different biological levels-DNA information, RNA in-
formation, protein information, protein interaction informa-
tion, pathways and so forth. The ultimate objective is to
use this information to write mathematical models that are
capable of predicting something about the structure of the
biologic system under evaluation as well as predicting some-
thing about its properties, given particular kinds of stimuli
or perturbations” [21].

A further definition for systems biology is given by the com-
pany called Beyond Genomics [14]. The company uses the
term in the sense of a systematic approach to reduce time to
develop new drug targets “to bridge the gap between molec-
ular biology and clinical science”. This will be achieved by
integrating a number of data from genomics and proteomics
to have a more complete picture of the molecular interac-
tions inside the cell.

This contribution concentrate on biosystems engineering’, a
consequential application of tools and methods from systems
engineering to biological systems (for an overview see Fig-
ure 1). The systematic elucidation of biological phenomena

!The term is taken from a research project in Germany.
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Figure 1: Overview on activities in biosystems en-
gineering/ systems biology. The figure is divided in
three parts, representing the three sections of this
contribution.

o

and the development of effective biotechnological solutions
to a series of commercial problems are both increasingly de-
pendent on systems engineering approaches to handle the
effective analysis of rapidly accumulating amounts of data
[42]. The heart of this new approach is the development
of mathematical models to simulate and analyze cellular
systems. Here, we concentrate on continuous deterministic
models, although there a number of different other types.
However, Figure 1 is a very general scheme, valid also for
discrete and stochasitc models.

The term “mathematical model” transcends writing simply
equations, e.g. for a continuous deterministic model with
states x, a set of parameters p and inputs u:

x = f(x,p,u) . (1)

We suggest, to define also a structure, i.e. decomposing a
complex system in smaller parts, which are named modules
or functional units. In Figure 1 “mathematical model” have
one of the following relevances

e flat model: a model without any structural elements;

e cluster model: structural elements without mathemat-
ical equations;

e structured model: model with mathematical equations
for structural elements.

The first part focus on a systematic approach to build mean-
ingful models. In previous work [29] some verbal biological
motivated criteria were developed to define structure ele-
ments which are called functional units (right arrow in Fig-
ure 1 from ezperiment to mathematical model). However, if
a flat model is given (set of equation like equation (1)), the
problem is how to demarcate such submodels, i.e. which
elements (metabolites, reactions) can be grouped together.
These questions are also addressed in the first section. A
second way, indicated by the left way in Figure 1, uses
time series of mRNA (from DNA micro arrays) and pro-
teins (quantitative proteomics) and tries directly to cluster
various elements and if possible assign also equations to the
defined elements.

A further emphasis is the validation of a model, based on
real experiments. Two tasks will be discussed: how to check
the structure of the model by formulating different hypoth-
esis and how to estimate parameters based on the available
data. To complete model validation, often some more ex-
periments must be performed. These experiments can be
designed according for the purpose of parameter identifica-
tion or structure identification.

The third part will discuss possibilities of model analysis.
Stationary and dynamical behavior has to be considered
to describe regulation and adaptation processes. To apply
models in process control and design, e.g. during a biotech-
nological process, they have to be reduced in order and in
number of parameters.

2. MODEL SET UP
2.1 Modeling concept

Modern biotechnology will increasingly require quantitative
analysis of the complex behavior of cellular systems. Even
the “simple” bacterium Escherichia coli possesses over 4,400
genes, about 2,500 active proteins and enzymes, 50 -70 sen-
sors in the cell membrane, and hundreds of metabolic path-
ways converting substrates into intermediary products and
cellular structures [32]. The analysis of such complex bio-
chemical networks becomes even more difficult due to the
great number of feedback and feedforward loops also in-
volved in cellular control [29]. An overview on mathematical
modeling and analysis in biochemical engineering is given in
[3]. Concerning Escherichia coli, a single cell model has been
developed over the past two decades [8, 40]. The model relies
on the macromolecular composition, on signaling molecules,
and on parameters such as cell volume and cell surface. How-
ever, structural elements are not given and therefore the
model is difficult to understand and model alterations can
hardly be made. A second approach, “cybernetic” modeling,
was developed by Ramkrishna and co-workers [43] to model
both sequential and simultaneous utilization of substrates.
Its advantage is the ability to predict growth behavior on
different substrate sources based on parameters determined
from single substrate growth experiments. The disadvan-
tage of this approach is that neither the specific mechanisms
of induction/repression nor the hierarchical structure of the
regulatory network is considered.

Simulations using realistic, molecular-level models of ge-
netic mechanisms and of signal transduction networks are
needed to analyze dynamic behavior of multigene systems,
to predict behavior of mutant systems and to identify design
principles applicable to design of genetic regulatory circuits.
When the underlying design rules for regulatory circuits are
understood, it will be far easier to recognize common circuit
motifs, to identify functions of individual proteins in regu-
lation, and to redesign circuits for altered functions [34].

A new approach [29] is based on the concept that cellular
metabolism is structured in functional units that could be
used in modeling [31]. Complex metabolic networks can be
decomposed into smaller physiologically meaningful units.
This is necessary for avoiding problems with dispensable
numbers of equations and (mostly) unsure parameters; this
makes modeling easier and more transparent. It also sup-
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ports the finding of the meaningful structures of cellular
control and thus supports the holistic understanding of cel-
lular metabolism. In [29] three verbal biological criteria that
allow the demarcation of functional units were defined: (i)
the presence of an enzymatic network with a common physi-
ological task; (ii) its control at the genetic level by a common
regulatory network, e.g. an operon, a regulon, and a modu-
lon - these networks are usually organized in a hierarchical
way; and (iii) the coupling of this regulatory network to the
environment through a signal transduction network. These
structuring principles have been applied to protein synthe-
sis and metabolic pathways. The process of modeling is
consequently understood as a progressive combination and
linkage of submodels to higher aggregated model structures.
Submodels organize the biological knowledge along two co-
ordinates: a structural and a behavioral coordinate. The
structural coordinate is described by the number and types
of inputs and outputs (terminals). The connections between
submodels are fixed according to the type of the termi-
nal. The behavioral coordinate, in contrast, is described by
mathematical equations. The coupling between the struc-
tural and the behavioral coordinate is the essential step in
a quantitative description and is realized by the assignment
of mathematical equations to the structural modeling ob-
ject, e.g. assigning a kinetic rate equation to a modeling
object called substance transformer representing an enzyme
catalyzed reaction.

A new graphical method for mapping especially multimolec-
ular complexes and protein modifications was presented by
Kohn [27]. This seems to be an ideal supplementation to the
concept in [29], since it allows the systematic representation
of e.g. the detailled conversion of a substrate into a product
during a enzym catalyzed reaction (see Fig. 2).

P

| 0 signal transformer
= ® dinat %
ES coordinator D1,
D2

&—

substance storage
[~ substance transformer @: :@

Figure 2: Right: Representation of a functional
unit according to the concept in [29] with the rep-
resentation of a Michaelis-Menten kinetic reaction
scheme for the substance transformer according to
Kohn [27]. Left: Modeling object “signal trans-
former” (Fig. 3 in [28]) and representation accord-
ing to Kohn.

The procedure imply that a biochemical reaction network is
known, i.e. all interactions between the ‘players’ are iden-
tified. The alternative way which leads to the set up of
mathematical models is based on the analysis of experimen-
tal data from DNA micro arrays and proteomics.

2.2 Cluster analysis

A number of tools and methods were discussed based on
real or simulated data [36, 7, 46]. In [16, 3] a hierarchy
of mathematical structures for utilizing experimental infor-
mation on gene networks is given. In [22] a very complete
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Figure 3: Normed trajectories and time derivatives
of typical P- and I-Variables as used in the described
algorithm considering typical trajectories.

picture of galactose utilization in the yeast Saccharomyces
cerevisia is presented. In a very systematic manner exper-
iments were performed to pertube the system by deleting
or overexpression of genes and the alteration of the environ-
mental conditions. The results led to an interaction network
where groups of genes can be defined which are highly inter-
connected. A further step using singular value decomposi-
tion [19, 20, 2] makes it possible to predict future expression
levels. In this work a linear relationship between different
modes was calculated and compared to experimental data.
In [42] the wavelet decomposition of gene expression signals
is discussed allowing the correlation of features, which are
localized in time or/and frequency, thus leading to a richer
class of potential gene-gene interactions over periods of time
or/and of specific periods.

Up to now, often enough experimental data are not available
to test algorithms for cluster analysis. To manage this, simu-
lated data from detailed models are used. In addition to the
already described verbal criteria, a new formal demarcation
procedure will be sketched. Starting with an already set up
DAE model (differential and algebraic equations) of the bi-
ological system, different mathematical methods have been
tested for finding meaningful subunits. Linkage-methods
from cluster-analysis were successfully applied to subdivide
the set of modeled state variables by means of a measure
of distance. A tree structure (dendrogram) is received rep-
resenting a hierarchical classification of the state variables.
Based on this hierarchy, groups of states can be isolated
which are barely connected to the environment representing
the requested subunits.

Different measures of distance have been examined repre-
senting two main paths: First on basis of the Jacobian ma-
trix of the linearized system at different points in state space
and second on basis of a typical solution of the DAE-model.
Using the Jacobian matrix, good results can be obtained for
metabolic models excluding regulation of gene expression.
The entries in the Jacobian of signals affecting gene expres-
sion were found to be too low in the considered models.
Therefore the assignment of gene products was not possible.



Another approach is to use typical trajectories were all parts
of the model are simulated. By correlating when the differ-
ent variables are active, a good structuring of the model
[44] was obtained. The crucial parts of this algorithm are
the choice of typical trajectories and the definition of ac-
tivity. Two types of variables were defined. The variables
are separated into two classes corresponding to their typical
trajectories: I-variables (from integral) typically show flat
ramps with different gradients in the observed time intervals
(Fig. 3). They are considered to be active whenever its value
is increasing. This is equivalent to the time derivative of the
variable being positive, see Fig. 3. Gene products can usu-
ally well be described by this type. In contrast P-variables
(from proportional) typically show steps, respectively steep
ramps. Variables of this type are said to be active whenever
their value is larger than a certain threshold. This is moti-
vated by them being constant most of the time, see Fig. 3.
Metabolites seem to fit into this category. Other definitions
of activity might be necessary, for example for signal sub-
stances which are active if their concentration is low.

Using this definitions of activity, the distance between two
states is calculated depending on how often the two states
are ’active’ together considering a typical trajectory. Based
on this measure of distance the tree structure can be cal-
culated by the already mentioned linkage-methods. For a
model of the transport systems of four carbohydrates (glu-
cose, sucrose, lactose, glycerol) and the glycolysis [44] the
resulting tree structure is shown (Fig. 4). All biologically
defined functional units (phosphotransferase system, glp reg-
ulon, glycolysis, lac operon, scr regulon) were found by this
formal algorithm. For example for the PTS the appertain-
ing modeled states EI, HPr, EITA EIICBglc, EIIBCscr are
linked by U-shaped lines of very small height. The height of
the U-shaped lines represent the distance between the linked
states. The various PTS-proteins are therefore found to be
very close to each other and clearly separated from the other
units. The same can be seen for the other units.

EHAE ‘ PTS
I

8
el 1 gip regulon %
e

lycolysis

tack | lac operon
il

schpanl \ scr regulon

CAMP |-
Eofulaczf
[

L L L L L L L L
0.2 0.4 0.6 0.8 1 12 14 16

Figure 4: Dendrogramm generated by cluster anal-
ysis of model of the transport systems of four carbo-
hydrates (glucose, sucrose, lactose, glycerol) and the
glycolysis. Horizontal axis is measure of distance.
Some results, e.g. the assignment of the total con-
centration of the glucose transporter PtsG (EOptsg)
to glycolysis are unusual in respect of the traditional
classification and are subjected to further investiga-
tions.

This new approach offers an opportunity to review biolog-
ically motivated structures. The algorithm will be tested
on other models. In further applications it can be used to
structure complex metabolic networks with unknown or un-
certain structure and to make such networks amenable to
modular modeling. A similar approach was used for clus-
tering of cell cycle gene products of Caulobacter crescentus
based on gene expression data received by two-dimensional
gel electrophoresis [15]. As shown, this kind of clustering
does not depend on using experimental data but can also
be done based on simulated data (typical trajectories). The
application of the concept of activity (on/off-behavior) and
of different types of variables, as used in this section, enables
more accurate structuring.

3. MODEL VALIDATION/EXPERIMENTAL
DESIGN

After having set up the model structure, the next step is to
check if the model is able to describe experimental data. The
section is divided in two parts: the first part describes tools,
which can be applied, if the model structure is fixed but pa-
rameters are uncertain or even unknown. The second part
concentrate on methods to distinguish between two model
versions. Since different model have a different set of pa-
rameters, tools from the first part can be applied here also.

3.1 Parameter analysis
When a mathematical model in the form

x = f(x,p,u) (2)

is simulated with states x, inputs u and a set of parameters
p taken from literature, it is often observed that the experi-
ments are not well described. This is based on the fact that
the parameters are taken from different sources and exper-
iments are performed under different conditions. To check
which parameters influence the course of selected trajecto-
ries a sensitivity analysis can be performed. A very effective
method was introduced by Hearne [18], who has formulated
the optimization problem:

max Z % dt, (3)

with states x; and changes Az; of z; due to changes Ap
of parameter vector p. With equations summarized in the
appendix, the solution is found by calculation the maximal
eigenvalue and corresponding eigenvector of matrix G. The
method is shown in Figure 5: parameter changes Ap; and
Ap> give the maximal deflection of state x.

Figure 5: Method of Hearne: State z on the left
hand side shows a maximal alteration, if parameter
p1 and p» are changed according to the plot on the
right hand side.
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If sensitive parameters are detected, measurement are needed
to estimate them. A very common tool to check if the mea-
surement contains enough information is the Fisher infor-
mation matrix F. The aim of the analysis of F is to detect
which parameters of the parameter vector p can be esti-
mated together with a given variance . The choice of v
depends on the accuracy of the measurement data and the
demands on the model.

The Fisher information matrix is defined by

F = 3 [27 ) cite)™ )], (4)

k=1

with N data points taken at time points ¢; and with the
matrix of the sensitivities £ and the covariance matrix C.
The covariance matrix C is assumed to be diagonal with
the variance of the states o; as elements. It is assumed that
o; do not depend from time point t; while it is taken as
a constant. In [33] the correlation between the covariance
matrix of the parameters Cp and F is given by

Cp, > F 1. (5)

By analyzing the eigenvalues of the Fisher information ma-
trix a set of parameters can be determined which can be
estimated with a given minimal variance « [39]. Although
there is only a statement on the lower bound of the variance
of the parameter which has to be estimated, the method
was applied successfully in optimal experimental design for
a biotechnological process [4]: The task is to find an input
u to alter the Fisher information matrix in such a way that
one of the following criteria are minimized:

e D-optimal design: det(F~1)
o A-optimal design: trace(F~')
e E-optimal design [4]: Amaz/Amin

with A are eigenvalues of F.

An open question in this procedure is the selection of the
system output (measurement). In the given references, only
simple models to describe a biotechnological production pro-
cess are used. To apply the procedure with detailed models,
it seems necessary to incorporate the choice of the output
in the method. Since very often measurement of intracel-
lular metabolites or proteins are sumptuary, only a limited
number of outputs are provided. If all states x; are pos-
sible outputs, we suggest to formulate a MINLP (mixed-
integer nonlinear programming) problem to determine such
outputs y; which contribute significant to the proposed cri-
teria. MINLP methods were used for product-oriented, con-
strained optimization of metabolic reaction networks, e.g.
maximization of ethanol production [17]. MINLP extends a
common optimization problem by restricting some variables
to an integer value. If outputs and states are connected in
the following way

cin 0 0
y=1" @ % x ©)
0 0 can
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the coefficients c¢;; are restricted to
Cii € {0, 1} . (7)

Moreover it is also an open question, in which way the anal-
ysis of a structure property called observability can be used
in this field. This may help experimentalists designing ex-
periments.

3.2 Moded discrimination

If a model is set up, there might also be some uncertainties
about the model structure, e.g. two or more version of a
submodels formulated as hypothesis are given. Here, the
design of an experiment results in finding an input u which
maximize the difference of the model output [37]:

max J
s.t. e = yi(p1,u) — y2(p2,u)
T
J = /eT Qedt (8)

0

where e is the difference of the model outputs y: and y»
with their respective parameter sets p1, p2 and the common
input u. J is the error functional that must be maximized.

To find a possible input u to distinguish two model vari-
ants, a new idea is presented whereas the system may be
analyzed using linear systems theory. A common tool in
control theory for systems analysis is the Bode plot which
analyze the output in the form of gain and phase shift, if
the system is forced by a sine signal with a selected fre-
quency. In general, different models may describe the same
stationary state with their set of parameters. A simple ex-
ample with two different models is given in the appendix.
Model A controls the activity of enzyme 2 while in model
B the amount (gene expression) of enzyme 2 is controlled
(see Figure 6). Analyzing the model equations, a set of pa-

out | in B

Figure 6: Two model variants: control of enzyme
activity, e.g. by allosteric modification (model A)
and control of gene expression, e.g. by repression

(model B).

rameter for each model can be found which describes the
same stationary state. The organism is assumed to grow in
a bioreaction and a continuous fermentation is performed.
In the following the system is linearized around the steady-
state, which is given by p = ¢;/V. System inputs are
inflow rate ¢, and feed concentration ci*. System outputs
are the concentration of S1 ¢s1, S2 ¢s2 and E cg. Further-
more, it is assumed that a part of the model is validated
and the parameters are known. Parameters Kj; for model
A and K72 for model B describing the control of the enzyme
are not known.



In the following the input/output behavior is analyzed by
calculating the phase shift for inputs gi» and c¢5* on outputs
¢s1, ¢s2 and cg varying parameters 0 < K1 < K71°® and
0 < K12 < K75*®. Figure 7 shows the result for input ¢;n
and output csi- As can be seen, there exist a small fre-
quency span where the two models display different phase
shift for all parameter combinations. Therefore an experi-
ment should be done which forces the system with a distinct
frequency from the frequency window to see if model A or
model B will be true.

w[L/h]

Figure 7: Phase shift for input ¢;, on output cs;.
Solid lines shows maximal and minimal values for
model A while dashed lines shows minimal and max-
imal values for model B varying parameters K;; and
K> between 102 and 10. For the small frequency
span indicated by the vertical lines, the models can
clearly separated.

4. MODEL ANALYSIS

The crucial point for the benefit of biosystems engineering/
systems biology is the success in analyzing a mathematical
model by detecting new correlations among the components
or the structural elements. Certain cell functions can be
analyzed by looking at the stationary behavior. A widely-
used tool is metabolic flux analysis [38]. This analysis is
only based on the structure of the stochiometric matrix of
the network and allows the detection of topological prop-
erties. Even if not enough measurements are available (the
system is under-determined), some stationary fluxes are cal-
culable [26]. Including the assumption that the organism
always tries to optimize the growth rate the stationary be-
havior of Escherichia coli and a number of mutant strains
could be predicted [10, 9].

Other functions are inherently dynamical. This is for exam-
ple the case for adaptation which denotes an insensitivity in
the long term with respect to a persistent stimulus. As was
pointed out by Kitano [25] the identification and systematic
storage of so called design patterns will allow a faster analy-
sis of complex systems. To think out this idea from a control
engineer’s point of view, this is analogous to the identifica-
tion of transfer functions in technical systems. However,
a fundamental difference between man made machines and
biological systems is that technical systems are composed
step by step: a (unstable) plant is stabilized by a controler.
On the other hand, analyzing cellular systems we are always
confronted with the closed loop behavior. This implies the
question which part of the system is the controler and which
part is the controlled system. If we are able to assign known
transfer functions to different parts of the biological system
this will be a great help in the understanding of the over-

Figure 8: Integral control loop in chemotaxis: u de-
notes the stimulus by the chemoattractant, y the cell
tumbling frequency and yo the difference between
actual and normal cell tumbling frequency. The left
diagram, taken from [45], is equivalent to the right
one.

all dynamical behavior. Two examples, exemplifying these
ideas are chemotaxis [45] and the regulation of the inositol
triphosphate (IPs) level in the cell [23].

4.1 Regulation and adaptation

Inositol triphosphate is an intracellular messanger which
causes the release of calcium from the sarcoplasmic retic-
ulum by an action on IP;s receptors [5]. A step increase of
calcium (Ca?") causes an initial peak in the I P receptor
which then decay back to its initial value [23]. Thus, the
level of IP; is statically independent of the Ca®T concen-
tration. In control theory, disturbance attenuation is the
term used to describe similar phenomena. In this context,
the calcium concentration is seen as a disturbance and the
level of IP; as the output to be controlled. Another way
of describing this behavior is to say that the level of IPs is
regulated by a controller which needs to be adapted each
time the Ca®* level changes.

The relatively oriented movement of a cell towards a chemoat-
tractant is called chemotaxis. For Escherichia coli, which
moves with the help of flagellas, the signal transduction is
relatively well known [30]. In [1] it is shown that chemotaxis
in Escherichia coli is robust against large changes in param-
eters. By analyzing the model of [1], [45] were able to show
that this robustness is achieved via integral control: A sim-
plified description is that the integral of the cell-tumbling
frequency is compared to the stimulus by the chemoattrac-
tant, see left part in Figure 8. This is equivalent to saying
that the cell is tracking the time derivative of the stimulus.
For a moving cell, this is an approximation of measuring the
chemoattractant’s concentration at several locations at the
same time for finding the optimal direction. This equivalent
representation is shown in the right part of Figure 8.

Unlike classical control problems, in physiological systems
like cells there is usually no clear separation between con-
troller and controlled system. Instead, regulation is often
“built into” the system [24]. Nevertheless, similar behaviors
can be observed. But analyzing a system with embedded
controllers is more complicated than a classical control loop.

Synthesis of simple regulatory circuits is already possible
[35]. For example, [13] designed cells as thermometers and
[11] oscillators which are independent of the cell cycle. Be-
sides the pure regulatory task, the cell also needs some kind
of safety mechanisms, as do man-made control systems [30].
Such mechanism can yield robustness against environmental
or intercellular variability[35].
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A possible application of biosystems engineering is to iden-
tify and characterize the regulatory elements present in the
cell’s signaling pathways by comparing there transfer func-
tion with known transfer functions from technical systems.
Moreover, if the behavior of the controlled system and the
overall behavior is identified, system theory will allow to
identify the behavior of the controller and this may help
biologist to elucidate new control schemes.

4.2 Model reduction

In the past years, the models of certain cellular pathways
have grown to several dozen states, e.g. [12, 44]. These first
principle models can be used for simulations, but for anal-
ysis purposes, they are often to complex to be understood.
Particularly their dynamic behavior is complex due to the
interlaced regulatory loops. Smaller models can be found by
modeling the system less precisely, e.g. by combining inter-
mediate products to a single state, which requires a-priori
knowledge. A further idea, presented in [28] uses the hier-
archical structure of the system to come to a reduced model
describing gene expression in a multigen network. Or, the
complete model can be used to find a reduced model us-
ing mathematical techniques. A reduced-order continuous-
time or Boolean automata model can either be found by an
algorithm or as a consequence of simplifying assumptions.
In [41] an example for a simple gene regulatory network can
be found.

In many cases, a modular approach in modeling is desired,
as was pointed out in section 2. This is for example the
case if a certain part should be modeled exactly with all
participating metabolites, but other parts by approximate
models. Using the model in [44] for analyzing the lactose
uptake, the regulatory pathways of the other carbohydrates
could be simplified. A possible approach to perform a mod-
ular model reduction approach is to use a cluster analysis
algorithm as in Section 2.2. This yields a partitioning of the
model into parts with similar activity. Each activity type
could be modeled as a state of an automata and a dynamical
system for modeling the dynamic behavior of the states of
the full system, i.e. the integral behavior of I-states. In the
case of the model of four carbohydrates [44], the automata
could have as states the presence of these carbohydrates. In
comparison to classical model reduction algorithms, the re-
sulting model is relatively close to a biological first principle
model.

5. CONCLUSION

For a better understanding of complex biological systems
tools and methods from systems theory should be used which
will offer new possibilities in analysis and design of complex
biological reactions schemes. On the other hand, for systems
theory, the application to a relatively new field may also be
a challenge. There seems no doubt that only with suitable
mathematical models a better understanding of biological
systems could be achieved. Hence, actual research will con-
centrate in this field. The crucial point of further activities
will a substantial support of biologists work. Only if bio-
logical researchers will occupy help from systems theory in
analyzing a network or designing an experiment, biosystems
engineering/ systems biology will succeed.
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Although the presented contribution reviews a number of
applications of methods from systems theory, an extensive
evalution is still missing. The time to set up a flat model
is very short in comparison with the time to set up a struc-
tured model which is validated with wild type strains and
mutant stains. This shortcut is not only due to the miss-
ing of suitable models but also due to the lack of consistent
quantitative experimental data. Methods described in sec-
tion 3 and 4 are far from application to complex cellular
systems and this might also be challenge for systems theory.
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APPENDI X
A. METHOD OF HEARNE
With sensitivities wj;
. Wil - Wim
wij = gxl'p_]" Q= (9
bj Ti Wnlt - Wam
the vector of sensitivities s
Apl
= [=2...], 10
[ = ] (10)
the optimization problem can be formulated as
T
max ST/ Qf Qdts. (11)
0
With scaling of the sensitivities
sTs=1 (12)

the problem can be reformulated as an Euler-Lagrange equa-
tion with the solution

with

B.

Gs = As, (13)

T
G = /QTth. (14)
0

MODEL A AND MODEL B

The following model is used:
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(B —qin/V)ex
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(15)

z/s T1, volume V, molecular weight M, yield

Y,/s. The following reaction rates are used for model A:
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and for model B
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