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Introduction

The increasing knowledge in biology and improved measurement methods allow to build detailed models of the
cellular interior. Due to the complexity of these models, tools to support researchers to set up models and to
analyze them are needed.The tutorial aims to introduce the simulation environr@vicF/DivA (see also[5]),
developed at the Max-Planck-Institute for Dynamics of complex technical systems, Magdeburg, and the University
of Stuttgart, Germany. It is not only intended for experts in the field of systems biology but also as an introduction
for biologists with some basic experience in mathematical modeling. The tutorial is divided in four parts:

Part[] introduces at first a very simple example of a metabolic pathway. This example is used to explain
the function of the modeling and simulation tool and the ideas behind the modeling concept and the modeling
knowledge bases. The model setup is described either using a modeling language or graphical user intefface. Part 2
focuses on the facilities to analyze the model and the available measurements. Besides dynamical simulation, an
analysis of the sensitivities and the parameters is also possible. If measurements are available, parameters showing
a high sensitivity could be estimated. The third part shows a more complex model describing carbohydrate uptake
and metabolism for the bacteriuBscherichia coliwhich is used in Paft]4 to identify parameters. Furthermore
an experimental design procedure offers the possiblity to design experiments in such a way that yet insensitive
parameters could be estimated.

1 Setup of a simple model with Promot

Within the modeling tool ROMOT [3] dynamic models of cellular networks can be constructed. Therefore mod-
elingknowledge basdsave been prepaired, which contain basic and common complex modeling entities to let the
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user build up such models more efficiently. The user can also extend the knowledge bases with his own generalized
modeling entities. The modeling tool uses an object-oriented modeling methodology known from computer sci-
ence. As in computer science it is used to prepair comprehensible and flexible modules that can be easily combined
to form complex models.

First a simple example is shown and set up that will be analyzed in the later parts of the tutorial. The following
reaction mechanism is considered:

I I ra I
Glce = Glc = Glc6P = Pyv = drain to monomers

Glucose in the liquid phag@lc is taken up by a transport stepand is metabolized in the subsequent reaction
stepsy, r3 andr4. The growth rateu is calculated depending on the glucose uptake.

For all reaction rates; a Michaelis-Menten kinetic is chosen. The organisms are growing in a biorector
(volumeV,), which offers the possiblity to control the system states with inflowggtend substrate concentration
Glcip in the feed. The model comprises differential equations for all components as well as for bXnibiss
effective equation system to calculate the system reads as:
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with molecular weight for glucosewgyc, yield coefficientyg|c and kinetic parametengnax , Ks -

Goal of this tutorial part is to construct this simple model using the prepaired modeling entities from the
knowledge base. For an introduction the basic modules in the knowledge base and their respective interfaces will
be discussed. This modules are substance storages, reactions (substance transformers) and signal transformers
(seel[7[ 5] for details about the modeling ideas). For some simple models the attached behavioural (mathematical)
model will be explained and also the way how these mathematical models are connected structurally to form
differential algebraic simulation models.

With the help of the graphical user interface the substance storages and transformers for this simple pathway
are selected from the knowledge base and then connected via their interfaces. Further a prepaired container model
for the biophase is set up that calculates growth adé&d biomass. To specify the behaviour of the mathematical
model, these modules have to be parametrized, i.e. the initial state values and parameter values for the different
states and parameters are set, using the modeling languag@MPROM OT.



2 The Simulation Environment DivA

PROMOT generates models for the simulation environmernt2D Models for DvA are formulated as standardized
FORTRAN routines which can be used by a couple of numerical methods e. g.:

1. Dynamic simulation of the model with different integration algorithms suited for different model structures.
A very efficient algorithm for DAE systems is DDASAC which is based on a paper of Caracotsios and
Stewart[[2]. Besides the system equations the algorithm also solves the sensitivity eq%ftim“rsstates
Xi to paramtem;.

2. Sensitivity analysis for parameters, also with respect to experimental data. The procedure is divided into two
parts. (i) Detecting a set of parameters which has a maximal influence on selected states. Here, a method
provided by Hearne [4] is applied. (ii) Based on these results available measurements have to be analyzed to
check if they contain enough information for parameter estimation. An analyses based on the calculaton of
the Fisher information matrix is used to group such parameters which could be estimated together [8, 10].

3. Parameter identification according to experimental dateva [provides optimization algorithms from the
NAG library [9].

4. Model-based experimental design. Often experiments are performed in such a way that they do not contain
enough information to estimate parameters. This is the case in batch experiments when kinetic constants,
e.g.Ks values for transport systems, have to be estimated. An experiment which shifts the sensitivities of the
parameters must be designed. Different criteria are introduced in the literature. Here, we use the E-optimal
design[[1]. This criterion tries to minimizemax/Amin With A are the eigenvalues of the Fisher information
matrix.

With the simple model introduced above some exercises are carried out, using the simulatiorvioahd
Matlab for the visualization of the simulation results. First a dynamic simulation is performed. The sensitivity
of the model for these parameters then can be computed using the sesitivity calculating integration algorithms of
Diva. Using a set of given measurements it can be analyzed how sensitive the parameters of this model are with
respect to the measured values i. e. which parameters can be identified best with the given measurements. When
this parameters are sorted out the parameter identification itself can be performed, using the sequential quadratic
programming algorithms of DA.

Normally the procedure is iterative: starting values of the parameters are often too far from there correct values.
Hence, after a first run of the mehtods it is expected that only a small number of parameters could be estimated.
So, two and more runs must be performed to get the maximal number of parameters which could be estimated.

3 Presentation of a Model for Catabolite Repression irk. coli

A more complex model describing carbohydrate uptake and metabolism for the backsaln@richia coliis
introduced (for further information on the model equations isee [6]). The complete model comprises 23 differential
equations and has about 80 parameters.

Using this more complex example the possiblities of model exploration and documentation with the help of
the modeling tool are presented. The central part is the regulation @fph@odulon that controls the uptake
of glucose, lactose and glycerole. Regarding gene expression the model has a hierarchical structure where the
expression of the transporter proteines for glucose and lactose is controlled by the regulator Crp and the small
signaling molecule cAMP. Parts of the central catabolism, and a simple model for the drain to monomer synthesis
are also covered by the model. The regulation insidethenodulon determines th&. coli prefers glucose over
lactose and shows a diauxic growth behaviour in presence of both sugars. For this more complex example some



higher structured modules are used to model signal transduction and regulation. An overview on the modular
structure of the model is given and some important detail models, especially the main glucose uptake system
(Phosphotransferase system PTS) will be shown within the graphical viewsodfi 8T.

4 Application of computational methods to the model forEscherichia coli

The methods for sensitivity and parameter analyses are applied for the model for two sets of data. The first set
comprises 4 measurements (biomass, external glucose and lactose and the lactose splitting enzyme LacZ) while
the second one comprises 6 measurements (in addition intracellular EIIA protein, extracellular cAMP). Based on
the available measurement, a number of parameters for glucose and lactose uptake can be estimated.

Measurements are performed with a number of isogenic mutant strains. Each mutant is missing a gene in one
of the relevant signal transduction pathways. For the following strains measurements are available: Wild type
strain LJ110 (modified W3110%ya , Lacl~ andPtsG".
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