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ABSTRACT

Motivation: Need for software to setup and analyze
complex mathematical models for cellular systems in
a modular way, that also integrates the experimental
environment of the cells.

Results: A computer framework is described which allows
the building of modularly structured models using an
abstract, modular and general modeling methodology.
With this methodology, reusable modeling entities are
introduced which lead to the development of a modeling
library within the modeling tool ProMot. The simulation
environment Diva is used for numerical analysis and
parameter identification of the models. The simulation
environment provides a number of tools and algorithms to
simulate and analyze complex biochemical networks. The
described tools are the first steps towards an integrated
computer-based modeling, simulation and visualization
environment.

Availability: Available on request to the authors. The
software itself is free for scientific purposes but requires
commercial libraries.

Contact: ginkel@mpi-magdeburg.mpg.de
Supplementary information: http://www.mpi-magdeburg.
mpg.de/projects/promot

INTRODUCTION

dynamics of small metabolites if the system is shifted
from one steady state to another (Schaefeal., 1999).
These facts—availability of knowledge of the genetic
structure and new measurement technigues—smooth the
transition of biology from a qualitative to a quantitative
science. However, to analyze and possibly predict cellular
behavior based on the the increasing quantity of knowl-
edge and therefore more complex cellular system models
the application of mathematical modeling is necessary.

For dynamical systems, we previously introduced a
suitable modeling framework (Kremlingt al., 2000)
based on the definition of submodels calleddeling
objects. These modeling objects cover a broad range
from single enzymatic reaction steps to rather complex
structures, which are calledperons and modulons in
bacterial genetics (Neidhardt al., 1990). This paper
deals with two computational aspects in modeling cellular
systems: (i) the modular assembly of dynamic model
equations; and (ii) model validation based on parameter
identification from available measurements. Although
different other modeling and simulation tools like GEPASI
(Mendes, 1997), Jarnac (Sauro, 2000), VCell (Schaff
et al., 1997), DBSolve (Goryaniret al., 1999), E-Cell
(Tomita et al., 1999) and others also solve systems
of differential equations, they don’t provide a modular
approach for model setup.

The success in modern biology in analyzing the genetic A problem not discussed here in detail is the exchange of
structure of many organisms has allowed bioinformaticsnodels between different modeling and simulation tools.
to become a very popular science. Consequentially, ¥Vetake partin an international initative of simulation tool
number of database systems have been developed to orgtevelopers to define a practical standard for mathematical
nize the large amount of data occurring during researchnodels of cells that is calledystems_Iology markup
(e.g. Kanehisa and Goto, 2000; Salgaetoal., 2001). language (SBML Huckat al., 2000). It is planned to
New measurement techniques like cDNA microarrays anémport and export SBML in ProMot.
2D-gelelectrophoreses have been also established and aré\fter introducing the modeling concept, a software
used to obtain insight into the overall cellular state. More-€nvironment, combining two tools, namely ProMoT and
over, new measurement techniques which allow sample®iva will be presented. The Press_Maleling Tool

to be taken within a time window of 2/100 seconds are”foMoT (Tiankle et al., 2000) was originally designed

possible now and are used to analyze the intracellulai©r the computer-aided modeling of chemical processes
as well as for the implementation of libraries that contain

reusable modeling entities. The differential-algebraic
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models created with ProMoT are added to the model
library of the simulation environment Diva (Molet al., vone Device-
1997). DOfferential Algebraic Fjuations—DAE, some- & level
times also called ODE-NAE models are a combination

of ODE that are simultaneously solved with algebraic

constraints. The numerical methods provided by Diva are

applied to the numerical analysis, dynamic and steady O S
state simulation and identification of model parameters. T ﬁ ;

~Blo-1eac

Phase-
level

SYSTEM AND METHODS

Systems biology seeks to combine experimental and the-
oretical work for a better understanding of the overall be-
havior of cellular systems. This implies that not only the
cellular interior has to be modeled but also the environ- /
ment, e.g. the fluxes into and out of a bioreactor which al--
low exposure of the organism to defined and reproducible
conditions. When analyzing complex systems with a high
number of elements and several interconnected levels, e.g.
a fermentation plant with a bioreactor containing liquid
and biophase, where the biophase again is decomposed in ¢
metabolic units, a common base is required which is ap- /
plicable to all levels. Therefore, network theory was pro-~
posed for analysis and synthesis problems in chemical and
biochemical engineering. Fig. 1. Representation of different detail levels of a bioreactor
Network theory model by the means of network theory. The diffgrent layers are all
represented, based on components and coupling elements. These

Network theory (Gilles, 1998) gives a fundamental way toelements provide a modular structure and interfaces for the more
decompose various processes into hierarchical units in getailed levels.
systematic manner. The hierarchical structure of the pro-
cess is represented in several levels (see Fig. 1). All lev-
els consist of two basic types of elements, nanoelypo-  Vector is passed across phase or device borders it must
nents, representing the holdup of different physical quan-consist of extensive quantities only, like mass flux, molar
tities (drawn as circles in the figure), ardupling ele-  flux or volume flux, otherwise it is not possible to achieve
ments describing the interactions and transports betweemodularity.
the different components (rectangles in the figure). The ) i )
top level can be, for example a device level consisting of1 0deling concept for biochemical plants
components like reactors and other devices and coupling continuously stirred tank reactor with several substrate
elements like valves and pumps etc. The devices agaii®eeds and an outflow is considered as an example for a
consist of phases that are coupled by phase-boundaries iochemical plant and is depicted in Figure 1. The plant
membranes and finally the phases consistafagesthat  is composed of process devices namely the reservoirs and
are coupled via reactions or diffusive and convective rethe bioreactor and their coupling elements that are valves.
lations. Network theory integrates all these levels into thelhe bioreactor is modeled with two phases: the liquid-
same theoretical concept in a modular way with well dephase and the biophase. The liquid-phase model comprises
fined interfaces. its volume as an extensive reference quangtyunit [1])

How are these models computed? There is a divisiomnd storages for the substrates (concentratmn@init
of tasks between the basic elements. Components providg/!1)). The biophase contains storages for intracellular
information about theipotentials, i.e. their concentration metabolites, and the biochemical reactions as coupling
and require information about the fluxes coming in andelements. As an extensive reference quantity, e.g. biomass
leading out of them. Essentially they balance the potentialémyio) or total volume of the cells should be used.
with regard to the fluxes. Coupling elements calculate the For an exact formulation of the cell growth, all existing
fluxes, i.e. the reaction rates, depending on the potentialexchange-fluxes through transporters between the two
and provide the flux information to the components. Thisphases have to be summed up. But due to the fact that
two-directional information exchange of potentials andbiological models can probably never comprise every
fluxes forms apotential-flux vector. If a potential-flux  single transport pathway connecting the cell to the liquid
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phase, a slightly different approach has to be chosemlycolysis) and elementary entities (e.g. reactions). In
We suggest balancing the exchange-fluxes by using yieldeneral they represent components and coupling elements
coefficientsY (unit [gpw/g]) for the substrates taken into of network theory on different hierachy levels. Modules
account in the model. The balance of biomass then resulre encapsulated and therefore separated from their envi-

in: ronment whereas their interfaces are definetebyinals.
Jout[V] The behavior of a module is characterized by aggregated
Miio =Y M jex[C] Myio — Mpio — , (1) variables and equations in @ module-local DAE.
R Vi To establish connections in a modularized model,

. groups of variables are assigned to terminals. When

where M is a diagonal matrix of the molar weights of terminals are linked, additional linking equations connect
the substratesjex[c] the substrate exchange betweenthe different behavioral subsystems. Terminals are not re-
biomass and liquid phasel,[V] the liquid flow out quired to have a specified direction (e.g. input or output).
of the reactor ang: the growth rate of the cells. This In case of substance flows in biological reaction networks
allows for modeling the cell growth realistically while they represent a bidirectional information exchange of a
representing only the main substrate transport pathwagoncentration and a flow rate in the sense of potential flow

(called channel) in the model. vectors. Another important form of terminals in biolog-
_ ical systems are cellular signals which represent only a
Modeling framework for cellular systems concentration. Modules, terminals and links are structural

In microbiology, the thinking in functional units (describ- modeling entities, whereas variables and equations are
ing a subset of the cellular processes) has become populehavioral modeling entities.

and has resulted in the definition of subnetworks that are The emphasis on modularity has several advantages in
under control of a common regulator protein (Neidh&dt modeling complex biological systems:

al., 1990). The combination of these ideas with network . )

theory leads to a modeling framework which was previ-® the user works with comprehensible networks of
ously introduced (Kremlingt al., 2000). At the highest modules rather than with reaction _netwqus with
level of resolution, elementary submodels (modeling ob- Nundreds or thousands of parts. With this feature
jects) are defined. Important elementary modeling objects It IS also easier to divide tasks between different
are substance storages and substance transformers for the Modelers working on parts of the same system, which
metabolic network and signal transformers for the regula- 'S desirable for large scale biological models;

to_rl}/ network. t b ted b bstanc the interface of a module can be specified separately
Wo ormore storages can be connected by a SULSIaNCe g,y g implementation. This leads to a simplified

;ga:nmsgssrrgg :?:;tf dp;esst?/\r/]ésc?)rtﬂolce hn?g]r:f;l rzzcgz?s'_-r(:??ﬁe' exchangeability of different module implementations
P y asp ' with the same interface. This can be used e.g. for

representation of the stoichiometric struciure 9f the reac- implementations of a module which differ in the detail-
tion with interfaces for substrates and products; and (ii) the level-

reaction kinetics together with the participating and con-

trolling ligands (activators and inhibitors). e an important and often neglected task in model devel-
Since the understanding of signal transduction and gpment is model debugging. With the depicted struc-
processing is the key for describing the overall behavior  tyre it is easier to debug an individual module with its
of cellular systems, these processes are described in a jnput-output behavior in a well defined test frame first
separate class named signal transformers. Elementary pefore the modules are combined to a larger system.
modeling objects can now be aggregated to describe since the couplings are explicit in the modular system,

more complex processes like gene expression or signal yemoval of feedback can be easily carried out as sim-
transdcution cascades (Kremling and Gilles, 2001). plification to isolate errors in the mode!.

Modular model representation The modeling entities in ProMoT are organized as an
ProMoT enables the use of object-oriented modelingbject-oriented class hierarchy with multiple inheritance.
techniques including encapsulation, aggregation, andhis concept from computer science was adopted to
inheritance. In ProMoT, dynamic models are built byallow a better organization of complex modeling libraries
aggregatingstructural and behavioral modeling entities.  and flexible implementation of large scale models. Every
Structural modeling subdivides a model intaodules.  entity in this hierarchy inherits all parts and attributes from
Examples for modules in systems biology are procestheir respective superclasses. With this method abstraction
units (e.g. fermentation reactors), balanced volumess possible and more general and reusable entities can be
(e.g. phases), functional units of the metabolism (e.gformed.
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conforming to the CLOS Meta Object Protocol (Kiczales
et al., 1991), this foundation of ProMoT is implemented
as an extension of standard Lisp classes. The classes are
dynamic meta-objects in the Lisp runtime environment;
Visual Editor | |Aggregation View ! that is why it is also possible to edit them at runtime using
either the graphical editor or through changing the source
3 code.The possibility to do this is rarely found in pro-
| CORBA (ILU) | s gramming languages: most languages provide class meta
. objects only for reflection (i.e. read-only introspection in
—— Lisp J_ava), if they provide any at all. For example, common
Lisp and Smalltalk also allow one to change classes
(write access), which is one of the main reasons to build
the modeling environment in Lisp. The representation
Equationset ! Y : of the mathematical model is done in a symbolic way.
N'E?g;i';nsg This make.s it possible to manlp'ulate thg formulae, eg.
(CLOS Classes) for normalization of the differential equations or during
optimization of the final simulation model, which can be
[ cowriter | easily implemented in Lisp.

v The modeling language MDL (Model Description Lan-
guage) of ProMoT is a declarative, object-oriented lan-
guage that allows a symbolic implementation of variables
and equations rather than the programming of imperative
Simulation Module code. ProMoT interprets MDL to create the class repre-
sentation and can serialize the classes to MDL. Thus the
modeling language is used as the storage format for the
modeling libraries. Because every aspect of a model can
Fig. 2. Software architecture of ProMoT. The kernel provides all be described within MDL, the_ modeling language '$ the
model handling including reading and writing modeling language,M0St powerful way to model in ProMoT. The GUl is a
instantiation, consistency-check and writing of Diva models. Theclient that is implemented in Java using the Java Foun-
GUI and the kernel interact through a Corba-middleware called ILU dation Classes (Swing). It interacts with the kernel in a
Model View Controller (MVC) fashion and has the role of
aview and controller for the models in the kernel. With
the GUI, users can explore and manipulate the modeling
IMPLEMENTATION OF ProMoT entities by their graphical representation. Therefore views
ProMoT provides a special modeling language as well agf the inheritance hierarchy and the topology of submod-
agraphical user interface (GUI) for interactive modeling. yles and their connections can be presented. The visual
The modeling tool, as well as the simulation enVianmentaspect is very important especially for the communication
are developed under different Unix-derived operatingn interdisciplinary teams, to have a common notion of
systems, however the main platform is Linux. As shownthe considered modeling entities. Besides that also graph-
in Figure 2 the kernel of the system is implementedical editing of the topological structure of modeling enti-
as a modeling server in object-oriented Common Lispies can be done interactively with flow-chart diagrams.
(using the @mmon _Lisp Object §stem CLOS). Further |n this way new higher structured modules can be cre-
information about availability and requirements of theated easily. For changes on behavioral modeling entities
software can be found on the web page. Although Lisghe GUI launches a text editor in order to change the MDL
is currently not a very popular language, it has certairsource code of a single modeling entity. Thus modeling
qualities that are adjuvant for an easy and flexible impletanguage and graphical editor can be used alternately to
mentation. ProMoT’s modeling entities are classes andhange modeling entities from the user interface.
use multiple inheritance. Therefore they are internally The internal processes in a typical modeling scenario of
represented by specialized classes in CLOS, whiclProMoT are as follows: The user loads necessary libraries
handles inheritance and creation of instances. The class@be details are introduced in the next subsection) with
represent aggregation and composition of aggregateslsic module definitions from MDL files using the class
parts explicitly, which allows construction of complex browser of the GUI (Fig. 3). Then he creates or extends a
containment hierarchies and their analysis in the finamodule that should be simulated in Diva (the main model).
model. Since Lisp classes themselves can be programmetherefore he builds the module structure out of predefined

Java

Class Browser Structure View

ProMoT Kernel |MDL Interpreter | | MDL Writer |

Optimizer >

Model
Instance

Consistency- |€—»
Check
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-I:I—lﬁommt User Interface x
File Class Select Options
7 rmiod eling-entity

identifies implicit algebraic equationgy), that have to be
calculated simultanously with the differential equations.

@ [ behavioral-mod eling-entity
@ 3 structural-modeling-entity
@ & module
¢ & ecal

£ biophase

& S function-sub net
ZF liquidphase

@ £ metabolic-subnet
2 reactor

@ £ regulation-subret

@ L transport-subnet

h:=g(x, h, p,t) 4)
Bi(x, h, p,t)x = f1(x, h, p, t) 5)
0= fJ'(x, h, p,t). (6)
Explicit equations in the algebraic part are sorted accord-

ing to their dependencies and are directly calculated as as-
signments to intermediate variabledy the functionsg.

¢ fgﬁgg Additionally constant expressions and unnecessary vari-
® f;aﬁiuns_ ables are identified and eliminated through symbolic trans-
S 57 cammlyic formations. This produces a more compact and performant
o oser farmal implementation of the model that also avoids numerical
& polyrmerisatar . . .. ..
& F structure problems with inconsistent initial conditions of the DAE.
oo ciorewansformar Finally ProMoT generates Fortran source code that

& &8 terminal can be used within the simulation environment Diva.
Therefore the Code Generator dHler et al., 1997)
is invoked which translates the symbolic representation

Fig. 3. ProMoT class browser showing the class library discussed iI'Pf_ ProMoT to Fortran subro'utines qnd prepares the
the text. initialization of the sparse matrix numerics of Diva.

Library for metabolic models

modules from the library and adds special parameter anéll modeling entities are held in a knowledge base that
initial values for the variables. If the user needs a speciatomprises elementary modeling objects like terminals,
module with a behavior not available in the library, hestorages, transformers and channels as well as predefined
can create this using the modeling language. He shoulbigher structured modules, e.g. for gene-expression. The
use standardized abstract superclasses for the new moduiger-defined models can be based on the predefined
to stay compatible with the rest of the library. Finally modules and are added also to the knowledge base. In
the main model is written to Diva. In this process thethis way the setup of new models is simplified and sped
Lisp class representing the main model is instantiatedip considerably. It is less error-prone and in addition the
with all contained submodules. Then a consistency checkiodels become standardized, what enables exchange and
is performed, that unveils logical errors in the modelreusability of models. The library for modeling biological
structure and also structural errors in the underlyingsystems in ProMoT contains several categories which are
equation system. presented to the user in the tree-structure of the class
If these checks can be passed successfully, a compagtowser (see Fig. 3).
DAE is generated from the structured representation For the representation of basic modules like storages
within ProMoT by aggregating all equations together withand substance transformers basic terminals are defined,
coupling relations. The modular structure is only usede.g.term-reaction-flux andterm-storage-flux
during modeling: since the Diva simulator does not allowfor connections of intracellular reactions with intracellular
changes to the structure at runtime, it is not needegtorages. These terminals define a potential varialfite
during simulation. The structured way of modeling in aconcentration and a flux variabtefor the reaction rate.
ProMoT and the use of modeling libraries often introduceSubclasses of these basic terminal types add additional at-
unnecessary algebraic equations in the resulting model fdfibutes, e.g. in the terminakrm-1lig-storage-fluxa
couplings in links and calculations of variables to achievevariable for the molar weight is aggregated which is nec-
flexible modules. The resulting DAE can be divided into aessary to convert cell-external concentrations at the border
differential part (2) and a purely algebraic part (3): of the biophase.
The predefined elementary modules are represented be-
Bi(x, p,)x = fi(x, p, 1) (2)  neathmodule/library with thestorages as animpor-
0= fo(x, p, 1), (3) tant subgroup. There are storages defined for the liquid-
phase and for the biophase with different kinds of termi-
wherex is the vector of stateq the vector of parameters, nals. For exampletorage-intra x is a storage with a
u the input vector andB; is the descriptor matrix. term-storage-flux terminal. It contains a differential
The modeling system analyzes the algebraic garand  equation for a substance storage that automatically takes
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complementary aspects. This enables a selection of the
required transformer either trough the brakdmetics
or structure from the browser tree. For example, the
module trans2a-mm_1 is a transformer that connects
two storages with a Michaelis—Menten-reaction and a
graphical representation to the lefthannel2a-mmui
is a channel with a Michaelis—Menten reaction and un-
competitive inhibition, where the first connected storage
has to be extracellular and the product is intracellular.
This channel class is instantiated as submodulec in
% Figure 4.

— The user-defined modules are also held in the knowledge
/ il base. There is no formal difference between user-defined
and library modules. Library modules are just designed
having more generality in mind. As an example a model of
tgl the carbohydrate uptake B$cherichia coli (Kremling and
Gilles, 2001; Kremlinget al., 2001) has been implemented
in ProMoT. The top module of thg&. coli model is the
%lassreactor that consists of the biophase and the liquid-

.m e both groups respectively that form the aforementioned

dna_lac allo

t_eila

t lace

Fig. 4. Setup of a model for lactose transport as it appears in th

visual editor of ProMoT. The whole drawing is the interior of a Bpase (as shown in Fig. 1). The classophase itself

module. The white and gray boxes at the outer edges are extern hiahl d and . | f
terminals (in this case referring to terminals of the submodules)'S NIgNly structured and comprises some central parts o

The elements inside the drawing are aggregated submodules, lind€ catabolism and different transport pathways with their
represent links. respective interacting regulation networks. One of these

pathways is the uptake of lactose as shown in Figure 4.
Lactose is taken up, coming in with thelace terminal
on the left, through ther_lac channel on the left
and cell-internal lactoséac. It is further degraded up
by the transformerr_lacz into glucose and galactose
: O . leaving the module through the terminals on the right
ure is used for defining the constantenzyme-concentratloH . : L
. . i and side. A by-product of this reaction is allolactose
as an input into a substance or signal transformer. L C
. (allo), which is important for the control of transcription

Another important _ subgroup of the library is of the enzymes LacY and LacZ catalyzinglac and
reactions, where transformers and channels are . i ;
_lacz in coor_lac. This provides, that the enzymes

defined. Their attributes are subdivided into kinetic and-

structural properties. Beneath the subcladsasetics only get expressed, if lactose is present n the mgdlum.
: X . . The signal-transformesoor_lac models the interactions
there are various predefined modules, mug.Michaelis—

Menten,mmea: Michaelis—Menten with essential activa- at the promoter binding site of the DNA-sequence for
tion ! in N ona mechanismsr2: sequential random the enzymes and also integrates the signal of a global
» PP- PINg-pONg m MEr2. Sequentl ctivator that is included through the termibahd_clac.

2 substrate mechanism and of course simple form : .

first- and second-order reactions. In these modules thehe dla_mond-shaped expressor contains a model for the
, . X ' . translation and the degradation of the two enzymes. The

appropriate variables, equations and terminals for the

calculation of the reaction kinetics are defined. Kinetics ¢2CiOMr-1ac interacts with other transport pathways for

define terminals as well for connecting storages thaglucose (namely the phosphotransferase system) via the

actuallv do not take part in the reaction as substrate 0mhibitor ElIA, which enters the model as a concentration
y X ) gignal through the terminat_eiia. As long as the
product but affect the rate as e.g. enzyme, activator or

U e . glucose transport is active the resulting high concentration
|nh|b|_tor. For the_ structural (stoichiometric) part of the of EIIA inhibits the uptake of lactose.

reactions there is a separate group of modules below

structure. These classes contain terminals and stoi-

chiometric parameters for subtrates and products and moStUMERICAL MODEL ANALYSIS WITH DIVA

of the the geometry-information (position of substrateThe numerical analysis of the models is done with
and product terminals, iconic representation). Finallythe simulation environment Diva (Mohdt al., 1997).

the complete transformer or channel inherits the relevaniVithin Diva many different numerical computations are
kinetic and structural properties from one element ofpossible, based on facilities to calculate the steady state

the dilution by the cell-growthx into account. In Figure 4
the moduled ac andallo are instances of this class. The
modulestorage-const-enz_c like e_lacr in the fig-
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and dynamic behavior of the model using non-linearFor the optimization a SQPSequentialQuadraticProg-
equation solvers and integrators. For metabolic modelsamming) method from the NAG library (Mérand
two methods are of special interest: (i) parameter analysig/right, 1993) is used.

with respect to experimental data; and (ii) identification of

parameters and model accuracy. Numerical analysis of the example
) o A mathematical model for catabolite repression was intro-
Parameter analysisand sensitivities duced previously (Kremling and Gilles, 2001; Kremlietg

Sensitivity analysis of cellular models is often associatedl., 2001). The model describes glucose and lactose uptake
with the calculation of flux and concentration control as well as the control of gene expression of the respective
coefficients from ‘Metabolic Control Analysis’ (Heinrich enzymes. The model comprises 22 ODE’s and seven al-
and Schuster, 1996). Diva uses parameter sensitivitiegebraic equations. According to the underlying modeling
wij = 9x; /0 p;j for another purpose. concept, the equations are assigned to modeling objects.
The aim of the parameter analysis is to find a paramete®ne of these objects, Lac transport has been introduced
vedor p, that is a subset of all parameters contained in thebove.
model. It should be possible to estimgbewith a given Based on the available measurements in first run—
variancey. The choice ofy depends on the accuracy of biomass, extracellular glucose, lactose and intracellular
the measurement data and the demands on the model. TacZ—and the experiments performed it is expected that
identify the elements opf, given some initial vectopy the ~ parameters which could be estimated are closely related
user is interested in, the following approach is used: Théo glucose and lactose transport kinetics and to LacZ
model and the measured data are analyzed with the Fishsynthesis. The result of the analysis shows that 16 param-
information matrix (Ljung, 1999). The Fisher information eters could be estimated In a second run three additional
matrix is defined by: measurements—intracellular concentration of protein
ElIA which is involved in glucose uptake and intracellular
and extracellular cAMP concentration—are included in
(7) the analysi i i
ysis (the time course of these experiments are not

yet published). With these measurements available, 20
with the matrix of the sensitivitie®V(ty) = dx/d p and parameters could be estimated.

the covariance matriC(tx). The covariance matrix is
assumed as a diagonal matrix with the variance of th@|SCUSSION

statesoj as elements. It is assumed ttdo not depend An overview was given for a workbench of software

from time pointt, while it is taken as a constant. tools that supports modeling and numerical analysis of

Applying a method introduced by Posten and Munack,e i jar systems. The modeling tool ProMoT provides an

(1990), p can be determined by analyzing the eigenval- thodol th ibilit
ues X and eigenvectors oF: The parameterp; out of approved methodology and the possibility to use ready

N . made modeling entities out of knowledge-bases. Efficient
p, most contributing to the eigenvector that correspond

h I . e d el ?nodeling is supported by the use of a graphical user
to the smallest eigenvalugyin, Is removed successively ierface and a modeling language. Sophisticated methods

from p until y > ‘/ﬁ. Although this provides only a for the numerical analysis of the resulting models are
local estimate of the lower bound for the variance of parovided by the simulation environment Diva. Besides
rameter estimation, the method was applied successfullfynamic simulation the identification of parameters and
in optimal experimental design for a biotechnological pro-the analysis of sensitivities are possible. The workbench

N

F =Y Wt CtoW(to],
k=1

cess (Baltest al., 1994). is different from other tools like Gepasi and Jarnac
' _ because it deals with modular models and can handle
Parameter estimation DAE like VCell and DBSolve. It is well suited for

Identification with Diva is restricted to the estimation of larger simulation and parameter estimation problems
parameters in a fixed model structure. Measurement datith up to 10000 differential equations, because of
(zik) is available for a subset of the states at time pointthe advantages of modular model development and the
tx. The aim of the estimation method is to minimize theéefficient numerical routines of the simulator. The main
objective function: advantage of our software is the modular modeling
N approach which is to our knowledge not provided by any
(D) — 2 (X (Xo, U, P, tk) — Zik\2 8 other aforementioned tool. Since the development cycle
(p) = Z Z Wik ( Zmax ) 8) for the models includes a compilation step, the advantage
k=li=1 ' of the efficient computation in Diva is bought with a
where wix, Z"® are scaling factors of the individual longer preparation time, which does not scale well for

1
measurement data and for each experiment respectivelyapid prototyping of small text-book models.
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For the modeling of cellular signaling the current Kohler,R., Ruumsclissel,S. and Zeitz,M. (1997) Code generator for
approach is to simplify the interactions of proteins, DNA implem_enting differential algebrai_c models used in the process
binding sites and other substances to form signal trans- Simulation tool DIVA. In Proceedings of 15th IMACS World
formers. This simplification is often not easily possible, ~Congress. Berlin, pp. 621-626. o _
due to a deficiency of quantitative knowledge. Thereford<remling,A. and Gilles,E.D. (2001) The organization of metabolic
the only correct way is to model all possible interactions reaction networks: Il. Signal processing in hierarchical structured

with explicit reactions and to explore the behavior of the functional units Metab. Eng., 3, 138-150.
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sary which allow the sharing of discoveries between work SIAM, Philadelphia, PA.
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