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Abstract. In this paper we introduce a systematic approach for the modelling of  complex biological systems which 
is especially useful for the analysis of  signal transduction mechanisms in cell biology. It is shown that systems 
analysis in form of top-down levelled dataflow diagrams provides a powerful tool for the mathematical modelling 
of  the system in terms of  a stochastic formulation. Due to the exact formulation, the consistency of  themodel  with 
the experimental results can be tested by means of  a computer simulation. The method termed Structured 
Biological Modelling (SBM) is illustrated by modelling some aspects of  the second messenger network which 
regulates cell proliferation. As an example for the straightforward development of  a mathematical description a 
stochastic computer model for intracellular Ca 2+ oscillations is presented. 
Key words. Structured analysis; mathematical modelling; stochastic simulation; cell cycle control; tumor biology; 
calcium oscillations; signal transduction; Structured Biological Modelling. 

1 Introduction 

In biology, complex signal and infbrmation processing 
networks are widely known. The examples range from 
macrosystems in ecology like population dynamics to 
neural networks and cellular microsystems. Especially 
in the last few years a vast amount of" genetic and 
biochemical data yielded much insight into the intraccl- 
lular signal transduction network which regulates and 
controls cellular functions including proliferation t. Un- 
t\~rtunately, most of lhese data are not suitable for the 
direct prediction of the physiological t'unctions of the 
system under consideration. This missing link causes 
important clinical consequences. For example, the care- 
fully directed design of antimitotic drugs for cancer 
treatment could be drastically improved if a realistic 
model of the mitogenic signal network in neoplastic 
ceils would be available. 
What are the difficulties which complicate the develop- 
ment of such a model? a) Through variable feedback 
mechanisms and a diversity of cooperative reaction steps 
biological and especially biochemical systems display a 
highly non-linear kinetic. Without a precise mathemati- 
cal formulation this non-linearity makes it impossible to 
predict the dynamics of the system over a longer time 
scale, b) Biological systems are dissipa-tive structures 
operating far from thermodynamical equilibrium. There- 
fore, a permanent flux of  energy and/or material through 
the system must be taken into account, c) The high 
compartmentation of cellular systems, especially demon- 
strated by electron microscopy (fig. 1), is responsible for 
the generation of many quasi-autonomous subsystems. 
Often the dynamics of  these subsystems is regulated 

by second messengers in a very sophisticated manner. 
Through the cellular compartmentation also the re- 
quirements for complex spatial patterns are met. 
As early noticed by mathematical biologists many of the 
mentioned problems can be circumvented by a mathe- 
matical description using the tools of  the theory of 
non-equilibrium systems 2~. Besides theoretical insights 
into biological mechanisms, a tbllowing computer simu- 
lation can generate an experimentally testable hypothe- 
sis. This check of the logical consistence of a model is 
impossible if the system has only becn described ver- 
bally. With these mathematical methods it was possible 
to model e.g. the formation of complex patterns during 
morphogenesis 4, 5 many aspects of the evolution" '~, and 
also the behavior of biochemical systems on the cellular 
level 4`m to mention only a few. Most of  the models 
presented so far have been formulated by deterministic 
differential equations. When applied to highly non-lin- 
ear and multidimensional systems (as the cellular signal 
transduction network) the deterministic methods often 
fail because of  the stiffness of  the differential equations. 
In this case alternative approaches using stochastic 
methods are appropriate ~L. 
Especially adapted to the requirements of  cellular biol- 
ogy we have developed a new computer-based mod- 
elling technique termed Structured Biological Mo&,lling 
(SBM). The SBM-cycle consists of  three essential steps 
(fig. 2): Stepl: Structured analysis, which has been 
originally developed to model and design complex man- 
made systems in economics and computer science. For 
this technique the contributions of  DeMarco 12, Gane 
and Sarson 13, Martin and McClure H, and Yourdon ~s 
have set milestones. Supported by new types of  com- 
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Figure 1. Electron microscopic image of an epithelial cell from colon tissue demonstrating the high amount of  compartmentation 
(magnification • 11250). 

Context Diagram 
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Figure 2. Top-down levelled DFD describing the SBM-cycle. The notation, which is intended to be as intuitive as possible, will be 
discussed in subsection 2.1. The context diagram models the interfaces of the system 0 rnodelling with its environment. Process 
0 modelling, is decomposed into the processes 1 verbal description and 2 systems analysis. At last, DFD 2 illustrates the details of the 
process 2 systems analysis. If necessary, each process in the DFD's,  which itself models a subsystem, can be further analyzed in a 
lower-level diagram. Note, that for simplicity the data stores, dataflows, and external agents are not numbered. 
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puter programs, the so-called CASE-tools (computer- 
aided software engineering), structured analysis is the 
state-of-the-art method for the analysis phase of  modern 
software engineering. As we will demonstrate below, 
CASE-tools can also be used for the analysis of  complex 
systems in cell biology (see figs 4-8).  The resulting model 
of  this first phase of  the SBM-cycle consists of  a set of  
top-down levelled dataflow diagrams (DFD's) .  Step 2: 
The DED- model serves as starting point for the mathe- 
matical modelling. With the rules given below the D F D -  
model can be translated into a master equation of  the 
system. Step 3: As a last step the mathematical model is 
simulated on a computer. Now, verbally postulated and 
real properties of  the model can be compared. By the 
direct stochastic simulation of the Markov process under- 
lying the master equation, we circumvent the problems 
arising from the explicit solution of  the master equation. 
As a prerequisite, SBM requires the foregoing quantita- 
tive numerical recording of  the experimental results. 
Adapted to the modular style of  the model's architecture 
only such experimental methods should be used which 
minimize the disintegration of the subsystem under con- 
sideration. In cell biology this holistic approach is ideally 
realized when using analytical light microscopical tech- 
niques (e.g. fluorescence monitoring of intracellular ion 
concentrations"') for low magnitications and analytical 
electron microscopical methods for higher resolution of  
subcellular structures w ~'~. In addition, NMR microscopy 
reveals insigl]t into the chemical composition of the 
subsystem with spatial resolution "('. Finally, for the inves- 
tigation of molecular subsystems biochemical nlethods 
are appropriate. 
Our paper is organized as follows: In section 2 an 
introduction into SBM is given. First, we modify the 
methods o1" structured analysis in a way that they satisfy 
the practical requirements for the analysis of  biological 
systems and the interpretation of experimental data. Then 
the rules for the mathematical interpretation of the 
DFD-model are explained. At last, the stochastic al- 
gorithm is shortly described. In section 3 a systems 
analytical approach for tile analysis and modelling of the 
intracellular signal transduction network is proposed. It 
is demonstrated that the handling of the complexity o1" 
this system is markedly facilitated through the application 
of SBM, As a simple example for the SBM-cycle a 
stochastic model for intracellular Ca 2- oscillations, based 
on the two-pool-oscillator ~ ~, is presented. Although the 
model of lhis cellular subsystem is simplilied it displays 
many properties observed experimentally. Finally, in 
section 4 we give a brief summary and point out future 
perspectives of SBM in cell biology. 

2 Structured analysis and mathematical modelling in cell 
biology: The SBM-cycle 

Systems analysis in biology deals with the problem of how 
to handle an immense amount of experimental informa- 

tion about biological systems and how to reveal the major 
mechanisms which regulate these systems. Understanding 
of  a system means to have a consistent model of it which 
determines the main regulatory processes. As a systematic 
and straightforward modelling technique we suggest 
using SBM. Its components will be introduced in the 
following subsections. 

2, I. Step 1 in the SBM-cycle: Structured analysis 
One main problem in systems analysis is that of  determin- 
ing what is part of  the system and what is not. Whatever 
system has to be analyzed, it will be part of an even larger 
system. Thus, the first step is the development of  a model 
which defines the interfaces between the system and its 
environment. This first model is known as the environ- 
mentalmodel ~5. In this model the system itself is regarded 
as a black box. The critical aspect of  the environmental 
model is that of  identifying the events occurring in the en- 
vironment to which the system must respond. The model 
of the inside of  the system is called behavioral model ~s and 
models how the system reacts on external stimuli. 
We propose in this paper to utilize the tools and system- 
atics known from structured analysis of commercial 
systems for biological systems, too. We choose the 
method 'modern structured analysis' as defined by E. 
Yourdon ~5 because it is the current state-of-the-art 
method of systems analysis. Especially, we suggest to use 
top-down levelled DFD's  for structuring and modelling 
complex systems. Some reinterpretations have to be done, 
however, to arrive at a model which is useful for math- 
ematical description and simulation. 

2.1. I 771e eh'menls. Table 1 shows the elements used in 
l )Fl) ' s  together with a short description of their signili- 
canoe. 
Each element in a model has to have assigned a name, 
except for those dataflows which originate or terminate 
at a data store (where the name of the data store is 
assumed to be the name of the dataflow). We recommend 
to deline naming-convEntions before beginning with sys- 
tems analysis. For example E-num-name naming external 
agents, F-num-name naming dataflows, and S-hum-name 
for data stores. We shall shortly return to the naming 
conventions for processes. 
Further, a short textual definition of  each element should 
be given. The dictionary of  these definitions can be further 
extended to include (for example) references to the 
literature relevant for the element under consideration. 

2.1.2 The conlext diagram. As mentioned above, the tirst 
step in systems analysis is to identify the extent of  the 
system and the interlaces to its environment. The concep- 
tual result is the so-called environmental model and the 
method to visualize it is called context diagram. It consists 
of one single process (namely the system), plus all external 
agents with the dataflows connecting the system with the 
external agents. 
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Table 1. Elements of data flow diagrams 

Research Articles 

Symbol Name(s) Description 
(interpretation in biology) 

I E-I 
EXTERNAL 

I AGENT 

External agent, 
External partner, 
Terminator 

r 

S-k Data store, 
Store 

DATA ST ORE 

" Data process, 
'i j ] Process 

PROCESS ("Bubble") 

F-i DATAFLOW ~l~ Dataflow 
I~ Flow 

F-i 
DA TAFLO W 

-4--1 

Junction 

Input dataflow 
reference 

Originator or receiver of information 
needed by or produced by the system. 
Not part of the system! (External 
concentrations, physical parameters) 

(Temporary) Store of information 
needed by the system for asynchronous 
processing of information. (Internal 
concentration) 

Transformation of information. Transforms 
incoming dataflows in outgoing dataftows. 

Flow of information (not of material!). 

Point in the information flow where 
related data are grouped together or 
separated into single data. 

Reference to an incoming dataflow 
from a higher-level DFD (analogous 
for output dataflows). 

We mention at this point, that for completing the envi- 
ronmental model a so-called event list (namely a list of 
stimuli on which the system has to react) and a state- 
ment of purpose have to be included. The event list is 
not evident fi'om the context diagram because it is not 
obvious, whether the initiative for a flow comes from 
the outside (stimulus) or from the inside (information 
reference) of the system. 

2.1.3 Dataflow diagrams (DFD's). A DFD models the 
flow of information in a system. For this purpose, it 
contains dataflows, processes, data stores, junctions, 
and references to dataflows originating from higher- 
level DFD's .  There are some rules for composing 
DFD' s  which will be explained now: 
Rule 1: The only sinks and sources of information al- 

lowed in DFD' s  are external partners, which, 
in turn, have to be placed in the context dia- 
gram. Therefore, each process and also each 
data store has to have at least one incoming 
and one outgoing dataflow. 

Rule 2: Dataflows can begin or end at either of the 
following: Process, data store, junction, or ref- 
erence to higher-level DFD's .  Only in the con- 
text diagram dataflows may be connected to 
external agents. 

Each process - in turn can be described by a lower- 
level DFD.  Using this procedure leads to a hierarchical 
structure of the DFD' s  describing the system. Rule 1 for 
the DFD' s  implies automatically two other rules for 
hierarchical (or levelled) DFD's :  
Rule 3: Each dataftow attached to a process has to be 

represented by a reference to a higher-level 
D F D  in the lower-level D F D  representing that 
process. 

Rule 4: Data stores have to be introduced on the 
highest level of DFD' s  where more than one 
process is connected to that data store. 

To make the levelling of the resulting DFD's  transpar- 
ent, we suggest the following naming conventions for 
processes: The processes in the top-level D F D  (which is 
usually called ' D F D  0' and describes the process 'sys- 
tem' of the context diagram) are numbered beginning 
with 1, 2, and so on. The processes in the D F D  describ- 
ing process j in D F D  i are numbered by i.j (j = 1, 2 . . . .  ) 
and so on. 
On the lowest level of DFD's ,  processes are described 
by so-called process specifications. If we are looking for 
a mathematical model of our system, the process specifi- 
cations are given by a mathematical description of the 
process under consideration. The rules for writing down 
these mathematical specifications differ depending on 
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the way we describe the data stores. In this paper we 
characterize the data stores by integer-valued compo- 
nents of a state vector which means, that the process 
specifications have to be given as transition probabilities 
between the states represented by the data stores. The 
next section describes this method in detail. 

2.2 Step 2 in the SBM-cycle: The mathematical 
transcription of the DFD-model 
We propose to regard the time evolution of the system 
as a stochastic process which is governed by a master 
equation 

dp,~(t) 
dt = ~ [w~,p~,(t) w~.~pn(t)J (1) 

n '  

(for a comprehensive review of stochastic processes 
in biology see Goel and Richter-Dyn~l). The master 
equation is a differential equation for the time evol- 
ution of the probability p,( t)  that there will be n = 
(n~ . . . . .  nk, - . . , n N )  molecules of class k (1 < k < N) 
in the volume V at time t. The quantity Wnn, denotes the 
transition probability from state n' into state n. The 
knowledge of pn(t) for all times t would evidently 
provide a complete characterization of the system but 
requires the explicit solution of the master equation 
which is mostly very difficult >. In contrast, the Markov 
process underlying the master equation can be easily 
simulated on a computer as depicted in the next subscc- 
tion. By lhis procedure possible realizations of the 
stochastic process are simulated, t lence by this method 
individual 'experiments" are simulated. Finally, if one 
repeats the simulation of the stochastic process many 
times, the statislical averages of the quantities of inter- 
cst can be obtained. 
With the ['ollowing {undanacntal rules the Markovian 
stochastic description of the system can be derived 
directly from the l )FD's  with a minimum of addi- 
tional assumptions. For this purpose we start at 
the lowest-level DFD's  which should be levelled in 
a way that each datallow F-i which is connected with 
a process j starts or ends at a data store S-k or 
at a reference to an external agent E-I. To translate 
the content of the data stores into mathematical 
terms we 
A) identify the number of molecules (per volulne V) in 

the store S-k at time t with nk(t ) and construct the 
state vector n(t) = ( n l ( t )  . . . . .  nk(t ) . . . . .  nN(t)), 
where N is the number o[" stores in the lowest-level 
l)ED's.  

If known l\)r all times t the state vector n would 
complctely characterize one rcalizatiou of the stochastic 
process described by the master equation (1). 
In the stochastic formulation the dynamics of the sys- 
tem is set up by a sequence of transitions between 
different states which occur at discrete times t. Given 
that the system is in the state n at time t a transition 

into a state n' during the time interval dt occurs with a 
certain transition probability Wn,,,dt. How can this tran- 
sition probability be determined from the DFD-model? 
In the D F D  model the information stored in a data 
store is changed by the processes which write to this 
store. Therefore, 
B) each process j characterizes a set of possible state 

transitions of the system, whereby the corresponding 
transition probability w,., = wJ depends on both, the 
intrinsic properties of process j and the input 
dataflows which characterize the initial state n. Ac- 
cordingly, it is 

w j = w i(input dataflows, intrinsic characteristics). 

(2) 

The final state n' is only determined by the output 
dataflows of process j. 

Especially for the intracellular signal transduction net- 
work the determination of the w i is mostly very difficult 
(or yet impossible) because often kinetic data of impor- 
tant receptors, enzymes and second messengers are lack- 
ing. In this case w i has to be constructed with the help 
of plausibility arguments from the verbal spccitication 
of the process j. 
The last step in the SBM-cyclc is the computer simula- 
tion of the mathematical model derived by the above 
described procedure. 

2.3 5'1t7~ 3 ill the SBM-cycle: 77le computer simuhttion 
To circumvent the problems arising with the explicit 
solution of lhe master equation (1) we directly simulate 
the underlying Markov process. For this purpose a 
powerful, computer-orienlcd Monte Carh) algorithm 
has been in{roduccd by Gillcspic :~4 :~5. This a lgoritim~ is 
particularly useful for siinulatmg the behavior of corn 
plcx systems in conditions o1 instability where fluctua- 
tions and correlations givc rise to transitions between 
non-equilibrium steady states. An overview over the 
simulation method described here (and possible alterna- 
tives) can be found in Honcrkamp e~, and a proof that 
this method is equiwdcnt to the t \nmulat ion in terms of 
a master equation is given in Oillespic e4>. 
The aim of the simulation algorithm is the generation of 

a m0ectory n(t) which is a possible realization of the 
stochastic process described by the master equation ( 1 ). 
To do this we start with a given initial state n(t - 0) 

no, that means 

p n ( t -  0) = (5 ....... . (3) 

All we have to do now is to answer two questions: 
1) When will lhe next state transition occur? 
2) Which transilion takes place (or equivalently, which 

process will be activated) at that time? 
Given the total transition probability 

uo(n)= E Won=E wj (4) 
n y n  j 
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with w j computed  according to equa t ion  (2), a simple 
calculat ion (see ref. 23) reveals that  the next  state t ran-  
sit ion occurs after the t ime interval  

1 
At = - ln(~l)  (5) 

u0(n)  

where {1 is a r a n d o m  n u m b e r  un i formly  distr ibuted 
over the interval  [0, 1]. 
The selection of  the t rans i t ion  works through a stochas- 
tic switch where the probabi l i ty  for the selection of  a 

par t icular  process e, which mediates the selected state 
t ransi t ion,  is p ropor t iona l  to its w ~. Wi th  a second 
r a n d o m  n u m b e r  42, which is also un i formly  distr ibuted 
over the interval  [0, 1], c~ can be determined by 

1 w j  ~ w j  

Z Uo(n ~ -< ~2 < E * (6) 
j = 1 j = 1 uo(n) 

The state vector n ( t  + A t) differs f rom n(t)  only in those 
componen t s  whose cor responding  data  stores are at- 

tached to the ou tpu t  dataflow of  the executed process c~. 
The two steps of  the a lgor i thm have to be repeated unt i l  
the final t ime is reached. 
In  contras t  to determinist ic  s imula t ion  techniques 26 the 

stochastic a lgor i thm used by SBM is also working  when 
applied to mul t id imens iona l  systems with a highly non-  
l inear  kinetics (see, e.g., Tu rne r  27 for a review of simula- 
t ion methods  for chemical kinetics). Part icularly,  this 
holds for the intracellular  signal t ransduc t ion  ne twork  
which consists of  a large n u m b e r  of  reactants  interact-  
ing in a highly non- l inear  manner .  
P robab ly  the compute r  s imula t ion  suggests some im- 

provements  of  the D F D - m o d e l  and  its mathemat ica l  
interpretat ion.  In  this case the iterative appl icat ion of  
the SBM-cycle should lead to the desired consistency of  
the model  (see fig. 2). 

In  the next  section we will apply SBM to the model l ing 
of  impor t an t  aspects of  the intracel lular  signal t ransduc-  
t ion network.  

3 Modelling o f  intracellular second messenger networks 

One of  the most  chal lenging quest ions in biology is the 
de te rmina t ion  of  the mechanisms which control  the cell 
cycle. A n  immense  a m o u n t  of  experimental  da ta  indi- 
cates that  cellular prol i ferat ion is regulated by a com- 

plex ne twork  of  second messengers (for review see refs 
1, 28). The induc t ion  of  prol i ferat ion is regulated by at 
least three in terconnected second messenger pathways 

and  is modu la t ed  by the intracel lular  ion concentra t ion ,  
where Ca 2+ and  H + play a key role (fig. 3). In  cancer 
cells this ne twork  has characteristic defects. Quite apar t  
f rom the fact that  some cellular subsystems are yet well 
characterized, a thorough  under s t and ing  of  the cell cy- 
cle regulat ion and  the differences in the signalling net- 

membrane intracellular 

ions 

hormones 

hormones 

growth 
factors 

Figure 3. Schematic, highly simplified illustration of the second 
messenger pathways which regulate cell proliferation. Ions, hor- 
mones and growth factors from the extracellular medium are 
linked to intracellular effector systems (E) through the activation 
of second messenger pathways. Ions, most important Ca z+ and 
H § are transmitted into the cytosol through ion channels (I). In 
the cytosol they regulate effectors by cooperative activation or 
inhibition. The response following the opening of plasma mem- 
brane ion channels is short termed. Another possibility of intracel- 
lular signal transduction is initiated by hormones that bind to 
specific receptors (R) on the plasma membrane. As a next step in 
the signal processing cascade the hormone signal becomes en- 
coded by G proteins (coding system, C), which also integrate 
hormone signals from different receptor systems. Downstream, G 
proteins then regulate enzymes which produce second messengers. 
There are at least two hormone activated second messenger path- 
ways which modulate proliferation control. The first signal track 
transmits his signals through the second messenger cyclic 
adenosine monophosphate (cAMP). As an effector cAMP acti- 
vates protein kinase A (PKA). Through distinct G proteins the 
other important hormone coupled signalling pathway mediates 
the regulation of the second messengers Ca 2~ and DAG. As an 
effector, this pathway activates protein kinase C (PKC). Both, 
PKA and PKC phosphorylate target proteins on serine and 
threonine residues. Long termed responses, due to the phosphory- 
lation of target proteins on tyrosyl residues, are mediated by a 
further signalling pathway: Growth factors bind to specific 
transmembrane receptors with an intrinsic tyrosine kinase activity 
(TK) at the cytoplasmic side. The balance of phosphorylation is 
regulated by certain phosphatases which can also be activated by 
the binding of growth modulating factors to specific receptors. 
Not implemented in the simplified schema are the close inter- 
connections between the distinct signalling pathways as well as the 
diverse positive and negative feedback mechanisms which control 
the cellular signalling network. Also the signals mediated by cyclic 
guanosine monophosphate (cGMP) are not shown. As indicated 
by the dotted arrows, the signals from the different effector 
systems (E) are possibly summed up by a yet unknown mecha- 
nism (&) which also may weigh and integrate the incoming 
signals. Presumably, cell proliferation becomes induced when a 
critical level of the integrated signal is achieved. 

work  between cancer and  no rma l  cells is still missing 29a. 

As we will demonst ra te  in the remainder  of  this paper  
this lack can be gradual ly  removed by the applicat ion of  
systems analyt ical  methods  like SBM. Before we do 
this, some pre l iminary  remarks abou t  self-organization 
in the cell cycle and  in neoplast ic growth shall empha-  
size our  intent ion.  
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3.1 Phase transitions in the cell cycle and in neoplastic 
growth ? 
There is evidence that the events determining cell prolif- 
eration take place in the Gl-phase of  the cell cycle. It 
has been postulated that there is a so-called restriction 
point 3~ at the end of  G~ at which ceils become arrested 
for some time depending on the extracellular condi- 
tions. After this point has been passed, the cell cycle 
becomes independent of  extracellular factors. Then all 
cellular functions are directed towards proliferation. 
Cancer cells can be characterized by a defect in the 
regulation of this G~ arrest 3~. For example, some prod- 
ucts of  oncogenes 32 35 function as signal transducers 
which produce a short-circuit in the signalling network 
(e.g. ras, which codes for an activated G protein with a 
reduced GTPase activity36'37). Other oncogenes reduce 
the dependence of the cell proliferation on extracellular 
factors (e.g. erb-B, which codes for an activated EGF 
receptor with no need for a ligand34). 
As we have demonstrated in a number of  optical and 
analytical electron microscopical investigations, these 
changes in the intracellular signal transduction network 
go along with characteristic and tumor stage specific 
alterations of  the cellular ultrastructure and chemical 
composition3~ 43 
These data indicate, that neoplastic growth is paralleled 
by a loss of many cellular degrees of freedom. It seems 
that in malignant cells the main activity is directed 
towards proliferation. Therefore, a cell has no further 
need t\w at well-balanced signalling network. Wc assume 
that in malignant cells one central signalling pathway 
dominates about the whole intracellular signalling net- 
work. In terms of the synergctics 44 neoplastic growth 
could be interpreted as a phase transition (like the 
transition of water from the liquid state into the solid 
state at the freezing-point) between the normal sig- 
nalling mode of non-malignant cells and that of malig- 
nant ones, whereby the dominant mode slaves all other 
pathways. 
To confirm the hypothesis it will be necessary to model 
the intraccllular signalling network in mathematical 
terms. In this way the stability of the signalling network 
can be investigated by well-known mathematical meth- 
ods >44. In addition, the dynamics of the system can be 
predicted by a computer simulation using the methods 
discussed above. 
As a future perspective the phase transition hypothesis 
has important clinical consequences: a) Possibly, some 
therapeutic approaches which do not influence critical 
components in the cancer cell signalling network have 
to be dropped, b) Especially the independence of cancer 
cells of  extracellular factors complicates the possibility 
of a directed attack on cancer cells, c) On the other 
hand, alterations of  specific cellular parameters (now 
interpreted as variables of state which characterize the 
dominant signalling mode), e.g. revealed by methods 

like image analysis, EELS or NMR-microscopy which 
do not disintegrate the cell, can be directly correlated 
with defects of  the signalling network. This would evi- 
dently increase the validity of  prognosis and the chance 
for a therapeutic intervention. 

3.2 Simplified SBM-model of the cell cycle regulation 
Despite the lack of  important data it is not possible in 
the scope of  this article to describe the development of  
an approximately comprehensive model of  the intracel- 
lular signalling network for reasons of  space. Instead, 
we will give an idea of  how (and that!) SBM functions 
when applied to this complex cellular system. As an 
example for the mathematical interpretation of  the 
DFD-model  an important subsystem which is responsi- 
ble for the generation of intracellular Ca 2+ oscillations 
is modelled and afterwards simulated on a computer. 
In the DFD-model  the whole intracellular signalling 
network is represented by process 0 CELLULAR SIG- 
NALLING. As modelled in the context diagram (fig. 4) 
this system regulates the onset of  the S-phase of  the cell 
cycle (denoted by the output dataflow F-6 SPO which 
ends at the external agent S-PItASE ONSET). After 
the onset of the S-phase, which requires the passage of  
the restriction point, the cell becomes nearly indepen- 
dent of  cxtracellular factors and the time which elapses 
during the remaining S, G2, and M phase of the cell 
cycle is almost inwiriable ~'. Also all important cell cyclc 
events like the regulation of the transition into a quies- 
cent G0-state and the control of differentiation occur 
beli~re thc passage of lhe restriction point. 
Which tire the external factors that determine the regu- 
lation of the cclhllar network? This question is answered 
by tile input datat]ows of process 0 in tile context 
diagram (Iig. 4). First, the cell can be stimulated by 
hormones in tile extraccllular medium (the external 
agents E-1 I IORMONES CI,ASS-I, HI,  and E-2 
I IORMONES CLdSS-2, }t2, denote such stimuli 
which regulate receptors which are coupled to the 
adenylate cyclasc, or respeclively, to the phosphatidyl 
inositol system). Secondly, a variety of growth modulat- 
ing factors, GMF ~:~-45, intluences the intraccllular sig- 
nalling through receptors with an intrinsic tyrosine 
kinase activity. In addition, IONS, which determine the 
cell membrane potential and modulate the functions of  
intracellular enzymes, channels and pumps, arc ex- 
changed between the intra- and the extracellular room. 
For simplicity, other inputs like the requirement of 
energy and material in form of nutrients and the influ- 
ence of additional signal mediators (e.g. nitric oxide, 
and steroid hormones) have been neglected. 
While in the context diagram the whole system CEL- 
LULAR SIGNALLING is regarded as a black box, 
D F D  0 (fig. 5) depicts the main subsystems of  it and 
their interrelations. The individual subsystems (repre- 
sented by the processes) are connected by dataflows 
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Figure 4. Context diagram of the system CELLULAR SIG- 
NALLING which describes the intracellular network which regu- 
lates cellular proliferation. For the development of the DFD's 
shown in figures 4 8 a modern CASE-tool has been used (Appli- 
cation Development Workbench~Analysis Workstation: ADW/ 

AWS T M  from Knowledge Ware'rM). GMF: Growth Modulating 
Factors; HI: Hormones which regulate the adenylate cyclase 
system; H2: Hormones which activate phospholipase C; SPO 
S-Phase Onset. 

', GMF 
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F-2 H2 
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Figure 5. DFD 0 models process 0 CELLULAR SIGNALLING 
on the highest level. If a deeper resolution of the system is 
desired each process of DFD 0 can be decomposed in 
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F-I6 C~2! Ca2§ 

F-19 PKC* / 

S-4 1 I:-26 H+ 
CYTOSOLIC 

I p H+ 

I 
further lower-level systems. PKA: Protein Kinase A; PKC: 
Protein Kinase C; TK: Tyrosine Kinase; *denotes an activated 
kinase. 

which model the flow of information between them. In 
the data stores information is stored (e.g. the concentra- 
tions of ions or enzymes), which is required by more 
than one process. In the simplified model presented 
here, process 0 is decomposed into 5 subsystems. 
Process 1 c A M P  S Y S T E M  models how the activation 
of HI-receptors (e.g. ]~-adrenergic receptors) leads to 
the activation or inhibition of adenylate cyclase via 
stimulatory Gs, or respectively, inhibitory G~ proteins. 
The enzyme adenylate cyclase catalyzes the generation 
of the second messenger cAMP 46 which then activates 
protein kinase A (in the DFD's  activated enzymes are 
characterized by a star, *). The activated protein kinase 
A (PKA*) mediates many cellular functions 47. For in- 
stance, it modulates the regulation of the SPO (process 
5, see below). PKA* also induces the heterologous 
desensitization of HI-receptors by receptor phosphory- 
lation 4a. As marked by the dataflow F-21 PKC* the 
cAMP system is also modulated by activated protein 
kinase C (PKC*) which e.g. phosphorylates the /3- 
adrenergic receptor 4s,49. For reasons of space DFD 1, 

which models process 1 c A M P  S Y S T E M ,  is not shown 
here. 
Nevertheless, some general characteristics of the intra- 
cellular signalling system should be mentioned here: 
a) Positive signals that induce an activation of a sig- 
nalling pathway are usually followed by immediate 
feedback control which desensitizes the pathway to pre- 
vent an over-response. Therefore, a cell responds mainly 
to (rapid) changes of the extracellular conditions. 
b) Protein phosphorylation (by specific kinases) and de- 
phosphorylation (by phosphatases) is the basis for the 
regulation of the intracellular signalling network 5~ The 
balance between phosphorylation and dephosphoryla- 
tion is controlled by just a few second messengers. 
c) Different signalling pathways are not independent. 
On the contrary, there is cross-talk and synergistic 
action between different pathways, d) Small concentra- 
tions of hormones or growth factors become drastically 
amplified by an intracellular signalling cascade (e.g. 
receptors ~ G proteins ~ G protein effectors ~ second 
messengers ~ enzyme cascades). 
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Figure 6. DFD 2 models process 2 Ca2+/PKC SYSTEM in more 
detail. DAG: diacylglycerol; IP3: inositol 1,4,5 trisphosphate; PI: 
phosphatidyl inositol. 
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The activation of  protein kinase C and the regulation of  
the cytosolic Ca 2+ level is modelled by process 2 Ca2+~ 
P K C  S Y S T E M .  As shown in D F D  2 (fig. 6) hormones 
of  class 2 (dataflow F-2 H2) serve as an input for the 
regulation of  the phosphatidyl inositol metabolism, 
characterized by process 2.1 P[ S Y S T E M .  The H2-re- 
ceptors are coupled to distinct G proteins which regu- 
late the rate of hydrolysis of  phosphatidyl  inositol 
4,5-bisphosphate by phosphoinositide-spccific phospho- 
lipase C (PLC). This pathway leads to the generation of  
two second messengers: diacylglycerol ( I )AG)  which is 
together with Ca ~ ~ necessary for the actiwltion of PKC 
(process 2.2 C O N T R O L  PKC) and inositol 1,4,5 
tr isphosphate (IP~) which controls the exchange of  cy- 
tosolic Ca e' with IP~-sensitive C a :  stores (ISCS, pro- 
cess 2.3 F, XCI1ANGE ISCS).  
Again, the activation of  the effcctor enzyme PKC leads 
to the desensitization of the signalling pathway by the 
phosphorylat ion of  H2-receptors 4s-4<~ or G proteins 4<)-'~. 
Also cross-talk with the tyrosine kinase pathway (pro- 
cess 3, fig. 5) takes place: The actiwition of certain 
growth factor receptors with cytoplasmic tyrosine ki- 
nasc (TK)  activity leads to the activation of  PLC (de- 
noted by dataflow F-27 TK*) through a yet not 
completely characterized mechanism 35. This cross-talk 
has important  consequences in transf'ormcd cells where 
the possibility of a down-regulation of the TK receptor 
system is missing. Another  important  example of cross- 
talk is the PKC-induced actiwttion of the N a ' / l f  ~ an- 
t iporter 49. Because many cellular enzymes and ion 
pumps arc highly sensitive to pH-shifts, small alter- 
ations of the intracellular tt  + concentration can cause 
considerable effects. 
Process 3 TK S Y S T E M  converts extracellular growth 
factor and growth inhibitory signals into intracellular 
signals by the regulation of certain protein tyrosine 
kinases. The balance between phosphorylat ion and 
dephosphorylat ion is regulated by phosphatases which 

are possibly activated by the binding of  growth modu- 
lating factors to specific receptors 52. While the phospho-  

rylation of target proteins on serine and threonine 
residues by PKA* and PKC* mediates mainly short- 
termed responses (sec Cohen 5~ for review), long-termed 
responses are mediated by the phosphorylat ion of  target 
proteins on tyrosyl residuesSL Today,  the cAMP and 
Ca-~+/PKC pathways are well characterized, but much 
data about  the key elements of the important  tyrosine 
kinase pathway and their functions are missing. Rc- 
markably,  many oncogenes found in hunlan tumors 
code for tyrosine kinascs (e.g. erk-B, tleu, I;il, ,s'tc, ahl) 
or elements related to their regtllation (e.g. ras)~.  
A further important  subsyslem is process 4 ION L'X- 
( ' I IANGE,  which describes how ions are exchanged 
between the extra- and the intraccllular room. While 
Na ~ and K ~ are mainly responsible for the mainte- 
nance of the cell membrane potential,  Ca e and H 
play important  roles m thc cooperative regulalion of  
intracellular key enzymes 54. 

As indicated by process 5 C O N T R O L  SPO, the onset of" 
the S-phase of the cell cycle is regulaled by protein 
kinascs (in conccrt with phosplnatases), Ca " and t l ' .  
The detailed mcchanisms by which the SPO is induced 
are yet unknown. But several elements linking the in- 
puts of process 5 to its output are determined. For  
example, the cAMP response element-binding protein 
(CREB),  which is phosphorylatcd by PKA* and Ca ~ -  
calmodulin dependent protein kinases, was demon- 
strated to function as a transcription factor which 
integrates Ca:" and cAMP signals generated by pro- 
cesses 1, 2 and 455 . 

Each process shown in thc DFD-mode l  could be dc- 
composed into lower level systems. Principally, this 
procedure could be carried on down to the systems 
resolution desired (e.g. the molecular level). Compared 
with non-levelled styles of  presentation, the modular  
architecture of  the DFD-mode l  guarantees that the dia- 
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grams are always relatively easy to understand. In the 
second place, only single modules have to be changed 
if one wants to discuss alternative mechanisms. In 
this way experts can develop submodels revealing more 
detail of  the system without any loss of  information, 
while other people, who only want to have a general 
view over the system, can inspect higher-level DFD ' s  
without becoming confused by details. Through the 
use of  a CASE-tool the formal consistency of  the 
DFD-model  according to the rules in subsection 2.1 is 
guaranteed. 
As an example for the mathematical interpretation of  
the DFD-model  we will now develop a simple computer 
model for intracellular Ca 2§ oscillations which can be 
regarded as an important subsystem of the DFD-model  
depicted above. 

3.3 Stochastic model for  intracellular Ca 2+ oscillations 
Intracellular free calcium is a very important second 
messenger in regulating the cell cycle as well as in 
modulating many cellular functions including me- 
tabolism, secretion, contraction, growth and differentia- 
tion 56,57. Analytical electron microscopical investiga- 
tions, using the technique of  electron energy loss 
spectroscopy (EELS)19,42, have revealed that neoplastic 
growth of  gastric and lung tissues is correlated with 
stadium specific alterations in the level of intracellular 
calcium 39,58. These findings and other experiments of  
our group (B. Wolf: unpublished data) support that 
calcium is also important in carcinogenesis, tumor pro- 
gression and therapeutic behavior of tumor cells in 

relation to resistance phenomena after treatment with 
antimitotic drugs (see also refs 59, 60). 
Over the last few years it has been demonstrated in lots 
of  experiments that intracellular Ca 2+ is oscillating (see 
refs 61, 62 for review). To test the mechanisms underly- 
ing this phenomenon, intracellular Ca 2+ oscillators have 
been modelled in a mathematically precise way (see 
refs 63, 64 for review). In addition, intracellular Ca 2+ 
often propagates through the cell in form of non-dissi- 
pative oscillatory waves (see, e.g., Kraus and Wolf 65 for 
a mathematical model). A hypothetical function of  
Ca 2+ oscillations and waves may be the frequency en- 
coded signal transduction from the cell membrane to 
the nucleus. 
Formally, cytosolic Ca 2+ oscillator models can be di- 
vided into two categories66: Second messenger-con- 
trolled models try to describe Ca 2+ oscillations at a 
constant level of  IP 3. On the other hand, receptor-con- 
trolled models propose that Ca 2+ oscillations can be 
switched on by oscillations in IP 3 through various feed- 
back interactions between both second messengers. 
There is strong experimental evidence supporting the 
second messenger-controlled mechanism 67'6s. 
Berridge and Irvine 21 proposed a two-pool model in 
which Ca2+-induced Ca 2+ release (CICR) is the key 
mechanism responsible for the generation of Ca 2+ oscil- 
lations and waves. CICR is a special kind of  an autocat- 
alytic reaction where cytosolic Ca 2+ catalyzes the rapid 
elevation of  cytosolic Ca 2+ by inducing a Ca2+-efflux 
from intracellular Ca 2+ stores. According to their 
model, IP 3 generated through the receptor-mediated 
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Figure 7. DFD 2.3 models how Ca 2~ can be exchanged with IP3.sensitive Ca 2+ stores (ISCS's). IICR: IP3-1nduced Ca 2+ Release. 
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Figure 8. DFD 2.4 models how Ca 2+ can be exchanged with the CICR-poots. CICR: Ca2+-Induced Ca 2+ Release. 
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Table 2. Process specifications and translation into the stochastic formulation of the subsystem describing intracellular Ca 2+ oscillations 
(see figs 4 8). According to Goldbeter et al. 22 it is assumed, that the number of calcium ions in the IP3-sensitive Ca 2+ store (S-8 ISCS) 
remains constant. Therefore, the system can be characterized by the number of calcium ions in the cytosol (S-5 CYTOSOLIC Ca 2 ~), 
denoted by N~, and the number of Ca 2+ in the CICR-pools (S-9 CICR-POOL), N v. It is n(t) = (N• Nv(t)). For more details on 
the stochastic two-pool model we refer to Kraus and W o l f  64. 

Process j Described Transition State 
reaction probability w; transition 

2.3.1 Ca2s~cs . . . .  Cac2y~ t k I Ca2s'cs fl -- v, fi N x ~ N x + I 
IICR k2 Ny = const 

, 2 1  2 +  2.3.2 Cacy t , Caisc s k2N x N x--+N x 1 
PUMP ISCS Ny = const 

~'~ N~: N x --+ N x - n 2 +  _ +  2 f 2.4.1 nCaoy~ -- nCaclcR v2 = VM2 K~ + Np~ Ny ~ N y  + n 
PUMP CICR-POOL 

,':~ N~ NPx N x ~ N x + m 
2 +  , 2 +  ~ (m + p ) C a c 2 y  + v 3 = V M 3  2 . 4 . 2  p C a c y  l + m C a c I c R  

K ~  + N ~  K p + N p N y  ~ N v - -  m 
CICR k, 
2.4.3 2+ 2+ C a c l c R  ~ Cacy t k r N  v N x ~ N x + 1 
LEAKY FLUX k~ N y ~ N y  1 
4.1 Ca~ + ~ Ca2y~t k 3 Ca~2 = v 0 N x --+ N x + I 
Ca 2+ INFLUX k~ N v = const 

�9 2 +  2 +  4.2 Cacy t ~ Ca~• kaN x N x ~ N x 1 
C a  2+ E X T R U S I O N  Ny = const 

act ivat ion o f  P L C  (process  2.1 in fig. 6) releases Ca 2~ 

f rom ISCS's .  In addi t ion ,  IP s (or  its metabol i te  inositol  

1,3,4,5 t e t r ak i sphospha te )  causes p resumably  a higher  

Ca ~ - i n f t u x  th rough  the p lasma m e m b r a n e .  This addi-  

t ional lP3-induced Ca 2+ influx will then charge up the 

second class of  Ca 2' pools  that  release their  Ca ~ by 

CICR.  In the two-pool  model  the net influx of  Ca:"  

into the cytosol  ei ther f rom ISCS's  or  f rom the extracel-  

lular med ium is one critical pa r ame te r  de te rmin ing  

whe the r  cytosol ic  Ca 2~ is oscil lat ing or not.  

To test the two-pool  model ,  Go ldbe te r ,  D u p o n t  and 

Berridge have l \ ) rmulated it mathemat ica l ly  in form o f  
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Figure 9. Stochastic simulation o f  the cytosolic Ca 2~ level. 
The mechanisms by which the contenl of the data store S-5 
CYTOSOL1C Ca e' is changed are described mathematically in 
table 2. The plot shows the number of Ca e ~ in the cytosol, Nx, versus 
time t (s). The following parameter values have been chosen: fi = 0.4, 
n - m - 2 ,  p = 4 ,  v o 1000s i, v l=7300s 1, k 2 _ k a = 5  s 1 

k r -  1 s i K2 = 1000, VM2 -- 32500 s I K,. = 2000, K A - 900 and 
VM3 =2. 5 " 105S I, Nx(t =0s )  =300, N y ( t - 0 s ) =  1500. 

de terminis t ic  rate equa t ions  22. As we will d e m o n s t r a t e  

now,  a s tochast ic  fo rmula t ion  of  the t w o -p o o l  mode l  

can also be derived directly f rom the D F D - m o d e l  de- 

scr ibed above.  For  this pu rpose  we have to charac ter ize  

the main  mechan i sms  by which cytosol ic  Ca 2' ( da t a  

s tore S-5) may be altered. First ,  Ca 2 t can bc exchanged  

with the extracel lular  med ium as model led  by process  4 

I O N  E X C t t A N G E  ( D F D  4 not  shown).  As subsys tems  

this process  includes tile extrusion o f  cytosol ic  Ca 2~ 

th rough  a C a 2 ' - A T P a s e  (process  4 . 2 C a  ~' E X T R U -  

S I O N )  and the influx o f  extracel lular  Ca e+ th rough  

m e m b r a n e  channels  (process  4.1 Ca 2~ I N F L U X ) .  Se- 

condly,  cytosol ic  Ca 2+ can be exchanged  with ISCS's  as 

model led  in D P I )  2.3 (fig. 7). 

As a third possibil i ty (fig. 8), Ca :+ is seques tered  into 

C l C R - p o o l  (process  2.4.1 P U M P  C I C R - P O O L )  f rom 

where  it can be released by C I C R  (process  2.4.2 CICR).  

In addi t ion ,  a small leaky tlux of  Ca :~ s tored  in the 

C I C R - p o o l s  takes place into the cytosol  (process  

2.4.3 L E A K Y  F L U X ) .  

After  the charac te r iza t ion  of  the Ca 2+ osci l la tor  

t h rough  the D F D - m o d e l  the second step of  the SBM-  

cycle could be pe r fo rmed .  To  do this, we specify the 

processes  of  the lowest-level D F D ' s  by a s tochas t ic  

descr ip t ion  accord ing  to the rules given in subsec t ion  

2.2, whereby  we use some key e lements  f rom the Gold-  

beter  et al. model  2e. The restllt o f  the ma thema t i ca l  

t r ansc r ip t ion  is shown  in table 2. 

Us ing  the s imula t ion  a lgor i thm descr ibed in subsec t ion  

2.3 the s tochast ic  model  can be directly s imula ted  on a 

c o m p u t e r  (fig. 9). Thereby,  one main  p r o b l e m  is the 

choice o f  a p p r o p r i a t e  s imula t ion  pa ramete r s .  

A l t h o u g h  the s tochas t ic  two-poo l  mode l  is relatively 
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simple, it reproduces many of the facts observed experi- 
mentally. Most important,  it explains how frequency 
encoded Ca 2+ oscillations can emerge. Similar as in 
experiments, at low agonist doses no oscillations occur 
and the Ca 2+ concentration in the cytosol is fluctuating 
around a low steady state level. At medium agonist doses 
oscillations occur whose frequency increases with in- 
creasing receptor stimulation. Finally, at high agonist 
doses cytosolic Ca 2+ is fluctuating around a high steady 
state Ca 2+ level without any oscillations. With a spatio- 
temporal extension of the stochastic two-pool oscillator 
it is also possible to model oscillatory intracellular Ca 2+ 
waves 69. 

4 S u m m a r y  and . fu ture  perspect ives  

In this paper we have introduced SBM as a systematic 
and flexible method for the modelling of complex biolog- 
ical systems. Beginning with a structured analysis of the 
system, a DFD-model  is developed which models the 
processing of information through the system. The 
DFD-modell ing can be considerably accelerated and 
advanced by modern CASE-tools. Because the DFD-  
model only consists of a few easy readable elements it 
can function as an interface between scientists working 
in different disciplines. As demonstrated on a simplified 
model for the cell cycle regulation, the modular style of 
the model's architecture allows the visualization of com- 
plex facts and facilitates the integration of substructural 
and biochemical data into a functional model of a 

cellular system. 
In a second modelling phase of the SBM-cycle the 
DFD-model  is translated into mathematical terms. Us- 
ing a powerful simulation algorithm, the dynamics of the 
system can be simulated on a computer. Through this 
procedure verbally postulated and actual properties of 
the model can be compared. In addition, cheap computer 
experiments can be performed which produce an experi- 
mentally testable hypothesis. 
As mentioned above, today too much data are lacking 
for the development of a comprehensive model of the cell 
cycle regulation especially in case of neoplastic growth. 
For this reason, flexible modelling techniques like SBM 
are necessary which allow, that future results can be 
incorporated, into the model without any problems. On 
the other hand, SBM makes it also possible to model 
only single subsystems in a mathematically precise way, 
as demonstrated on intracellular Ca 2+ oscillations. 
We conclude that S t ruc tured  Biological  Mode l l ing  opens 
new fields for the structured analysis and simulation of 
complex biological systems, helps to reveal insight into 
fundamental  biological mechanisms and provides the 
possibility to evaluate competing models. 

Abbreviations. cAMP: cyclic adenosine monophosphate; CASE: 
computer-aided software engineering; CICR: Ca 2~ -induced Ca 2+ 
release; DAG: diacylglycerol; DFD: dataflow diagram; GMF: 

growth modulating factors; IICR: IP3-induced Ca 2+ release; 
ISCS: IP3-sensitive Ca 2~ store; PLC: phosphoinositide-specific 
phospholipase C; PKA: protein kinase A; PKC: protein kinase C; 
IP3: inositol 1,4,5 trisphosphate; PI: phosphatidyl inositol; SPO: 
S-phase onset; TK: tyrosine kinase. 
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