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INITIATION AND MOTIVATION 
IN ONCOLOGY, one characteristic feature of cancer is uncon- 
trolled cell proliferation. This observation has stimulated 
numerous biomathematicians to construct cell proliferation 
models (continuous, discrete, deterministic, stochastic) based 
on, for example, differential equations describing growth and 
kinetics of abnormal cell multiplication [l-l 11. During the 
past decade, oncogenes, suppressor and repair genes have 
shifted the origin of cancer to the molecular biology level, i.e. 
to genetic alterations [12-151. By this, a previous proposed, 
attractive working hypothesis of our group [ 161 was revitalised 
to interpret cancer as structurally unstable, negative feedback 
control loops. The main question in this scenario is how is 
proliferation of normal and abnormal cells regulated and how 
can it be elucidated at (i) the molecular level, (ii) the cellular 
level, and (iii) the organ level? Currently, the experimental 
data on the control mechanisms at the first level are still 
insufficient. For this reason, we have restricted our consider- 
ations on constructing feedback control models which 
describe the cell division of normal and tumour cells to the 
cellular level. Before going into details, some general remarks 
of modelling and simulation shall be given. By modelling, we 
mean the study of a system using basic physical laws and 
relationships [ 171. Models are only mappings of a more com- 
plex reality! So, what we call a system model is actually a 
reflection of the model:ier’s understanding of the reality, its 
components and their interrelations (Figure 1). Therefore, 

Figure I.. Steps of modelling. 
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one should keep in mind which aspects have been omitted and 
what assumptions have been made in modelling. Thus, the 
computer model is an operational computer programme sys- 
tem implementing a system model. The output of a computer 
run may be the predicted time behaviour of the dynamic 
system. In this sense, simulation can be regarded as the art 
and science of experimenting with models [ 18-211. There 
are many rationales why simulations are valuable, including: 
verification and optimisation of the design of a system before 
its construction; helping to avoid costly design errors; helping 
to ensure safe designs or to test hypotheses; and to vary 
comfortably the system’s structure and parameter sets. 
Examples of modem areas of application include space flight 
simulations, migration in urban systems as well as pattern 
formation or spread of epidemics. In contrast to the goals of 
many biostatisticians, our primary aim is not data fitting in a 
simple manner, but stimulation of scientific questions by 
applying well-established methods of control theory [22] to 
the regulation mechanisms of the cell division process 
(Figure 2). One crucial question is: Under what conditions 
does the negative-feedback closed-loop circuit become 
unstable? 

MODELLING STRATEGY 
For studying the process of carcinogenesis tumours are 

either induced in animals or developed as cell cultures, i.e. in 
viva or in vitro models, respectively, are used. Our approach 
is concerned with computer models, which means, strictly 
speaking, with “models of the models”. 

The computer modelling of highly complex biological sys- 
tems requires a breakdown of the problem and appropriate 
simplifications. These are dependent on the ultimate aim of 
modelling. If one wants to model the spatial surgical removal 
of a tumour in viva, for instance in the skin, one has to assume 
a limited tissue volume, a constant volume of a cubic cell, a 
homogeneous tissue structure, and only horizontal and verti- 
cal correspondence to neighbouring cells mainly caused by 
restrictions of computer capacity. At the present stage, hetero- 
geneity, immunological reactions, and the formation of met- 
astases have to be neglected. The computer model is com- 
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Figure 2. Schematic illustration of a disturbed closed-loop control circuit describing cell renewal processes. 

posed by separate models for normal and malignant cells 
with different cell production rules (e.g. a tumour cell is 
theoretically capable of unlimited division). These models are 
connected by a set of cell-to-cell interaction rules which may 
be position and energy-dependent. That means that if the 

oxygen or glucose supply of a proliferating cell becomes low, 
the cell will enter the dormant GO-phase. The required exper- 
imental data are the initial temporal and spatial configuration 
of the cell system and the cell cycle times, which are created 
by a pseudo random number generator in the computer. 

For representing the results, a two-dimensional or three- 
dimensional spatial visualisation of normal and malignant 
tissue is required. If one wants to study the temporal and 
spatial growth of an in vine tumour spheroid (a model of non- 
vascularised early tumour growth) with the aim of investigat- 
ing various treatment schedules, we have to construct 
additionally a cytokinetic model of a tumour cell 
implementing distinct cell cycle phase durations (TG1, Ts, 
T GZ, Td. If we intend to optimise cancer treatment, one 
needs a treatment model, and in order to consider side-effects 
on normal tissue, we have to model different cell renewal 
processes of rapidly and slowly proliferating normal tissue. 

This procedure requires a set of more than 10 variables and 

approximately 30 parameters, which may be partially dose- 
dependent. Every scientist knows about the difficulty in get- 
ting or estimating these parameters by experiments. There- 
fore, a crucial bottleneck very often is the lack of sufficient 
experimental data which are the basis of all modelling activi- 
ties. 

For example, Figure 3 represents the growth model of a 
tumour spheroid [23-241. In this case, one underlying 
assumption is that the internal (autocrine) cellular control 
loop of a cell has become unstable [ 16, 221 and the transform- 
ation process from a normal cell to a cancer cell is complete. 
It should be mentioned that in Figure 3 the time-dependence 
of the proliferation is controlled by the spatial status of oxygen 
and glucose (described by a system of differential equations 
related to diffusion processes) introduced from experimental 
data. Therefore, the simulation run on a VAX workstation 
with a VAX station 3200 which takes 4-6 days is interrupted 
every 3 h by a simulation loop which checks whether the 
actual simulation results (cell number in the various stages of 
the cell cycle) are in accordance with the experimentally 
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Figure 3. Growth model of a tumour spheroid. 2, number of 
cells; C, concentration; r, radius of the tumour spheroid; nf(r), 
necrotic fraction; gf(r), growth fraction; OX, oxygen; GL, glu- 

cose; P, proliferating; Q, quiescent; N, necrotic. 

gained supply data. If not, the proliferation mechanism starts 
its correction work. 

In Figure 4, a completely different model is presented [25]. 
It symbolises a cell kinetic compartment model describing the 
time behaviour of normal cells after apoptosis, which has 
disturbed the balance of cells in the separate compartments. 
From the viewpoint of the control theory, the modelling of the 
interacting signals in the communication paths between the 
different compartments has been performed in the way that 
the number of cells is tried to be kept constant in the stem-cell 
and transit-cell pool [26] via the interacting signals e,,, ers, e,,, 

e,,,, m,,, msr (Figure 4). 
The complex models described here have been transformed 

into computer programmes (FORTRAN IV or C++ and 
blockoriented simulation languages (MatriG, MATLAB) 
have been used). The modelling of different temporal and 
spatial responses of cell growth to inner and outer per- 
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Figure 4. Cell kinetic model of rapidly proliferating normal tissue. m,,, share of stem cells which derive from stem cells during 
mitosis; m,,, share of transit cells which derive from stem cells during mitosis; e.., share of lacking stem cells which stimulates 
stem cells to leave the dormant phase GO; e,, share of lacking transit cells which stimulates stem cells to leave the dormant phase 
GO; e,, share of lacking transit cells which stimulates transit cells to leave the dormant phase GO; e,,, share of lacking stem cells 

which stimulates transit cells to migrate into the stem-cell compartment. 

turbances (e.g. chemical agents or radiation dose) allows a 
better understanding of the various cell regulation mechan- 
isms. 

TUMOUR GROWTH 
Let us now start with computer experiments simulating the 

in vitro growth of a tumour spheroid [23]. For this purpose, a 
single tumour cell (in mitotic phase) has been placed in the 
centre of a nutrient medium of a three-dimensional cell space, 
whose volume amounts t’o 1 mm3. The model is based on cell 
cycle regulation mechanisms, and the input data are the cell 
cycle phase durations which are created by a pseudo random 
number generator. After growing according to the cell pro- 
duction and interaction rules of the computer model [27] 
and the spatial two-dimensional steady state is illustrated in 
Figure 5a. A good qualitative agreement with the experiment 
can be observed in the cross-section (Figure 5a) as well as 

via the three-dimensional plot of Figure 5b. An improved 
computer model [24] considering additionally the oxygen and 
glucose supply in detail leads to a very good quantitative fit of 
the simulated time course with experimentally gained data 
of the mamma sarcoma of the mouse (EMT6/Ro_tumour 
spheroid) given in Figure 5c. The transition to the simulation 
of in vivo tumour growth is much more complicated. In a very 
first step we have neglected the capillary system. Furthermore, 
in the modelling approasch [28], we have assumed that one 
can only distinguish between normal and malignant cells. 
Thus, it was possible to study the growth of a tobacco leaf 
cancer [28] starting from a nucleus of about 20 transformed 
cells which have been placed in the outside rim of the tissue. 
The spatial two-dimensional configuration after growth of the 
tumour is represented in Figure 6a. Parallel to this work, we 
have been thinking about the introduction of the vascular 
system into our modelling world. In another study [29], the 
approach was to study th.e formation of the capillary network 
of a brain segment of a rat as a regulatory process during the 
oncogenesis of evolution I(Figure 6b). Thus, we could simulate 
in an extended computer model [30] the formation of an in 
vivo micrometastasis, sta.rting with a single transformed cell 
which was inoculated in the direct neighbourhood of a capil- 
lary (Figure 6~). The power of the model may be seen from 
the two-dimensional plot (Figure 6c) in which the possibility 

of visualising the neovascularisation (tumourangiogenesis 
effect) is included. 

TUMOUR SURGERY 
If we want to model cancer treatment, we have to extend the 

models describing tumour growth by developing additional 

programme packages considering the various treatment 
methods and schedules. A relatively simple case is that of a 
surgical removal of tumour cells [28] because in our computer 
model we have to eradicate the undesired cells only. This has 
been performed in the example of Figure 7. In this case, we 
have restricted the cell space symbolising a section of the 
skin to a two-dimensional 100 x 100 cell matrix consisting of 
normal cells coded by the symbol 1 which characterises the 
specific mean life-span of a cell. The growth pattern of a 
normal cell renewal system is generated by a set of cell 

production and interaction rules [28]. For some cells, the 
multistage transformation process of normal into cancer cells 
is complete. So, the existence of a tumour nucleus according 
to Figure 7a may be assumed. 

The multiplication of a tumour cell does not obey pro- 
duction rules for normal cells, but has special instructions 
valid only for tumour cells, which dictates that division of a 
tumour cell can take place even if there is no vacancy for one 
or two daughter cells [28]. The input data of our model are 
the mean life-span of normal and tumour cells, the percentage 
of cell loss and the initial configuration of the tumour. The 
spatial step-by-step increase of the tumour is illustrated in 
Figure 7b. At t = 50 units of time (Figure 7c), most of the 
tumour cells are removed by a surgical operation. However, 
the remaining tumour cells rapidly proliferate to produce 
new tumour cells (Figure 7d). Thus, an extremely complex 
biological system can be simulated near to reality by means of 
a few and simple assumptions. The model enables the influ- 
ence and variability of the mean life-span of a tumour cell, of 
the size and initial configuration of the tumour nucleus and of 
the percental tumour cell loss to be studied. One important 
practical application is the training of surgeons by simulating 
the operational procedure prior to clinical treatment; a further 
use is the importance of the tumour extension considered in 
the model for microsurgery. 



1286 W. Diichting et al. 

(a) Two-dimensional cross-section of a tumour spheroid 

Nutrient 

rotic region 

Experiment 

Proliferating cells 

(b) Three-dimensional growth of a tumour spheroid 

r,=21 h 

(c) Tumour volume as a function of time 

t2= 101 h 

Simulation 

0 IO 20 30 40 

Time (days) 

Experiment (EMT6/Ro-tumour spheroid) 

medium 

m 

Simulation 

Symbols: 

0 N 

6 GO 

I M 

e P(Gl,S,GZ) 

tj = 181 h 

30 40 

Time (days) 

Simulation (EMT6/Ro-tumour spheroid) 

Figure 5. Tumour growth in vitro. 
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(a) Two-dimensional growth of a tumour in a tobacco leaf 
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Figure 6. Tumour growth in YZ?JO. 
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(a) Tumour nucleus (initial configuration) at t = 1 unit of time 
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(b) Tumour growth (configuration at r = 25 units of time) 
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Figure 7. Surgical removal of tumour cells. 

CHEMOTHERAPY 
Cell cultures may be used to study not only the division 

of tumour cells, but also to determine the cytotoxicity of 
chemotherapeutic drugs. Many chemotherapeutic agents 
preferentially affect cells which are in a particular phase of the 
cell cycle, that is, they are phase-specific [31, 321. Now, 

tumour cell growth in a cell culture is a very good “in vitro 
system” which can be simulated by a computer model 
[24,27,33-341. In contrast to the oversimplified model of the 
previous section, in which one could only distinguish between 
normal and malignant cells, in this case our model is based on 
the cell cycle regulation mechanisms which make it possible 
to differ between tumour cells residing in different stages of 
the cell cycle. Furthermore, cell production and interaction 
rules allow the construction of the actual spatial (two- and 
three-dimensional) configuration. The input data of the model 
are cell kinetic data (cell cycle phase durations) and treatment 
schedules [27]. The effect of drug resistance has not yet been 
implemented in our model. However, this phenomenon can 
be taken into account by the dose-dependence of the diffusion 
of a drug through cell membranes (passive permeation) and 
using methods and results in [24]; work in this direction is in 
progress. The example in Figure 8 illustrates the application 
of an agent which has killed all proliferating tumour cells 
(Figure 8b) of the outer rim of the tumour spheroid at t = 201 
units of time. By this procedure, the outer quiescent GO- 
tumour cells are recruited into the cell cycle again and tumour 
growth proceeds according to Figure 8c. The time at which 
cytotoxic treatment is given is extremely important. From the 
time course plotted in Figure 8d, one can see the optimal 
moment when the cytotoxic drug has to be administered for a 
second time. This is not the time when the total number of 
tumour cells has reached its minimum (at t = 250 units of time 
in Figure 8d), but, following our model, the drug should be 
administered when the number of GO-cells has reached a 
minimum (at t= 205 units of time in Figure 8d), because 
then the maximal number of tumour cells resides in the 
proliferating phase and can optimally be hit by the phase- 
specific cytotoxic drug. It should be stressed that this approach 
mainly provides qualitative results which allow new ideas 
concerning the variation of treatment schedules to be tested. 
Simulation results have to be confirmed by experiments (in 
vitro, in vim) and clinical evidence. A noteworthy improve- 
ment of the computer simulation model is possible using 
investigations [35-37 and references therein] on the cytotoxic- 
ity of some well known anticancer drugs (e.g. doxorubicin, 
epirubicin, cyclophosphamide, isofosfamide, cisplatinum, 
carboplatinum), relating to dose-effect relationships, mechan- 
isms of DNA-interstrand crosslinkings and DNA-protein 
crosslinking monitored in some cell lines (monolayers, 
spheroids). The status of the simulation model [24], presented 
below, on radiotherapy alone could be extended, using the 
results of these investigations, to include cancer chemo- 
therapy, and the integrated modality of chemotherapy and 
radiotherapy. Work in this direction is in progress. 

RADIATION THERAPY 
The tumour spheroid model used in this case is based on 

the cell cycle model described in preceding sections. It has 
been extended and improved by considering metabolic factors 
such as oxygen and glucose supply [24]. The simulation of 
radiation therapy is much more complicated than that of 
surgical removal of a tumour. Firstly, an appropriate radiation 
model is required. In our case, we have chosen the linear- 
quadratic survival function [38-391 as the dose-response 
relationship of cell cultures (monolayers and spheroids). The 
aim of radiation treatment is the maximum kill of tumour cells 
and the minimum damage of normal cells [40-42]. Thus, in a 
first step, we have applied five different clinical treatment 
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Figure 8. Chemotherapy applied to a tumour spheroid. 
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Table 1. Fractionation schemes 100000, ; : 

Scheme Dose 

Standard fractionation 

Hyperfractionation* 

1 x 2 Gy per day; 5 days per week; 

60 Gy total 

2 x 1.2 Gy per day; 5 days per 

week, 72 Gy total 

Accelerated fractionation* 2 x 2 Gy per day; 5 days per week; 

60 Gy total 

Accelerated hyperfractionation* 3 x 1.5 Gy per day; 5 days per 

week; 54 Gy total 

Hypofractionation 1 x 6 Gy per week; 60 Gy total 

*Interval between treatments per day: 6 h. 

965OOt*,,~‘,I.‘,‘,,,,;,,,,‘,.,‘i..,,i.,,,,,,.,* 
: ) 

200 250 300 350 400 450 500 550 6( 

Time (days) 

Time after start of irradiation (days) 

Figure 9. Irradiation of a EMT6/Ro-tumour spheroid (of the 
mamma sarcoma of the mouse) with five different fraction- 

ation schemes (Table 1). 

schemes [43](Table 1) to the computer tumour spheroid 
model of the mamma sarcoma of the mouse [24]. Standard 
fractionation (5 x 2 Gy per week) is the usual schedule and it 
is still preferred in most hospitals. However, clinical studies to 

evaluate modifications of this standard scheme with regard to 
an improved tumour cell kill effect and eventually reduced 
side-effects to normal tissue are in progress. Therefore, the 
essential question is: What is more favourable, a multifraction- 

(a) Experimental curves from literature 141 

Time 

Figure 11. Irradiation of the lung parenchyma of the mouse 
with four diierent fractionation schemes (Table 1). 

ated irradiation or an irradiation with a weekly high single 
dose? In agreement with qualitative clinical observations [44- 
461, the following simulation results will show that a general 
answer cannot be given to this question. Indeed, only a specific 
solution for each case is possible because, in addition, the 
side-effects of radiation to normal cells have to be considered 
also. Examination of the results of irradiation of the in vitro 

EMTd/Ro-tumour spheroid (of the mamma sarcoma of the 
mouse) in Figure 9, starting when the tumour has reached its 
saturation state (Figure 5c) at T= 40 days indicates that only 
the hypofractionation (Table 1) leads to a substantial tumour 
cell kill [24], although this is certainly dependent on the cell 

line under consideration. The radiation effect to a rapidly 
regenerating normal cell renewal system has to be studied. If 

we apply the radiation model to the cell renewal compartment 
model [25, 471 of Figure 4, the influence of irradiation to fast 
proliferating normal cells can be visualised. As an example of 
a single-dose irradiation, Figure 10 illustrates the response 
curves of the epidermis of the mouse. The irradiation of the 
epidermis of the mouse with five different clinical treatment 

schedules according to Table 1 has been published elsewhere 
[24]. However, the simulation results tell us that a recovery of 
the cell system can be expected, unless an accelerated 
irradiation scheme is applied. Clinical experience is often that 

(b) Simulation 

Time (days) 

Figure 10. Cell number of function cells of the epidermis of the mouse after a single-dose irradiation at t = 250 days. D, dose. 
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the late effects of irradiation are really the dose-limiting factor 

[43-461. Therefore, we had to construct a modified computer 
model [4748] which considers the cell kinetic behaviour of 

slowly regenerating normal cell systems (lung, brain) with 
dominantly quiescent GO-cells. Again, applying the five differ- 
ent clinical fractionation schemes (Table 1) to the lung paren- 
chyma of the mouse, Figure 11 shows that now the two 

schedules hyper- and hypofractionation lead to severe (late) 
damage of the normal (cells [24]. However, the qualitative 
simulation results always have to be confirmed by experiments 
and/or clinical evidence. 

Finally, an important advantage of the simulation approach 
shall be stressed. In the bi.ological reality, you can only perform 
experiments with a tumaur embedded in a mixture of rapidly 
and slowly regenerating normal tissue. By applying the com- 
puter modelling, it is possible to study the influences of 
treatment to each tissue separately and to compare the results 
with each other. 

OUTLOOK 

Here, we have shown that computer models are obviously 
essential simplifications of the true complexity of real life. 
Thus, much remains to be done. Some promising avenues of 
future research include: 

-Initiating new biological experiments for measuring cur- 

rently unknown data and parameters. 
-Considering facts which had been neglected so far 

(formation of metastases, immunological reactions, drug 
resistance, heterogeneity). 

-Extension of the cell space which is currently limited to 

approximately 1 mm3 .tissue volume. 

-Considering growth factors in haematopoietic cell renewal 
models. 

-Generating a more realistic initial configuration of a tumour 
by combining image processing techniques (computer tom- 

ography, magnetic resonance, positron emission 

tomography) with our predictive models describing 
tumour growth. 

-Improving cancer trea.tment strategies by studying alterna- 
tive schedules such as continuous irradiation with low 
doses, administration of chemotherapeutic drugs and/or 
combined therapy modalities, which are becoming increas- 
ingly important in the treatment regimen of human tumour 
diseases. Priority should be given to considering cell metab- 

olism and the non-linear dependence of the metabolic vari- 
ables. 

-Systematic comparison of different treatment methods and 
protocols. 

-Partial substitution of long and expensive biological test 
series by simulation experiments. 

-Construction of computer models at the gene-regulation 
level by introducing methods t?om computer science, e.g. 
Petri-networks (event-oriented asynchronous switch- 
networks). 

An important precondition (condz’tio sine qua non) of all 
modelling activities is the stepwise reduction of antipathy 
against the systematic modelling approach which is created by 
scientists predominantly working empirically. The authors 
sincerely hope that this review will help to inspire more 
confidence in modelling. 
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