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Abstract

This review will outline a number of cellular automaton models describing
the tumor growth.  The review was provided with simulation results
demonstrating both growth curves and morphology of tumor. The goal of
researchers of CA model of tumor growth is to understand the mechanisms of
tumor growth in microscopic scale which generate the tumor morphology from
the experimental or clinical data are given. Using the CA model accurately
predicts the growth curve as Gompertz curve from the experimental data both in
vitro and in vivo data. The morphology as seen in experimental data will be
challenged the modeler to make a novel microscopic model to generate the same
tumor morphology. The measurement from tumor including both growth curve
and morphology from the different models will be discussed.
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1. Introduction

Probabilistic Cellular Automaton models (CA Models), Individual-based
models (IBMs) or agent-based models (ABMs) are artificial ecologies approaches
to modeling population dynamics of theoretical ecology Lomnicki[5]; De Angelis
et al. [9]; Grimm [15]. The models of population dynamics can be classified by
population sizes, space, and time. IBMs are models with discrete in population
size as referred in Ludek Berec [7]. The CA models share common characteristics
using cellular ‘s rules from cellular or subcellular levels and using stochastic
approach see detail in Wolfram [17]. If each individual cell in the cellular‘s rules
has behavior and interaction with their environment, the system will be named
multi-cellular biological system (MCBS), see Hwang et al [14].

This article aims to review the principle methodology for CA models of
tumor growth in MCBS and to emphasize that the most of researchers have
attempted to study a microscopic scale to describe the macroscopic characteristic
of tumor morphology. The Researchers such as, Qi, et al.[6], Jiang and coworker
[19], Boondirek, et al. [2], and Boondirek and Triampo [1], Reis, et al.[10],
Smolle and Stettner [12] and Duchting and Vogelsaenger [18] used cellular
automaton models to compromise a hybrid of the complex mechanisms of tumor
growth and the dynamics of tumor cells such as proliferation, differentiate, move,
and lysis will be implement to cellular ‘s rules. To measurement of simulated
tumor referred to the experimental or clinical data, such as the different regions of
multicellular tumor spheroid, as well as the fractal of tumor boundary were
refered by Bru, et al. [3] and Boondirek, et al. [2].

2. The method of CA model and Previous works of tumor growth

In a cellular automaton modeling, researchers are required to set an
initial configuration, design a cell dynamics to be the cellular‘s rule and follow
cellular ‘s rule iteratively for each time step. The action’s rules of cell dynamics
on two-dimensional square lattice are displayed on Fig 1.

The pioneer research for multi-cellular biological system (MCBS) of tumor
growth in three dimensional cubic lattice has been carried out by Duchting and
Vogelsaenger [18] to investigate the effects of radio-therapy. Qi, et al. [6] and
Boondirek, et al. [2] proposed a two-dimensional cellular automaton model of
tumor growth with immune response. The growth curve from their model can give
qualitatively the same as the Gompertz curve which describe the growth of tumor
in vivo or in vitro data, see Steel [11], Norton, [13] and Guiot, et al. [8].
Boondirek, et al. [2] also studied several biological effects from clinical trials to
the parameters in their kinetic model. The schematic diagram and snapshot of a
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simulated tumor with irregular border was shown in Boondirek, et al. [2]. In
particular, KikuChi et al. [4] clinically measured the fractal dimension of tumors.
Boondirek, et al.[2] measured the fractal measurement of tumor boundary from
the simulation results of the tumor boundary in their model as seen in Boondirek,
et al. [2] and Jiang et al. [19]. Bru, et al. [3] clinically studied the spatial
distribution of cells proliferation in tumors and defined three regions of tumor;
innermost, intermediate, and outermost region with using radius as basis see detail
in Bru, et al. [3]. Boondirek, et al. [2] also measured the spatial distribution of
cells proliferation and concluded that the most of proliferating cells was located in
the outermost regions.

Jiang and coworker [19] proposed an MCBS of tumor growth
describing the cellular level including cell proliferation, death, and intercellular
adhesion on three-dimensional cubic lattice. Snapshots of cross-sectional view of
spheroid and the growth curve were depicted in Fig 2 and 3, respectively.

Recently, Boondirek and Triampo [1] have used the cellular ’s rule as
seen in Boondirek, et al. [2] to represent tumor cells with immune response on a
three-dimensional(3D) CA model with von Neumann neighborhood. They
modified same cellular ’s rule to include the three-dimensional with 6 nearest
neighboring site. This modification makes it possible to observe physical
difference appearances such as, with the same set of parameters the simulated
tumor in the 3D had more compactness than the simulated tumor in the 2D. The
snapshots of cross-sectional view of spheroid and the growth curve were depicted
in Boondirek and Triampo [1]
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Figure 1 Cell progression. The type of cell dynamics on two-dimensional square
lattice with von Neumann neighborhood have five rules, i.e., division,
move, loss, change and not change state as shown

1200

1200 1200

1000

1000 1000

J00 ®OO
600 600

400 400

800

(um]

600
400
200

200 200

il
200 400 A00 800 1000 1200 200 400 600 300 1000 1200 2000 400 600 800 1000 1200
[um] [um] [wm]

Figure 2 The cross-sectional view of a spheroid at different stages of
development from a single cell for 2 days, 10 days, and 18 days, respectively by

the left. The colour code is -proliferating, :quiescent, and M :necrotic
cells (taken from Jiang and coworker [19]).
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Figure 3 The simulated growth curves of spheroid with 0.08 x#m O, and 5.5 xm

glucose in the medium. The volume of spheroid with time(days) the
circles shape are simulation results, the solid diamonds, and the squares
shape are experimental data for EMTG6/Ro, respectively. The solid lines
are the best fit with a Gompertz function for experimental data, more
detail see Jiang and coworker [19].
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3. Discussion and Conclusion

The purpose of this review is to present cellular automaton models of
tumor growth at investigating the results by measurement the evolution of tumor
growth. The measurement from tumor both in vivo or in vitro is both growth
curve and morphology. Spatial distribution of the cells is one of the methods for
morphology observations and the evolution of tumor growth curve caused by total
tumor cell count over time was compared with experimental data. A recent
publication by Jiang and coworker [19] shows the three different stages of tumor
development. The tumor growth curves could produce the best fit to the growth
of spheroids. The tumor shape was shown on the cellular automata grid. The
spatial distribution of tumor was caused by the growth dynamics that presented an
interaction with tumor cells and their environment. The tumor model, proposed by
Boondirek and Triampo [1] emphasized on the parameters involving immune
response and the growth curve was fit with experimental growth curves in vivo for
rat tumors. However, the model proposed of Jiang and coworker [19] was the set
of parameters to control spheroid which was in vitro experimental and to compare
the growth curve of tumor spheroid for EMT6/Ro as detailed in their paper using
Gompertz function estimated from experimental data. In similar, simulation
results from both CA model used the Gompertz function from experimental data
for comparison. The tumor morphology which is proposed by Jiang and coworker
[19] explicitly exhibits the layer structure of the three different tumor types as
shown in the right picture from the figure 4. Although tumor growth simulation
in recent publication cannot answer all aspects of biological activities in tumor
cells, it provides scientists to understand mechanism of tumor growth based on
basic rules of CA. This could help scientists to detect and recognize early
development of tumors which is a key process to treat patients and increase the
survival rate. Better and advanced models are being modified from theses
research works to compare with clinical data which are progressively made
available.

The goal of researchers of CA model of tumor growth is to understand the
mechanisms of tumor growth in microscopic scale which generate the tumor
morphology from the experimental or clinical data are given. Using the CA
model accurately predicts the growth curve as Gompertz curve from the
experimental data both in vitro and in vivo data see Charles [16]. The
morphology as seen in experimental data will be challenged the modeler to make
a novel microscopic model to generate the same tumor morphology. The
measurement from tumor including both growth curve and morphology from the
different models will be discussed.
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