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Abstract Cancer is a complex multiscale disease involving inter-related processes
across a wide range of temporal and spatial scales. Multiscale mathematical models
can help in studying cancer progression and serve as an in silico test base for
comparing and optimizing various multi-modality anticancer treatment protocols.
Here, we discuss one such hybrid multiscale approach, interlinking individual cell
behavior with the macroscopic tissue scale. Using this technique, we study the
spatio-temporal dynamics of individual cells and their interactions with the tumor
microenvironment. At the intracellular level, the internal cell-cycle mechanism
is modelled using a system of coupled ordinary differential equations, which
determine cellular growth dynamics for each individual cell. The evolution of these
individual cancer cells are modelled using a cellular automaton approach. Moreover,
we have also incorporated the effects of oxygen distribution into this multiscale
model as it has been shown to affect the internal cell-cycle dynamics of the cancer
cells. The hybrid multiscale model is then used to study the effects of cell-cycle-
specific chemotherapeutic drugs, alone and in combination with radiotherapy, with a
long-term goal of predicting an optimal multimodality treatment plan for individual
patients.

Keywords Cancer • Hybrid multiscale model • Cell cycle • Hypoxia •
Chemotherapy • Radiotherapy

1 Introduction

Cancer has been and still is one of the most devastating diseases known to the
developed world. Even with numerous technological, medical and pharmaceutical
developments in detecting and treating different types of cancer, the median survival
rates of most types of cancer remain unchanged for the last 20–30 years. One way to
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improve this situation is to increase the survival chances of cancer patients through
the intelligent planning and optimum delivery of multimodality therapies.

The most common treatments for cancer management are surgery, chemotherapy,
radiation therapy and their various combinations. Chemotherapeutic drugs function
by killing the cancer cells through interfering with the cell-cycle mechanism, which
regulates complex intracellular processes such as proliferation, cell division and
DNA replication [66]. The cell-cycle mechanism is very much dynamic in nature
and is influenced by numerous intracellular pathways, extracellular interactions
and the tumor microenvironment, in particular oxygen [10, 66]. Two important
pathways out of many that affect the regulation of the cell cycle are the HIF-1
pathway, which is upregulated by the presence of hypoxia, and the wee1 pathway,
which is influenced by circadian rhythms [37, 38]. These intracellular and extracel-
lular heterogeneities as well as dynamical changes in the tissue microenvironment
directly or indirectly contribute towards cell-cycle-mediated drug resistance and
poor treatment outcome [10]. An effective way to address this is by using an
appropriate combination of cell-cycle-specific chemotherapeutic drugs that targets
a cancer cell at its various phases of cell division.

In most cases, chemotherapy is administered in combination with the radiation
therapy, although in some cases either one of them is given alone. Just as with
chemotherapy, cell-cycle dynamics also play a vital role in mediating a cell’s
sensitivity towards radiation therapy since the cell-cycle phase determines the
cell’s relative radiosensitivity [42, 53]. Previous studies have shown that cells that
are in G2-M phase are more sensitive to the radiation than those in G1 phase
[53]. Moreover, irradiation can also alter a cell’s cell-cycle dynamics through
the activation of various intracellular pathways and thus can delay the rate of
progression of a cell’s cell cycle, causing a group of cancer cells to accumulate in
a particular phase of the cell cycle [42, 53]. The treatment-dependent perturbations
of cell-cycle dynamics together with cell-cycle-dependent therapeutic sensitivity are
one of many rationales behind the combination treatment protocols of chemotherapy
and radiation therapy [25, 33, 53].

Clinically driven mathematical models can be used as powerful tools to under-
stand, study, and provide useful predictions related to the outcome of various
treatment protocols used to treat human malignancies. The multiscale complexity
of cancer progression warrants a multiscale modelling approach to produce truly
predictive mathematical models. In order to capture all the dynamics of tumor
progression, we need to couple processes that are occurring at various spatial and
temporal scales. In this chapter, we discuss one such hybrid multiscale model that
incorporates some of the relevant intracellular, cellular and macroscopic dynamics.

2 Multiscale Mathematical Model: Growth and Progression

We consider a hybrid cellular automaton model for cancer growth and progression,
which models the spatio-temporal dynamics at the cell level, interlinking cell-level
dynamics to the molecular variations of intercellular signalling and macroscopic
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behavior of tissue oxygen dynamics [57]. The evolution of cancer cells is modelled
using a cellular automaton (CA) model where each cell has its own cell-cycle
dynamics incorporated using a set of ordinary differential equations. The cells are
located spatially in a dynamic microenvironment due to the variations in oxygen
concentration, and the changes in oxygen distribution and drug concentration are
modelled using partial differential equations. A cell-based model is considered to
study the multiple effects of radiation therapy [56]. Finally, this hybrid multiscale
CA modelling approach is used to analyze and study the therapeutic outcome
when chemotherapy and radiation therapy are given alone and in combination with
each other.

The computational simulations are performed on a two-dimensional spatial grid,
where each grid represents either a cancer cell, the cross section of a blood vessel or
the extracellular matrix. The spatial size of this computational grid has been chosen
to approximately match the size of a single cell. To simulate the spatio-temporal
progression of the cancer cells and their response to chemotherapeutic drugs and
radiation, each automaton cell is associated with four major components – cells, the
local oxygen (and hence HIF-1 ˛) concentration, initial blood vessel distribution and
drug concentrations. A schematic overview of the model with the scales involved is
given in Fig. 1 [56].

Vessel distribution Oxygen SupplyDrug supply

Diffusion of drugs
(represented by PDE)

Radiation Diffusion of oxygen
(represented by PDE)

Spatial distribution of
drugs

Cells with cell-cycle 
and hypoxia status

(Cellular automaton rules)
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Intracellular
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Fig. 1 Schematic diagram of the model showing the appropriate scales involved. Adapted
from [56]
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2.1 Intracellular Dynamics: Cell-Cycle Model

There are many different models of the cell-cycle dynamics incorporating varying
underlying complexities, and details of these can be found in the key papers
[7, 26, 30, 48, 74]. For our multiscale model, to model the cell-cycle dynamics
within each cell, we use a simple model which was originally developed by
Tyson and Novak [47, 74] that includes various relevant interactions for cell-cycle
regulation and control. Using these kinetic relations, Tyson and Novak [47, 74]
explain the transitions between two main steady states, G1 and S-G2-M, of the cell
cycle through the changes in cell mass. Although, we use this simple model in our
simulations, one could easily replace this with more complex models that describe
the further complicated processes involved in the mammalian cell cycle [48].

To make the current six-variable model more relevant to the mammalian cell, we
have used the equivalent mammalian proteins stated in Tyson and Novak’s paper,
namely the Cdk-cyclin B complex [CycB], the APC-Cdh1 complex [Cdh1], the
active form of the p55cdc-APC complex [p55cdcA], the total p55cdc-APC complex
[p55cdcT], the active form of Plk1 protein [Plk1] and the mass of the cell [mass]
[57]. Following Tyson and Novak’s model, the evolution of the concentrations of
these components is modelled using the following system of six ODEs:
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�
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where ki are the rate constants and the values are chosen in proportional to those in
Tyson and Novak so that the time scale is relevant to mammalian cell cycle [47,74].

Here, the equation governing the change of mass accounts for the growth of each
cell. A cell is assumed to divide when the concentration of Cdk-cyclin B complex
[CycB] crosses a specific threshold value [CycB]th which is assumed to be 0.1, from
above and then the mass, [mass] is halved. To introduce a random growth rate for
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individual cells which in turn introduces cell-cycle heterogeneity in the population,
we consider a varying growth rate �:

� D �C C " O�; (7)

where �C D 0:03, " D 0:006 and O� is a probability density function with uniform
distribution between �1 and 1. The rest of the parameter values of the cell-cycle
model can be found in Powathil et al. [57].

Figure 2 shows the changes in various protein concentrations that have been
included in the current cell-cycle model for one single automaton cell. Every cell in
this multiscale model has similar cell-cycle dynamics built-in which further control
the division and cell-cycle phases of the respective cells. In this representative figure
(Fig. 2), a cell undergoes division constantly as long as there is enough space to
divide and the surrounding microenvironment is favorable for its division. However,
as soon as its neighboring spaces are occupied, the cell moves to a resting phase
where the concentrations are maintained in a constant level and in Fig. 2, this
happens at around 190 h.

Fig. 2 Plot of the concentration profiles of the various intracellular proteins and the cell mass over
a period of 200 h for one automaton cell in the model. This is obtained by solving the system of
equations, Equations 1 to 6, with the relevant parameter values from Table 1. Adapted from [57]

Table 1 cell-cycle model parameters from [55]

Component Rate constants (hr�1) Dimensionless constants

[CycB] k1 D 0:12, k0

2 D 0:12, k
00

2 D 4:5, [p27/p21]=1.05 ŒCycB�th D 0:1

[Cdh1] k0

3 D 3,k
00

3 D 30, k4 D 105 J3 D 0:04,J4 D 0:04

[p55cdcT] k0

5 D 0:015, k
00

5 D 0:6, k6 D 0:3 J5 D 0:3, n D 4

[p55cdcA] k7 D 3,k8 D 1:5 J7 D 0:001,J8 D 0:001,[Mad]=1

[Plk1] k9 D 0:3, k10 D 0:06

[mass] �C D 0:03 m� D 10
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2.2 Macroscopic Effects: Oxygen Dynamics and Hypoxia

At the macroscopic level, the effects of the changing tissue microenvironment are
incorporated into the model by introducing oxygen dynamics which are modelled
using a suitable partial differential equation incorporating vessels as sources of
oxygen. Computationally, there are several ways of introducing vascular dynamics
into the model depending on various temporal and spatial scales of interest [9, 15,
67]. Here, we have considered blood vessel cross sections distributed randomly
throughout the two-dimensional domain with density �d D Nv=N 2, where Nv is the
number of vessel cross sections [18,36]. If K.x; t/ denotes the oxygen concentration
at position x at time t , then its spatio-temporal evolution can be expressed as,

@K.x; t/

@t
D r:.DK.x/rK.x; t// C r.x/m.x/ � �K.x; t/cell.x; t/; (8)

where DK.x/ is the diffusion coefficient and � is the rate of oxygen consumption
by a cell at position x at time t (cell.x; t/ D 1 if position x is occupied by a cancer
cell at time t and zero otherwise). Here, m.x/ denotes the vessel cross section at
position x (m.x/ D 1 for the presence of blood vessel at position x, and zero
otherwise); thus the term r.x/m.x/ describes the production of oxygen at rate r.x/

[57]. The diffusion coefficient and the supply rate of the oxygen vary depending on
the location of the cancer cells and blood vessels [57]. Since it has been observed
that when a vessel is surrounded by a mass of densely packed cancer cells its
perfusion and diffusion capabilities are seriously impaired, this is incorporated in
our model by considering a lower diffusion rate and a lower supply rate in the
tumor as compared to the normal vessels [57]. This equation is solved using no-
flux boundary conditions and an appropriate initial condition [55]. Figure 3 shows
a representative profile of the spatial distribution of oxygen concentration after
solving Equation (8) with relevant parameters as given below.

The oxygen diffusion length scale L can be considered to be approximately
equal to 100 �m and the value of the diffusion constant is taken as 2 � 10�5 cm2/s
[50]. Using these and the relation L D p

D=�, the mean oxygen uptake can be
approximately estimated as 0.2 s�1. The oxygen supply through the blood vessel is
approximately taken as 8:2 � 10�3mols s�1 [44]. The appropriate nondimensional-
ization will yield a time scale of T D 0:001hr and hence each time step is set to be
0:001hr for both CA time step and oxygen dynamics. The length scale of 100�m
will give a square grid of length �x �L=20 �m, approximate diameter of a cell and
thus a tumor of radius 1 mm [57].

The changes in the oxygen concentration, especially hypoxia, may affect various
intra and intercellular processes of the cells that constitute the tumor mass. In the
present model, the effects of hypoxia are included through the activation and
inactivation of HIF-1 ˛ which further results in changes in intracellular cell-cycle
dynamics. When oxygen concentration at a specific position x falls below 10%
(hypoxic cell), HIF-1˛ is assumed to become active from an inactive phase, which
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Fig. 3 Plot showing the concentration profile of oxygen supplied from the vasculature. The red-
colored spheres represent the blood vessel cross sections and the color map shows the percentage
of oxygen concentration. Adapted from [56]

further delays the cell-cycle dynamics through the upregulation of p27/p21 pathway
[29, 57]. This is incorporated into Equation (1) using an additional decay term
proportional to the concentration of p27/p21 (which is considered here as constant)
[4, 57]. Thus the modified equation for cyclic-CDK dynamics can be written as

d [CycB]

dt
D k1 � .k

0

2 C k
00

2 [Cdh1] C Œp27/p21�ŒHIF �/[CycB]; (9)

where

ŒHIF � D
�

1 W K.x; t/ � 10%
0 W K.x; t/ > 10%:

(10)

2.3 Cancer Growth and Progression: Cellular Automaton
Model

Here, we use a cellular automaton (CA) approach to study the spatial and temporal
dynamics at the cell level incorporating the intracellular and macroscopic details
described above. Previously, cellular automaton modelling approaches have been
used to model various aspects of tumor development and progression, including
the formation of multicellular spheroids [35, 52], tumor-induced angiogenesis [9],
cancer cell adhesion and invasion [73]. Moreover, several hybrid CA models have
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already seen use to study tumor growth and development in multiple scales and time
[3, 5, 21, 28, 49, 52, 54, 60].

Here, the computational model is simulated on a spatial grid of size 100�100 grid
points and each automaton element whether it is empty or occupied has a physical
size of l�l , where l D 20 �m, simulating a cancer tissue of 2�2 mm2 area. The CA
begins as a new grid of empty points with a single initial cell in G1 phase (blue cell)
of the cell cycle at the center. This initial cell divides following the intracellular
cell-cycle dynamics modelled using Equation 1–6 and produces a cluster of cells
on a regular square lattice with no-flux boundary conditions. The PDE equation
governing the oxygen dynamics is simulated using a finite difference scheme and the
system of ordinary differential equations controlling cell-cycle dynamics is solved
using the Runge-Kutta method to obtain the intracellular protein concentrations for
each cell. At each simulation step, these intracellular protein levels are checked
for each individual cell and its cell-cycle phase is updated accordingly. A cell is
considered to be in S-G2-M phase (green cell) if its [CycB] level is greater than a
specific threshold and if it is lower than this value, the cell is in G1 phase. If the
cyclin B-cdk complex concentration [CycB] crosses this threshold from above,
the cell is considered ready for division. Once the cell is marked for division,
its neighborhood of order 3 is checked for an empty space with highest oxygen
gradient and the cell undergoes cell division and its mass [mass] is halved. If the
cell’s neighborhood has “no space” then its growth rate � is set to zero and it
enters a resting state (magenta cell). After the division, the new cell is placed with
a G1 state of cell cycle and is assigned a value for � randomly from the range of
values of �. If there are more than one empty space with same oxygen gradient, a
position is chosen randomly. The position of the new daughter cells is determined
by Moore and von Neumann neighborhood alternatively to avoid the associated cell
distribution patterns specific to each method [56, 57].

As this multiscale model evolves over time, the number of cells increases and
the oxygen consumption also increases accordingly, eventually leading to tissue
hypoxia. Here, the hypoxic cells that are in G1 phase are represented by rose color-
coded cells while hypoxic S-G2-M cells and hypoxic resting cells are denoted by the
colors yellow and silver, respectively. Figure 4 shows a snapshot of the multiscale
hybrid CA model after 700 h where Fig. 4a illustrates the distribution of oxygen
in a percentage scale, Figure 4(b) gives the HIF-1˛ map and Fig. 4c shows the
distribution of cells in various cell cycle phases. Proliferating cells which are active
in cell-cycle are mainly seen near the high oxygen concentration regions of the
tumor boundary, creating fingerlike growth pattern in the tumor cell distribution.
This is mainly due the to effect of surrounding microenvironment as the tumor tends
to advance towards the most favorable microenvironment that supports its growth
and invasion. In Fig. 5 we plot the corresponding total number of cells along with
the number of cells in each of the various cell-cycle phases against time for this
asynchronous population.
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Fig. 4 Plots showing a snapshot of the simulation results of the model at time= 700 h. (a) plot
of the oxygen concentration distribution within the spatial domain, (b) plot of the HIF-1 ˛

concentration within the spatial domain and (c) plot of the spatial distribution of the cells
in different stages of the cell cycle which are G1 (blue), S-G2-M (green), resting (magenta),
hypoxic cells in G1 (rose), hypoxic cells in S-G2-M (yellow) and hypoxic cells in resting (silver).
The contours represent the oxygen concentration profiles. Adapted from [57]

Fig. 5 Plot showing the total number of cells in the different phases of the cell cycle over the
course of one simulation run representing 700 h. The subplot shows the density of hypoxic area as
a function of time. Adapted from [57]

3 Mathematical Model: Effects of Anticancer Treatments

Chemotherapy and radiotherapy play important roles in the primary treatment
of many cancers and in improving the survival after cancer surgery. Currently,
numerous chemotherapeutic drugs and irradiation techniques are employed, which
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have evolved over several decades through empirical clinical usage. The effective-
ness of these treatment protocols is also considerably affected by internal tumor
heterogeneities caused by perturbations in the intracellular pathways as well as
by the dynamical changes in the tissue microenvironment, in particular oxygen
concentration [10]. Hence, it is also important to consider such heterogeneity when
studying various optimization protocols, as this can help in improving the delivery
of multi-modality treatments. Mathematical modelling of such complex dynamic
situations might provide one solution to this problem, and speed up the delivery of
efficacious treatments to patients while preventing the use of potentially sub-optimal
treatment combinations. Mathematical and computational models can also be very
helpful in gaining valuable insights into the mechanisms and consequences of
various complex intra-cellular and intercellular changes during and after the therapy.
Here, we use the hybrid multiscale cellular automaton model described previously,
incorporating the effects of oxygen heterogeneity and cell-cycle dynamics to study
the multiple effects of cell-cycle-dependent chemotherapy and radiotherapy.

3.1 Modelling the Effects of Cell-Cycle-Specific
Chemotherapy

Several previous mathematical models have shed light on understanding the effects
of chemotherapy and its optimal delivery [1, 17, 60, 68]. Chemotherapy is a
commonly used treatment for cancer. Chemotherapeutic drugs act on rapidly
proliferating cells, such as cancer cells, by interfering with the cell-cycle and other
cell-cycle specific targets. Cell-cycle-specific anticancer drugs are more effective on
dividing cells by interfering with the cell-cycle and other cell-cycle-specific targets.
Hence, it might be more efficient to use a combination of multiple cell-cycle phase-
specific drugs that target the cells in different phases of the cell cycle. Here, the
concentration of chemotherapeutic drug type i , Ci .x; t/ is governed by a similar
equation as that of oxygen distribution (8), given by;

@Ci .x; t/

@t
Dr:.Dci .x/rCi .x; t//Crci .x/m.x/��ci Ci .x; t/cell.x; t/��ci Ci .x; t/;

(11)

where Dci .x/ is the diffusion coefficient of the drug, �ci is the rate by which the
drug is taken in by a cell (assumed to be zero as it is very negligible when compared
to oxygen uptake), rci is the drug supply rate by the pre-existing vascular network
and �ci is the drug decay rate [55].

Drug molecules are much bigger in size than oxygen molecules and their supply
through the normal blood vessels is minimal. Additionally, the drug diffusion rate
varies depending on the vessel location within the domain and with other factors
such as pressure. Hence, similar to our assumptions for oxygen, these effects of
pressure are taken into account through the following assumptions related to the
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transport properties and delivery rate of the drug [57]. The parameters that are used
in the equations governing the dynamics of chemotherapy are chosen in comparison
with oxygen molecules and other known compounds of similar molecular mass [57].
In the model, chemotherapeutic drugs are assumed to be effective in killing a cell
with a probability pi , if its concentration at that location of the cell is above a fixed
threshold value �ci and below which the drug has no effect on any cells. Using this
model, we have further analyzed the effects of these drugs which are delivered at a
same rate in two different combinations targeting either the same phase or a different
phase of the cell-cycle.

The temporal evolution of the tumor dynamics when the time delay between two
drug doses is 84 h (chosen as a representative illustration) is given in Figs. 6, 7
and 8. Figs. 6a–d and 7a–d show the changes in the total number of cells as
well as the number of cells that are in various phases of the cell-cycle when the
phase-specific drugs are delivered in multiple combinations. Figure 8 illustrates
the spatial evolution of the cancer cell distribution during the administration of
the chemotherapeutic drugs. These dynamical changes in the spatial evolution of
cancer cell distribution will have a significant impact on the final cell distribution
when more than two doses of cell-cycle-specific chemotherapy are administered
subsequently. Hence, it is very important to consider the cell-cycle heterogeneity
together with the oxygen heterogeneity while studying the effects of these drugs to
obtain an accurate prediction.

The graph in Fig. 6a shows that when the delay is 84 h, the combination of two
S-G2-M state-specific drugs gives a slightly better cell kill at the final simulation
time as compared to the other three possible combinations of these two drug doses.
The worst combination is the delivery of two G1-specific drug doses while other
two combinations give a similar outcome as that of the application of two S-G2-M
drugs. This can be explained by the presence of internal heterogeneity due to the
cell-cycle dynamics which oscillates between the G1 and S-G2-M states. When the
first dose is given, the majority of the cells that are in the vicinity of the diffused
drug concentration might happen to be in the G1 state, leaving the cells in the other
cycling phase, hence synchronizing the cell population. When a fraction of the cells
is killed by the delivered drug, the remaining cells undergo a spatial redistribution
that further changes the dynamics of oxygen and drug concentrations, which will
eventually affect the future drug delivery. Interestingly, although the first or second
doses of G1-specific drug kill more cells than that of S-G2-M-phase drug, some
combination involving a G1-phase drug results in a higher number of surviving
cells at the final time, 700 h. This is because the higher rate of cell kill eliminates
most of the cells in the resting phase, increasing the number of available free space
and decreasing the hypoxic area (Figs. 7, 8). As free space is created by the cell kill,
the resting cells will return to their active cell cycle and these viable cells utilize
this favorable microenvironment to proliferate rapidly and reach a maximum size in
the absence of further doses of chemotherapy. An extensive analysis and results are
given in [57].



Fig. 6 Plots showing the total number of cells as well as the number of cells in different states as
a function of time when two drug doses are given with a time delay of 84 h. (a) plot showing the
total number of cells and subplot showing the density of hypoxic area over time, (b) Plot showing
the number of cells in G1 state, (c) plot showing the number of cells in S-G2-M state and (d) Plot
showing the number of cells in G0 state. Adapted from [57]
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Fig. 7 Plots showing the number of cells in different states as a function of time when two drug
doses are given with a time delay of 84 h. (a) Plot showing the number of cells in G1 state that are
in hypoxic region, (b) plot showing the number of cells in S-G2-M state that are in hypoxic region
and (d) plot showing the number of cells in G0 state that are in hypoxic region. Adapted from [57]
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Fig. 8 Plots showing the spatial distributions of cells within a growing solid tumor at time = 400 h
(delivery of 1st drug, column (a)), time=405 h (column (b)), time=484 h (2nd drug delivery, column
(c)), time=490 h (column (d)), time=600 h (column (e)) and time=700 h (final time, column (f)),
for various combinations of cell-cycle-specific drugs (i to v). These figures show that consideration
of spatial distribution of cells may highly benefit in planning and optimizing the delivery of cell-
cycle-dependent drugs. Adapted from [57]

3.2 Modelling the Effects of Radiation Therapy

In a similar manner to chemotherapy, the key intracellular processes such as cell-
cycle dynamics and external factors including oxygen distribution also play a
vital role in determining the radiosensitivity of cells that are irradiated [53, 71].
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In addition, the delivered radiation fractions (treatments) further dynamically
change this radiosensitivity over time by redistributing the cancer cells within the
cell cycle by inducing repopulation of the tumor mass, by allowing reoxygenation
of the tumor and by activating DNA repair mechanisms [42, 53, 71]. Traditionally,
the survival fraction of cells after they are irradiated is calculated using the
linear quadratic (LQ) model [65]. The LQ model considers the effects of both
irreparable damage and repairable damage susceptible to misrepair. One of the basic
assumptions of the LQ model is that a cell is damaged through double-strand breaks
(DSBs) of its DNA, leading to reproductive cell death. This damage to DNA can
happen in two different ways, which are captured in the LQ model through its linear
and quadratic terms. The linear term accounts for the DSBs due to one single hit of
radiation whereas the quadratic term represents the effects of two separate ionizing
events that eventually cause DNA DSBs [65]. Assuming that the probability of one
interaction causing a DSB is linearly proportional to the dose d , the survival fraction
in the LQ model can be written as

S.d/ D exp.�˛d � ˇd 2/; (12)

where d is the radiation dose and ˛ and ˇ are sensitivity parameters, taken to be
˛ D 0:3 Gy�1 and ˇ D 0:03 Gy�2 [55].

As discussed above, experimental observations indicate that the relative radiation
sensitivity of a cancer cell depends on multiple factors, including its oxygenation
status and its cell-cycle phase [6, 53, 75]. While the cells are found to be more
sensitive when in the S-G2-M phase as compared with the G1 phase, their relative
radiation sensitivity is minimal at low oxygen levels. The effect of changing
tissue oxygen levels within the spatial domain on the radiation sensitivity can
be incorporated into the LQ model (Eq. 12) by using the concepts of an oxygen
enhancement ratio (OER) or oxygen modification factor (OMF) [55], defined as

OMF D OER.pO2/

OERm

D 1

OERm

OERm:pO2.x/ C Km

pO2.x/ C Km

; (13)

where pO2.x/ is the oxygen concentration at position x, OER is the ratio of the
radiation doses needed for the same cell kill under anoxic and oxic conditions,
OERm D 3 is the maximum ratio and Km D 3 mm Hg is the pO2 at half the
increase from 1 to OERm [55]. Furthermore, a varying radiation sensitivity based
on the cell’s cell-cycle status is incorporated into the LQ model using a parameter
� , which varies from 0 to 1, depending on the individual cell’s position at the time
of the irradiation. Here, we assumed that the cells in S-G2-M phase have maximum
sensitivity with � D 1, while the cells in G1 phase and the resting phase have
relative sensitivities of � D 0:5 and � D 0:25, respectively.
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The equation for survival probability (LQ model, Eq. 12) is then modified by
incorporating this varying sensitivity due to the changes in cell-cycle phase and
oxygen levels by additional terms � and OMF [56], as follows:

S.d/ D exp
�
�

��˛:OMF:d � ˇ.OMF:d /2
��

: (14)

The effects of cellular repair are included in the model by assuming that 98% of
damage caused by the radiation is likely to be repaired within few hours of radiation,
if they are treated with low-dose radiation (< 5 Gy) [31, 72] and allowing the cells
to stay in the same phase (divisional delay) for an extra time duration of up to 9
h for repairing the damage [42]. This survival probability is then used to calculate
the survival chances of each cell when they are irradiated with the radiation rays.
To study this survival chance of an individual cell, a random number is drawn for
each cell at every time when it is irradiated and compared against the calculated
survival probability. The irradiated cell survives if the random number is smaller
than the survival probability and dies otherwise.

This single-cell-based radiation model is used to study multiple factors involving
radiation therapy. To study cell-cycle dynamics when cells are treated with multiple
fractions of radiation, we have simulated the radiation therapy of the cancer cells
with 2.5 Gy/day for 5 days, up to 12.5 Gy starting at time = 400 h. This is compared
against the results of irradiation with a single dose of 12.5 Gy given at time = 400 h
and the control cell distribution. The total number of cells and the number of cells
that are in G1, G2 and resting phases (b) when cells are treated with a single dose
of radiation and (c) when the cells are treated with fractional doses of radiations
are plotted against time in Figs. 9b and c, respectively [56]. The subplot in these
Figures show the percentage of hypoxic area with respect to the time. Figure 9b
shows that when the cells are irradiated with a single dose of radiation, the majority
of the cells stay in G2 phase of the cell-cycle after the radiation for a short period
and then the majority move into G1 and stay in that distribution for about 60–70
h (partial synchronization) before eventually recovering and following the cycling
pattern seen in the case of the control cell population. However, when the total dose
of 12.5 Gy is given in 5 small doses, the synchronization is observed only during
the treatment time and is lost as soon as the radiation is stopped (Fig. 9c). In both
cases, the number of cells in resting phase decreases as the resting cells re-enter the
active phase of the cell cycle (into G1 phase) with the creation of empty spaces and
a favorable microenvironment.

Figure 10 shows the analysis of various factors affecting a cell’s radiation
sensitivity. Figure 10a shows the temporal changes in the total number of cells
and the cells that are in various phases of the cell cycle, when cells are irradiated
with 2.5 Gy/day for 5 days in a 100 % oxygenated microenvironment. In Fig. 10b,
we plot the number of cells if no cell-cycle delay after the radiation is assumed.
The effects of radiation therapy on the number of cells when no cell-cycle specificity
for the radiation sensitivity is assumed are given in Fig. 10c. The number of cells
for the case where no DNA repair is assumed is plotted in Fig. 10d and shows an
increase in the number of cells killed as compared to the normal case as expected.
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number of cells (a) under single dose of radiation with 12.5 Gy and (b) under fractional radiation
starting at time =400 h (5 fractions of 2.5 Gy). Adapted from [56]

In all four cases (Fig. 10), after the irradiation, the presence of a favorable tissue
microenvironment increases the number of cells in active cell cycle. It can be seen
from Fig. 10 that out of four factors that we have considered, the cell-cycle phase-
specific radiation sensitivity of the individual cells and the activation of the repair
mechanisms within the cell significantly affect the relative radio-sensitivity of a cell.

We have also analyzed the usefulness of the developed model by comparing
the simulation results of the model with the experimental results when the cells
are irradiated with a radiation dose of 3 Gy. The comparison results are given
in Fig. 11 [16, 56]. The results show that the controls have cells predominantly
distributed in G1 as compared to G2. After irradiation, the majority of the cells
started to accumulate in G2 phase, about 12 h after irradiation, and stayed in G2
phase before going back to a G1-phase-dominant cell distribution by 22–24 h after
irradiation. The results show a qualitative agreement with the experimental results.
More analyses about the model and additional results can be found in [56].
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3.3 Modelling the Effects of Combination Therapy

Clinically, a kinetically based administration of chemotherapy and radiation therapy
is often observed to give a better outcome than that of chemotherapy or radiation
therapy alone [25, 33, 53]. Studies have shown that both radiation therapy and
chemotherapeutic drugs can induce a cell-cycle synchrony and arrest cells at a
particular cell-cycle phase which improves the effectiveness of the next dose of
radiation/chemotherapy [25,53]. However, most of these interactions are dependent
on the type of drugs given and their combinations among their doses and radiation
fractions. Hence an appropriate combination of these therapeutic modalities is an
essential requirement to achieve a maximum survival [32, 34]. Here, we use our
multiscale model to study two different combination regimes of radiation therapy
and chemotherapy and some of the representative results are given in Figs. 12
and 13. Note that in these combinations, we keep the total treatment time constant to
compare their effects on tumor control. We have also used the same set of parameter
values and doses for each phase-specific chemotherapy [57].

Figure 12 shows the effects of combination treatments when two doses of the
chemotherapy drugs are given after radiation therapy at times = 466 h and 496 h.
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The radiation starts at time= 340 h with a fractional daily dosage of 2 Gy for 5 days.
Here, the radiation given before two doses of chemotherapy introduces a partial
cell-cycle synchrony of cell distribution that remains until the end of the therapy.
The cell-phase distribution for the case when the doses of chemotherapeutic drug
are given before and after the radiation is plotted in Fig. 13. The administration
of a G1-phase-specific chemotherapeutic drug redistributes the cells so that the
majority of the cells are in G1 phase throughout the radiation period. This is the
consequence of an increased cell kill, that promotes an increased proliferation as
cells will re-enter the active phase of the cell cycle (G1) when conditions become
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favorable. Alternatively, the administration of a G2-specific drug, which kills fewer
cells compared to the G1-phase-specific drug, helps to keep the cells in synchrony
throughout the treatment time. However, in both cases shown, in the absence of
additional fractions of radiation and further doses of chemotherapy, all the schedules
perform in a similar fashion, although some give a better cell kill.

4 Conclusions

Along with the rapid growth in acquisition of genetic, proteomic and other biochem-
ical and biological data, there has been a parallel development from the theoretical
side in terms of modelling. In particular, systems biology has emerged as a field of
research over the past decade applied to a wide range of problems in the biomedical
sciences. Systems biology seeks to bring to bear a range of interdisciplinary skills
and tools on complex biomedical problems. By adopting a holistic or integrative
approach (as opposed to the more traditional reductionist logic), systems biology
aims to predict emergent behavior that will arise from complex biomedical systems
i.e., behavior that appears over time due to the interactions between genes, proteins,
cells and tissues across a range of spatial and temporal scales. Given the complexity
of most biomedical systems and the inherent nonlinearities in such systems, without
adopting some kind of systems approach it is not possible to make accurate
predictions. Indeed, in the last few years, systems biology itself has evolved and
further developed seeking not just to understand events at the separate biological
scales in a qualitative manner, but there are now mathematical models which
are truly multiscale, leading to the emergence of quantitative systems biology or
quantitative integrative biology. This novel systems approach is now being brought
to bear on cancer modelling and a related discipline of what may be termed systems
oncology now exists in its own right to develop predictive multi-scale models of
cancer growth and spread.

Established mathematical models now exist for all the key phases of solid tumor
growth, i.e., avascular growth [13, 14], tumor-induced angiogenesis [9, 45], the
immune response to cancer [2, 43], invasion and metastasis [8, 19, 27, 58, 59] and
vascular growth [41, 76]. New areas are also now being investigated concerning the
spatio-temporal modelling of intracellular pathways associated with cancer such
as p53-Mdmd2 [69, 70]. A comprehensive overview of the field may be found in
the review article [40]. In the past few years especially, multiscale models of solid
tumor growth have been developed in order to account for the different spatial and
temporal scales (from genes to tissues) that occur not only in cancer but in all
biological systems [3, 5, 63, 77]. A review of recent models in this area may be
found in the paper of Deisboeck et al. [20]. There has also been a concerted effort
to integrate mathematical models of cancer with real data in a genuine attempt
to develop quantitative, predictive models [12]. Alongside these developments in
the field in general, it is natural that models of cancer treatment have begun to
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be formulated both for chemotherapy [1, 23, 24, 39, 46, 51, 62] and radiotherapy
[22, 61, 64]. More recently models adopting a multiscale approach to treatment
modelling have been developed [11].

In this chapter we have adopted a multiscale approach to modelling cancer
treatment. Specifically, we have presented a hybrid multiscale cellular automaton
model to study the effects of cell-cycle-phase specific chemotherapy and radiation
therapy, alone and in combinations [56, 57]. The clinical and experimental obser-
vations indicated the internal and external heterogeneities within a cancer cell play
important roles in prescribing the effects of chemotherapeutic drug as well as radia-
tion therapy [53]. For this reason we incorporated the effects of cell-cycle-mediated
chemotherapeutic and radiation sensitivity as well as the effects of changing oxygen
and tissue dynamics within this hybrid cell-based modelling framework. The results
obtained from the model are in qualitative agreement with experimental results
[56] and thus show its potential usefulness in studying and understanding a kinetic
administration of cell-cycle phase-specific chemotherapeutic drugs in combination
with radiation therapy. Future work will consider other factors that may interfere
with the cell-cycle dynamics such as circadian rhythms and wee1 dynamics and
explore the therapeutic benefits of “chronotherapy,” alone and in combination with
the radiation therapy. Furthermore, we will also incorporate the interplay between
normal cells and cancer cells, as their interactions are equally important in studying
the therapeutic benefit with a minimum damage to the normal cells.

The long-term goal of such interdisciplinary, multiscale “systems oncology”
modelling is to build a virtual cancer made up of different but connected mathe-
matical models at the different biological scales (from genes to tissue to organ). The
development of quantitative, predictive models (based on sound biological evidence
and underpinned and parameterized by biological data) will no doubt have a positive
impact on patients suffering from diseases such as cancer through improved clinical
treatment and is a real motivation for becoming involved in such modelling.
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Investigator Grant 227619, M5CGS - From Mutations to Metastases: Multiscale Mathematical
Modelling of Cancer Growth and Spread.
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