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A B S T R A C T   

In this paper, we have developed a multi-scale, lattice-free, agent based model of avascular tumour growth in 
epithelial tissue. The model integrates different events to identify the underlying diversity within intracellular, 
cellular, and extracellular layer dynamics. The model considers every cell as an agent. A cellular agent may 
proliferate, spawns two identical daughter agents, or it may be transformed into other phenotypes during its life 
time depending on its internal proteins′ activity as well as its external microenvironment. In this context, a 
simplified age-structured cell cycle model is adopted from the existing literature. The model considers that the 
intracellular events are regulated by p27 gene expression. In this model, p27 protein controls the overall tumour 
growth dynamics. Moreover, p27 is controlled by the external oxygen and nutrients that are modelled with the 
reaction-diffusion equations. The model also considers several biophysical forces which directly effect on the 
tumour growth dynamics. 

This modelling framework offers biologically realistic outcomes and also covers important criteria of the 
hallmarks of cancer which include oxygen and nutrient consumptions, micro-environmental heterogeneity, 
tumour cell proliferation by avoiding growth suppressor signals, replication of tumour cells at an abnormally 
faster rate, and resistance of apoptosis. The avascular tumour growth model is validated with immunohisto
chemistry and histopathology data. The outcome of the proposed model is very close to the range of the patient 
data, which concludes that the model is capable enough to mimic these complex biophysical phenomena.   

1. Introduction 

The growth of a solid tumour can be categorized as: avascular, 
angiogenesis, and vascular phase (Folkman (1985)). In avascular phase, 
tumour depends on its surrounding microenvironments for absorbing 
oxygen, and necessary nutrients as it do not have direct blood vessel 
support (Folkman (1987)). The nutrients and oxygen are transported to 
and from the extracellular matrix (ECM) through passive diffusion 
(Sutherland (1988)). Therefore, growth of a tumour is restricted in this 
phase. To grow further, tumour must undergo angiogenesis for having 
sufficient nutrients and oxygen (Folkman (1974); Folkman (1976); 
Muthukkaruppan et al., 1982). Most of the processes underlying avas
cular tumour growth are not properly understood yet. Mathematical 
models can enhance the understanding of the processes underlying 
during the avascular phase. 

Tumour growth is very complex, multi-layered, and multi-phase 
phenomenon. It is a collection of coordinated, concurrent, and interac
tive events across different spatial and temporal scales. For example, at 

the tissue layer, nutrients and oxygen diffuse through the ECM and 
regulate the tumour cell growth and its division (Sutherland (1988)). On 
the other hand, at the intracellular layer, the cell cycle is controlled by 
some molecular signals (Tyson and Novak (2001)) which are also 
regulated by the surrounding nutrients and oxygen levels. Moreover, 
depending upon different molecular interactions and metabolism 
criteria, tumour cells mutate into different phenotypes which can be 
observed at the cellular layer (Macklin et al., 2012). Therefore, scientists 
are still trying to explore cancer by integrating the events of different 
layers like, molecular, cellular, and tissue. 

In multi-layered dynamical system, any changes in the lower layers 
leads to propagate its effects to the layers above it; on the other hand, 
modification in higher layers in turn puts impact on the subsequent 
lower layers. As an example, molecular activities (intracellular layer) 
directly effect on tumour cell behaviour (cellular layer), whereas the 
impact of nutrient concentration changes (tissue scale) affect the cellular 
metabolism (intracellular layer) as well. Besides the propagation of 
signalling molecules from the intracellular to extracellular and from the 
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extracellular to intracellular, some physical forces are also applied on 
tumour cells simultaneously which have a great impact on tumour 
growth dynamics. Therefore, better understanding of tumour initiation 
and its progression requires the descriptions and integrations of all the 
events at multiple spatial and temporal scales. These interconnected 
dynamic phenomena can only be captured through multi-scale model
ling that can combine multiple spatial and temporal scales 
simultaneously. 

In this paper, an agent based model (ABM) for describing the growth 
of avascular tumour growth is developed. ABM consists of multiple 
autonomous entities that mimics the behaviour of a dynamical system 
like tumour growth. The autonomous decision making entities can be 
easily combined with ordinary differential equations (ODEs) and partial 
differential equations (PDEs) for representing a system environment 
(hybrid modelling). In the context of avascular tumour growth model
ling, every tumour cell act as a cellular agent that must follow certain 
rules which define its behaviour during the interactions with the 
neighbouring cellular agents and the surrounding microenvironment. A 
cellular agent may grow, enter into proliferative or hypoxic or quiescent 
states, spawn new daughter cells, and undergo apoptosis or necrosis in 
responds to the niche. Multi-scale ABM is very much useful for inte
grating many spatiotemporal scales (from intracellular layer to the tis
sue layer) and for recognizing the underlying diversity within the 
extracellular, cellular, and intracellular dynamics. It also helps to 
quantify the relationship between intracellular properties of individual 
tumour cells, its microenvironment, and the tumour morphology. 

Modelling of intracellular level describes a variety of interactions 
among various molecules, for example, the effects of the extracellular 
nutrients and oxygen molecules in tumour cell metabolism, the effects of 
autocrine and paracrine signalling molecules in cell cycle, etc. The in
teractions among these molecules happen in the smallest spatial scale (e. 
g., nanometre (nm)) as well as temporal scales (e.g., nanosecond (ns) to 
microsecond (μs)). Researchers generally use ODEs to represent the rate 
of change of these signalling concentrations with respect to time. On the 
other hand, cellular scale modelling involves the phenotypic changes of 
tumour cells during its life time due to its microenvironment and 
metabolism dynamics. It may also describe the movement of cells caused 
not only by phenotypic changes, but also due to its interactions with the 
neighbouring cells. Interactions between tumour cells and phenotypic 
changes can take few minutes to hours and happen within micrometres 
(μm) distance. Tissue layer modelling deals with the phenomena like 
diffusion of nutrients and oxygen from the sources, or diffusion of 
several chemical substrates by the tumour cells, etc. that span over the 
entire tumour tissues. These events take few hours to days and happen 
over millimetre (mm) to centimetre (cm) scales and can be described 
using a series of PDEs. These PDEs also consider the consumption of 
nutrients and oxygen as well as the productions of chemical substrates 
by the cellular agents. 

Over the last two decades, multi-scale modelling is frequently used 
for understanding the tumour growth and its progression. Intricacies of 
most of the bio-chemical and bio-physical phenomena regarding tumour 
microenvironment are less understood. Researchers have developed 
various multi-scale models to describe various phases of tumour growth 
from different perspectives. Jiang et al. (2005) have developed a 
three-scale hybrid model to describe the complexity of avascular tumour 
microenvironment. The sub-cellular layer of the model, which consists 
of various types of growth promoters and inhibitory factors, is controlled 
by a Boolean network. The cellular dynamics is described by a lattice 
Monte Carlo model. The model predicts the microenvironment which 
helps the tumour spheroid to survive. Ribba et al. (2006) have investi
gated the failure of an anti-metastatic therapeutic agent named matrix 
metalloproteinases inhibitor (MMPI) which was developed in early 90’s 
by a pharmaceutical company for inhibiting tumour growth and meta
static progression. In this context, they have developed a multi-scale 
continuum model which integrates age-structured cell cycle model 
and studied the roles of MMPs in cancer growth. The model considers 

proliferative and quiescent cells, where the spatial dynamics of the 
tumour is maintained with the Darcy law. The model assesses the quality 
of the anti-metastatic therapy and predicts the reasons of ineffectiveness 
of the therapy in advanced cancer patients. 

Zhang et al. (2007) have presented a multi-scale ABM for describing 
complex brain tumour microenvironment. They have considered each 
tumour cell as an agent. Every cellular agent is equipped with an 
epidermal growth factor receptor (EGFR) gene-protein interaction 
module connected with a simplified cell cycle description. The model 
illustrates that, the proliferative and motile cell population oscillate over 
the time, putting direct effects on the spatiotemporal dynamics of the 
tumour. Macklin et al. (2009) have established a multi-scale model for 
solid tumour growth by combining its avascular growth, tumour 
angiogenesis and vascular growth. The model illustrates the relation 
between the tumour growth, vascular network remodelling, and the 
blood flow through the network. The model also shows that, the ECM 
degradation by the tumour cells have tremendous effects on vascular 
network expansion as well as tumour growth response. The model 
demonstrates that the newly developed blood vessels have encapsula
tion tendency rather than penetration. 

Li et al. (2013) have developed a 3-D multi-scale model of tumour 
growth based on stem cell concept to investigate tumour development 
and drug response. The model considers cancer stem cells, progenitor 
cells, and differentiated cells together with complex microenvironment. 
The model shows that, some portion of cancer stem cells play a crucial 
role in tumour progression and drug resistance. It also illustrates that, a 
pure chemo-drug treatment increases the population of cancer stem 
cells, that leads to the failure of the treatment. Chaplain and Powathil 
(2016) have studied the effects of cell cycle, phase specific chemo
therapy on the tumour growth by developing two hybrid multi-scale 
tumour growth models with incorporation of multiple interactions 
present in the sub-cellular, cellular, and extracellular spaces. Peng et al. 
(2017) have investigated the tumour dynamics and tumour morphology 
at tissue scale by incorporating the effects of urokinase plasminogen 
activator (uPA) which helps the tumour in tissue invasion. 

All the researches mentioned above did not consider the effects of 
physical forces on tumour growth dynamics. Even most of them ignore 
the cellular movement in their research. Also most of the researches 
have considered that the duration of cell cycle is static (except Zhang 
et al. (2007); Chaplain and Powathil (2016)). But in reality, cell cycle 
time may vary depending on its surrounding microenvironment. In this 
paper, we develop a multi-scale agent based model for avascular tumour 
growth (solid tumour) in epithelial tissue by integrating the intracel
lular, cellular, and tissue (extracellular) layer events. Here, each tumour 
cell acts as an agent. At the intracellular layer, cell cycle of cancer cells 
has been taken care of. As, the cell cycle can be described with many 
potential pathways, this study considers one of them for the purpose of 
modelling. 

Cell cycle is controlled by different types of intracellular proteins 
like, cadherin-1 (cdh-1), cyclin, cyclin-dependent kinases (CDKs), and 
extracellular oxygen and nutrient. In general, the level of p27 in tumour 
cells is very low. But hypoxia (deficiency of oxygen and nutrients) 
triggers the up regulations of p27 protein within tumour cells. If the p27 
expression exceeds a certain threshold, then the state of the tumour cell 
transforms into a hypoxic one. After a certain time, the hypoxic cell 
turns into necrotic. In this paper, a simple mathematical model for cell 
cycle is adopted (Alarcón et al., 2004). The model considers that, during 
cell cycle, concentration of p27 protein decides the fate of a tumour cell. 
The model also assumes that, p27 acts as an inhibitor of p53 protein 
(tumour suppressor protein) which is responsible for cell apoptosis. 
These protein interactions have been occurred in ns-μs time within nm 
space. The interactions of intracellular protein are modelled with a 
system of ODEs. 

The model assumes that, an avascular tumour cell transforms into 
different phenotypes (proliferative, quiescent, hypoxic, necrotic, and 
apoptotic) during its life time. The phenotypic changes not only depend 
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on its cell cycle but also on its neighbourhood, and the surrounding 
oxygen and nutrient levels. In this research, it is considered that, every 
tumour cell is in quiescent state at the initial phase of the cell cycle. 
Depending on its microenvironment, it may change itself into prolifer
ative or hypoxic or apoptotic one. A tumour cell interacts with its 
microenvironment through the surface receptors. The surface receptors 
of tumour cells regulate gene expression through complex signals. Also, 
the gene expression pattern dictates the production and balance of 
proteins within the cells. Hence, a complex interaction exists between 
cancer cells and its surroundings for controlling the cell cycle and cell 
growth (Clyde et al., 2006). The interaction among the tumour cells and 
the microenvironment creates several physical forces (cell-cell interac
tion force, chemotactic force, drag force etc.) which directly effect on the 
tumour cell dynamics, and help to move tumour cells in the domain 
space freely (lattice free model). These phenomena play an important 
role in tumour evolution and its growth dynamics. In this research, it is 
considered that, movements in the avascular tumour cells can be 
observed only due to the applied physical forces; no phenotypic changes 
are responsible for these movements. The events in the cellular layer 
happen in min-h time over μm distance. 

At the tissue layer, the model considers heterogeneous 

microenvironment which contains tumour cells, and the pre-existing 
blood vessels. The blood vessels release nutrients and oxygen which 
diffuse towards the tumour. Nutrients and oxygen are crucial factors for 
maintaining the cell cycle. The events in the tissue layer happen in mi
nutes to hour over mm to cm distance. These events are modelled with a 
couple of PDEs. 

The events in intracellular and tissue scale are combined with the 
events of cellular scale through ABM modelling (hybrid approach). The 
integrated system is simulated with the values, mostly found from the 
previous studies. However, the values of few parameters come from the 
phenomenological arguments as its values are very difficult to find out. 
A schematic framework of the model is described pictorially in Fig. 1. 
The model describes the key criteria of the hallmarks of cancer (Hana
han and Weinberg (2000); Hanahan and Weinberg (2011)) which in
cludes oxygen and nutrients consumption, multicellular heterogeneity, 
tumour cell proliferation by avoiding growth suppressor signals, repli
cation of cells at an abnormally faster rate, and resistance of apoptosis. 

This paper is organized as follows: Section 2, 3, and 4 describe the 
models of intracellular, cellular, and tissue layer respectively. Section 5 
shows the integration of these events across different spatial as well as 
temporal sales and the simulations of the model with different 

Fig. 1. Multi-scale model framework for avascular tumour growth from the perspective of tumour cells which contains the interacting events that span across 
intracellular, cellular, and tissue scales. Arrow sign indicates influence or control or regulatory or inhibitory behaviour. 
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microenvironments; Section 6 discusses the validation of the model and 
concludes this paper. 

2. Intracellular layer modelling 

Most of the activities in the living organisms are performed inside the 
cells. Each cell contains a nucleus which is bounded by cytosol and 
wrapper within bi-lipid membrane (cell membrane). Cell membrane 
guards the cell from the surrounding environment and keep the pH and 
other chemical levels in balance by exchanging signalling molecules 
with the neighbouring cells and the surrounding microenvironment. 
These signalling molecules play a key role to maintain an equilibrium 
with the surrounding microenvironment by regulating cell cycle speed 
through utilizing growth inhibitory signals (GISs). These GISs are further 
controlled by the interactions between cyclin and cyclin-dependent ki
nases (CDKs). In tumour cell, balance between the signalling molecules 
is no longer exist. Therefore, an unbounded and uncoordinated cell 
growth can be seen. 

In the next subsections, the molecular signals which influence the 
cell cycle are discussed in brief. Influences of cell cycle in the tumour 
formation, and progression are also illustrated in below (in subsection 
2.1). subsection 2.2 describes the modelling of cell cycle with a system of 
ODEs. 

2.1. Cell cycle and tumour progression 

Cell growth is controlled by cell cycle which consists of a series of 
highly decorated and interlinked steps. These steps can be grouped into 
four primary sections: ‘G1’ (gap 1), ‘S’ (synthesis), ‘G2’ (gap 2), and ‘M’ 
(mitosis). Further, the ‘M’ phase is composed of two tightly coupled 
processes: mitosis and cytokinesis. In the initial phase (‘G1’), cell pro
liferation, protein synthesis are performed and the cell becomes ready 
for the DNA replication. In the second phase (‘S’), the DNA replication is 
accomplished while in the ‘G2’ phase cell nucleus prepare for the divi
sion. In mitosis, cell’s nucleus is divided first and then the cytoplasm of 

the cell is divided (in cytokinesis) into two daughter cells. 
There are multiple check points exist across the phases in the cell 

cycle such as, ‘G1/S’ check point, ‘S/G2’ check point, and ‘G2/M’ check 
point. Among these check points, ‘G1/S’ and ‘S/G2’ examine the 
intrinsic signals (like genetic irregularities) of a cell. These two check 
points are regulated by CDK1 and CDK2. Besides these checkpoints, 
another check point (‘R’) exists in between the early and late ‘G1’ which 
examines both intrinsic and extrinsic signals (Orford and Scadden 
(2008)). ‘R’ (restriction) check point divides the ‘G1’ phase into mitogen 
dependent (early ‘G1’) and mitogen independent (late ‘G1’) phase. It 
indicates the irreversible transition of a cell after which it must enters 
into the cell cycle and the mitogenic signals are no longer required. 

In the early phase of ‘G1’, absence of mitogenic stimuli helps a cell to 
exit from the cell cycle and it becomes quiescent (‘G0’). In quiescent 
state, cells remain alive, being small in size with low metabolic activity. 
At the initial phase of cell cycle (‘G1’), anaphase protein complex (APC) 
is activated and it down regulates cyclins using proteolytic molecules. 
APC is made of couple of polypeptides and two type of proteins: Cdc20 
and Cdh1. The CDKs remain inactive throughout the ‘G1’ phase and its 
production are being degraded because of down regulation of cyclins. 
But as soon as the synthesis of cyclins are up regulated at the starting of 
the ‘S’ phase, cycins activate its associated CDKs which remain high in 
the rest of the phases in the cell cycle. On the other hand, cyclin-CDK 
activates Cdc20 but inhibits Cdh1. 

There are remarkable differences between the cell cycle of noncan
cerous and cancerous cells. Cell cycle is not only influenced by the in
ternal signalling molecules but also the surrounding 
microenvironments, especially, the level of nutrients and oxygen. Hyp
oxic condition up regulates the p27 expression which influences the cell 
cycle, though its level remains comparatively low in a normoxic tumour 
cell than a noncancerous healthy cell (Alarcón et al., 2004). In 
noncancerous cells, up regulation of p27 induce apoptosis (Alarcón 
et al., 2004), while cancerous cells react differently in hypoxic situation. 
It is already found that, reduction of nutrients and oxygen alter the 
phenotype of a tumour cell into hypoxic state (Royds et al., 1998). 
Hypoxic tumour cells can resist intense level of p27 and it remain alive, 
though some genetic changes occur due to reduction of oxygen and 
nutrient levels (Alarcón et al., 2004). In this research, it is considered 
that, after a certain time duration the hypoxic tumour cells turn into 
necrotic (Fig. 2). 

Clinically, hypoxia is one of the major reasons for the evolution of 
tumour growth and its progression. In avascular phase, tumour cells in 
hypoxic state secrete a number of TAFs which initiate angiogenesis. 
Angiogenesis acts as a bridge between the avascular and vascular phase 
of the tumour. It is very crucial process for the tumour cell invasion and 
metastasis. 

2.2. Cell cycle model 

The cell cycle is controlled by the cytoplasmic proteins like, cyclin, 
CDKs, APC, and the extracellular nutrients, and oxygen molecules. It is 
already found that, hypoxia is one of the reasons for the prolonged cell 
cycle of tumour cell (Gardner et al., 2001). Regulators of CDK2, 
particularly cyclin E and p27 are well influenced by the hypoxia. The 
overexpressed p27 supress the activities of cyclin-CDK which delay the 
cell cycle progression. Further, the activation of retinoblastoma protein 
(RB) through cyclin-CDK is also supressed by p27 (Fig. 3). The model 
considers that, if the level of p27 increases beyond a certain threshold, 
then the cell would be transformed into hypoxic state and it will have 
prolonged cell cycle. After a time period, the hypoxic cell turns into 
necrotic. 

In this paper, a simplified age-structured cell cycle model, based on 
one of the potential pathway, is incorporated. In this context, we adopt 
the cell cycle model of Alarcón et al. (2004) and modify it to include the 
impacts of oxygen and nutrients on avascular tumour growth. The model 
considers that oxygen and nutrients work as inhibitors of p27 protein as 

Fig. 2. Transformation of tumour cell due to low oxygen and nutrients level.  

Fig. 3. Schematic diagram of tumour cell cycle model. The directed arrows 
represent the activator signals whereas the diamond shaped dotted arrows 
represent the inhibitory control signal. 
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well as activators of cyclin-CDK (Fig. 3). Further, it is considered that, 
p27 acts as an inhibitory regulator of p53 protein in tumour cells (Choi 
et al., 2003) (Fig. 3). The model assumes that, the radius (R) and mass 
(m) of a tumour cell are regulated by the cell cycle. Please note that, the 
tumour cell radius R is different from the check point ‘R’ in the cell cycle. 

The model considers Cdh1-APC as [cdh1-APC], cyclin-CDK as 
[cyclin-CDK], p27 as [p27], nPRB as [nPRB], p53 as [p53], cell radius as 
R, and cellular mass as m. The set of ODEs governing the simplified 
tumour cell cycle model with the above considerations are following, 

d[cdh1 − APC]
dt

=
1 + k1[nPRB]

J3 + 1 − [cdh1 − APC]
−

k2R[cdh1 − APC][cyc − CDK]

J4 + [cdh1 − APC]
(1)  

d[cyc − CDK]

dt
= k3

(1 + α.CO.CN).CO.CN

K[cyc− CDK] + CO.CN

− (k4 + k5[cdh1 − APC] + k6[p27])[cyc − CDK] (2)  

d[p27]
dt

= k7 − k8
CO.CN

K[p27] + CO.CN
[p27] (3)  

d[nPRB]
dt

= k9 − (k10 + k9[cyc − CDK])[nPRB] (4)  

d[p53]
dt

= k11 − k12
[p27]

K[p53] + [p27]
[p53] (5)  

dR
dt

= k13R
(

1 −
(

R
R*

)3)

(6)  

dM
dt

= k14M
(

1 −
M
M*

)

(7) 

In Equations (1)–(7), [cdh1-APC], [cyclin-CDK], [p27], [nPRB], and 
[p53] are dimensionless variables whereas R and m are in μm, ng scale. 
In the above equations, k1 to k14 are the kinetic parameters. k1 to k14, 
K[cyc− CDK], K[p27], K[p53], and α are the dimensionless constants (DC). In 
(1), J3 and J4 are the Michaelis–Menten constants and « 1. In (6) and (7), 
R* and M* represent the radius and mass of an adult proliferative tumour 
cell. In (2) and (3), CN and CO represent the surrounding extracellular 
nutrients and oxygen levels (dimensionless). Most of the variables in this 
model are taken from the previous literature, but some of them like, k2, 
k3, k11, k13, k14, α, K[cyc-CDK], and K[p53] are very difficult to find out. 

Fig. 4. (a) Represents the dynamics of intracellular proteins during the tumour cell cycle; (b) dynamism of Cdh1-APC and cyclin-CDK during ‘G1’ and ‘S-G2-M’ 
phases; (c) represents cell radius changes during the cell cycle; (d) represents cell mass changes during the cell cycle. The computation has done with the values 
mentioned in Table 1, CN = 1, and CO = 1. 
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Hence, the values of these parameters are set from the phenomenolog
ical arguments. The model considers that, cell division will occur 
whenever, [cdh1-APC] is below some threshold [cdh1-APC]th and [cyc- 
CDK] is above some threshold [cyc-CDK]th. In this research, we consider 
that, [cdh1-APC]th = 0.004 and [cyc-CDK]th = 0.05 (Alarcón et al. 
(2004)). The model further assumes that, the cell cycle phase ‘G1’ lasts 
until the concentration [cdh1-APC] is higher level than [cyc-CDK], 
whereas, [cyc-CDK] remains at higher level than [cdh1-APC] during 
the other phases ‘S-G2-M’of cell cycle (Fig. 4 (b)). 

The system of Equations (1)–(7) are solved using 4th-order Runge- 

Kutta method with the parameters value mentioned in Table 1. The 
solutions of the ODEs are plotted (Fig. 4 (a), (b)) with cell radius (Fig. 4 
(c)) and cell mass (Fig. 4 (d)). It is found that, the duration of the cell 
cycle in this simulation is 23.86 ± 7.76h. The initial conditions to solve 
the system of ODEs (1) to (7) are as follows (Alarcón et al. (2004)): 

[cdh1 − APC]t=0 = 0.9; [cyc − Cdk]t=0 = 0.01; [p27]t=0 = 0.0; [nPRB]t=0 = 1.0;

[p53]t=0 = 0.0; Rt=0 =
R*

2
; and Mt=0 =

M*

2  

3. Cellular layer modelling 

Cell division is an internal process of a cell but its effects are observed 
in cellular layer. During cell division, successive number of mutations 
may change the phenotype of a cell. These mutations have occurred not 
only due to internal events but also due to the influence of its sur
rounding neighbourhood, external nutrients, and oxygen levels. 
Different types of cells communicate with each other and the sur
rounding microenvironment through several signalling pathways. At 
cellular layer, cells interact with each other through adhesion protein 
molecules (E-cadherin) (Panorchan et al., 2006). Adhesion molecule 
receptors of cell i bind with the ligands of another cell j in homophilic 
adhesion mode which creates an adhesive force among the tumour cells. 
In this paper, we assume, nutrients act as a chemosensory stimuli for the 
tumour cells which creates chemotactic force and a drag force by the 
luminal fluids. These forces act simultaneously and create a resultant 
force on tumour cells which help to move them in the domain space 
freely. 

The phenotypic changes among cells are described in detail in sub
section 3.1 and the forces applied on the tumour cells are discussed in 
subsection 3.2. 

3.1. Phenotypes of tumour cells 

A tumour cell in its life time can be one of the phenotypic states in ST 
= {‘P’, ‘H’, ‘Q’, ‘A’, ‘N’}. While ‘P’, ‘Q’, ‘H’, ‘A’, and ‘N’ are denoting 
proliferative, hypoxic, quiescent, apoptotic, and necrotic state respec
tively. The model considers that every tumour cell is in quiescent state 
initially (default state). Hence, an extra arrow sign in ‘Q’ (Fig. 5) in
dicates the default initial state. The colour code used in this Fig. 5 is 
maintained throughout the research paper to indicate the corresponding 
phenotype. After that its phenotype change due to internal, as well as 
surrounding microenvironment. The phenotypic changes have been 
occurred due to successive mutations. Therefore, phenotypic state (ST) 
of a tumour cell at time t + Δt depends on the current phenotypic state at 
t, its internal conditions, and the surrounding microenvironment. The 
phenotypic state transition diagram of tumour cells are shown in Fig. 5. 

3.1.1. Proliferative cells 
A proliferative cell remains in ‘P’ state unless it transforms into other 

phenotypes (‘H’) due to surrounding microenvironment or it divides into 

Table 1 
Parameters value for the system of ODEs.  

Parameter Values for tumour 
cell 

Unit Reference 

k1 10.0 DC Alarcón et al. (2004) 
k2 20.0 DC  
k3 0.03 DC  
k4 0.40 DC Alarcón et al. (2004) 
k5 1.0 DC Alarcón et al. (2004) 
k6 0.25 DC Alarcón et al. (2004) 
k7 0.007 DC Alarcón et al. (2004) 
k8 0.01 DC Alarcón et al. (2004) 
k9 0.01 DC Alarcón et al. (2004) 
k10 0.10 DC Alarcón et al. (2004) 
k11 0.002 DC  
k12 0.01 DC Perfahl et al. (2011) 
k13 0.1 DC  
k14 0.25 DC  
J3 0.01 DC Alarcón et al. (2004) 
J4 0.01 DC Alarcón et al. (2004) 
α 0.75 DC  
K[cyc-CDK] 0.01 DC  
K[p27] 0.01 DC Alarcón et al. (2004) 
K[p53] 0.01 DC  
R*  9.953 μm Alarcón et al. (2004) 
M*  1.0 ng https://bionumbers.hms.harvard. 

edu/  

Fig. 5. Phenotypic state transition diagram of tumour cells. Solid lines repre
sent the deterministic transitions whereas the dotted lines indicates the sto
chastic transitions. 

Fig. 6. Proliferation rules.  
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two identical daughter cells with radius R*/2 and mass M*/2 when it 
becomes mature/adult (Fig. 6). The daughter cells occupy two random 
positions in the neighbourhood of the parent cell. In the absence of 
mitogenic stimuli, cell cycle arrest (at ‘G0’ state) in the early ‘G1’ phase 
and becomes quiescent (‘Q’). Hence, for the sake of simplicity, in this 
research, it is considered that, initially the daughter cells are in ‘Q’ state 
and its phenotype would be changed depending on the surrounding 
microenvironment. 

The model considers that, there is a chance that a tumour cell 
transforms from ‘P’ to ‘H’, if p27 protein concentration within the cell 
increases beyond the threshold level [p27]Hth due to lack of oxygen and 
nutrients supply. The model considers that the cells in ‘H’ state are 
suspend from its cell cycle. The probability P1 is defined in Equation (8) 
as, 

P1(ST(t+Δt)=
′ H′

|ST(t)=
′P′

) = 1 − exp
(
[p27] − [p27]Hth

[p27]Hth

)

(8) 

An adult proliferative cell spawns two identical daughter cells. These 
two daughter cell occupy two neighbouring positions randomly. Let, the 
position of the parent cell be (x′

,y′

). The positions of the two daughter 
cells are defined as (9), 

x1 = x′

+ R* cos ϕ1; y1 = y′

+ R* sin ϕ1;

x2 = x′

− R* cos ϕ2; y2 = y′

− R* sin ϕ2;
(9)  

Where, (x1, y1) and (x2, y2) are the positions of two daughter cells; ϕ1,

ϕ2 ∈ [0,2π) with uniform distribution. 

3.1.2. Hypoxic cells 
The model considers that, probability of a tumour cell in ‘H’ to be 

transformed into ‘N’ state depends on the number of neighbouring cells 
in hypoxic state (nH), and the time duration (TH) it spend as ‘H’ 
phenotype. It is considered that, if nH or TH increases then the chances of 
transformation from ‘H’ to ‘N’ increases. The probability P2 is defined in 
Equation (10) as, 

P2(ST(t+Δt)=
′ N′

|ST(t)=
′H′

) = 1 − exp
[

−

(
nH

1 + nM

)(
TH − Tc

Tc

)]

(10) 

In this context, the model considers that neighbouring cells of a cell A 
at time t refers to the cells (Fig. 7) whose centre are lying within a certain 
fixed distance (r) from the centre of A. Here, we consider.r = 2R*.

3.1.3. Quiescent cells 
A quiescent cell can be transformed into either proliferative, or 

hypoxic, or apoptotic cell. If the surrounding environment is favourable, 
then a cell in ‘Q’ state can be transformed into ‘P’ state with probability 
P3. The favourable condition refers to sufficient oxygen (CO > λP

O) and 
nutrients (CN >λP

N). Therefore, the model considers that, the probability 
P3 depends on available nutrients and oxygen. The probability P4 for the 
transition from ‘Q’ to ‘H’ depends on the level of nutrient (CN), oxygen 
(CO). If the concentration levels reduce below certain levels, i.e., CN > λQ

N 

and CO >λQ
O, then the possibility 

for the transformation from ‘Q’ to ‘H’ increase. Further the model 
assumes that, the probability P5 for the transition from ‘Q’ to ‘A’ depends 
on the number of neighbouring cells in ‘Q’ state (nQ), and the duration it 
spend as ‘Q’ phenotype (TQ). The probabilities P3, P4, and P5 are defined 
in Equations 11–13 respectively. 

In Equation (11),λP
N and λP

O refers to the uptake of nutrients and ox
ygen by the proliferative cell. In (12), λQ

N and λQ
O refers to the uptake of 

nutrients and oxygen by the quiescent cell respectively. 

P3(ST(t +Δt)=
′ P′

|ST(t)=
′ Q′

) = 1 − exp
[

−

(
CO − λP

O

λP
O

)(
CN − λP

N

λP
N

)]

(11)  

P4(ST(t +Δt)=
′ H′

|ST(t)=
′ Q′

) = 1 − exp

[

−

(
λQ

O − CO

λQ
O

)(
λQ

N − CN

λQ
N

)]

(12)  

P5(ST(t + Δt)=’A’|ST(t)=’Q’ ) = 1 − exp
[

−

(
nQ

1 + nM

)(
TQ − 2Tc

2Tc

)]

(13) 

In (10) and (13), nM and TC refer to the total number of tumour cells 
present in its neighbourhood and mean cell cycle duration. 

Fig. 7. Neighbourhood rules. Cells which present within the fixed radius (r) of cell A are the neighbouring cells of A. According to the rule, B is the neighbouring cell 
of A but C is not. 

Fig. 8. Apoptosis rules.  
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3.1.4. Apoptotic cells 
For noncancerous cells, hypoxia is one of the reasons for apoptosis. 

Whereas, in cancer cells, chances of apoptosis are very less. Apoptosis 
refers to programmed cell death. Here, it is considered that, after 
becoming apoptotic, the cell loses its mass and its radius gradually 
(Equation (14)) up to TA/2 time (Fig. 8). Cells remain in the apoptotic 
state for a fixed amount of time TA; afterward they are removed from the 

domain to model phagocytosis of apoptotic bodies. Their previously- 
occupied position is made available to the surrounding cells. The algo
rithm for apoptotic cells is described in Appendix A1. 

RTA

/

2
i =R

(

TA

/

2

)

− Δt

i

(

1 −
R0

TA

)

(14)  

3.1.5. Necrotic cells 
After being necrotic, tumour cell lose its volume (or radius) and mass 

not only because of the degradation of surface receptors but also the 
degradation of their sub-cellular structure. First, the cell swell (up to 

̅̅̅
23

√

times such that, Ri ≤ R*) (Macklin et al., 2012), lyse and loose its fluids. 
Then the surface receptors become inactive and after that calcification 
process (Slodkowska et al., 2010; Macklin et al., 2012) has been started. 
In this paper, we assume that cell mass as well as its radius are reduced at 
a constant rate and until its radius decreases up to 1 μm. The model 
considers that the calcification process takes TN time. Fig. 9 shows the 
description of calcification process of a necrotic cell. 

In this paper, we assume, TNL time is required for cell swelling, 
lysing, TNS time has taken for inactivation of surface receptors and TNC 
time is required for the calcification. Therefore, TN = TNL + TNS + TNC. 
The algorithm for necrotic cell is described in Appendix A2. 

All the parameters in Equations 8–13 are dimensionless. The 
parameter values for simulating the phenotypic transition is summa
rized in Table 2. 

3.2. Tumour cell movement 

The model considers that, each tumour cell (i) is characterized by its 
radius Rt

i , mass mt
i with a position Xi, velocity vi, and its phenotype at the 

time instance t. Rt
i and mt

i vary with the cell cycle activities (Section 2). 
The model considers that, tumour cell moves only because of the 
physical forces apply on it and no phenotypic changes are responsible 
for the tumour cell motility in avascular phase. We consider that three 

Fig. 9. Calcification process of cell i.  

Table 2 
Parameter values for the simulation of cellular and tissue layer.  

Parameter Value Unit Sources 

[p27]Hth  
0.60 DC  

Tc  23.86 h (from the simulation) 
TA  8.6 h Macklin et al. (2012); Rocha et al. (2018) 
TN  15.0 Days Macklin et al. (2012; Rocha et al. (2018) 
TNL  6.0 h Macklin et al. (2012); Rocha et al. (2018) 
TNS  18.0 h Macklin et al. (2012); Rocha et al. (2018) 
TNC  14.0 Days Macklin et al. (2012); Rocha et al. (2018) 

λP
O  0.1 h− 1 Macklin et al. (2012); Rocha et al. (2018) 

λP
N  0.1 h− 1  

λQ
O  

0.08 h− 1  

λQ
N  

0.08 h− 1  

λH
O  0.06 h− 1  

λH
N  0.06 h− 1  

λho
N  0.01λP

N  h− 1  

λho
O  0.01λP

O  h− 1 Macklin et al. (2012) 

λb
N  0.01λP

N  h− 1  

λb
O  0.01λP

O  h− 1 Macklin et al. (2012) 

η 25κ μm h− 1 Rocha et al. (2018) 
κ 100 DC  
DO 1000 μm2 h− 1 Macklin et al. (2012); Rocha et al. (2018) 
DN 900 μm2 h− 1  

aRt
i  1.214Rt

i  μm Macklin et al. (2012); Rocha et al. (2018)  

Fig. 10. (a) Shows cell-cell interactive force between two cells and (b) shows the chemotactic, and drag force applied on a cell.  
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types of physical forces applied on tumour cell simultaneously: cell-cell 
interaction force (Fi,j

interaction) due to cellular adhesion and repulsion 
(Fig. 10 (a)); chemotactic force (Fi

chemo) due to the gradient of nutrients 
concentration (Fig. 10 (b)); and drag force (Fi

drag) due to luminal fluids 

(here we ignore any interstitial fluid pressure), that is equivalent to the 
free flow of water (Wise et al. (2008); Macklin et al. (2012); Rocha et al. 
(2018)). Therefore, the total physical force applied on a tumour cell i at 
time instance t is expressed as, 

Fi = Fi
drag

⏟̅⏞⏞̅⏟
drag force

+ Fi
chemo⏟̅̅⏞⏞̅̅⏟

chemotactic force

+
∑B(t)

j = 1
j ∕= i

Fi,j
interaction⏟̅̅̅̅̅⏞⏞̅̅̅̅̅⏟

cell− cell− interaction force

(15) 

In Equation (15), Fi be the total force applied on ith cell and B(t) is 
the number of cells (dead or alive) present in the domain at the time t. 

3.2.1. Cell-cell interaction force 
The morphology of a cell changes randomly due to actin polymeri

zation or depolymerisation and it can extend to a sufficiently large 
distance from the centre of mass of a cell. Throughout the simulation, it 
is assumed that the tumour cells are circular in shape. We also consider 
that tumour cell i can be stretched itself beyond its radius (Rt

i) at any 
time instance t to maintain its adhesive bindings with the surrounding 
cells. Maximum adhesive interaction distance of a tumour cell is aRt

i at 
the time instance t such that, aRt

i ≥ Rt
i . In this simulation, we assume, aRt

i 
= 1.214Rt

i (Macklin et al. (2012); Rocha et al. (2018)). 
In multicellular environment, cellular interaction is an important 

feature to maintain an equilibrium within the tissue structure. In this 
model, we consider only cell-cell interaction and ignore cell-matrix, and 
cell-basement membrane interactions. We also assume that, the 

Fig. 11. Cell-cell interaction force for an adult tumour cell.  

Fig. 12. Flowchart of multi-scale model of avascular tumour growth.  
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interaction force is applied only by the neighbouring cells of a cell and it 
helps to control cellular growth, cell division, and cell death (Hansen 
and Bissell (2000)). Cell-cell interaction force consists of two major 
components: cell-cell adhesion and cell-cell repulsion. Adhesion force is 
due to the bonding between adhesion receptors and ligands on the cell’s 
surface (Macklin et al. (2012)). With increment of surface area into 
direct contact of adjacent cells the adhesion force increases. On the other 
hand, cells resist compression by the adjacent cells due to cytoskeletons 
structure, cytoplasm incompressibility, and surface tension of the 
membranes (Macklin et al. (2012)). Cells’ compression resistant is 
expressed by the repulsion component. Both of these components 
(adhesion and repulsion) are very weak force. 

The governing function (16) to represent the cell-cell interaction 
force is as follows,   

Fig. 11 shows that, as the distance between two adjacent cells in
crease, the adhesion part of the interaction force reduces sharply as the 
area of contact surface reduces and concurrently the repulsion force 
increases with the resistance of compression. The repulsion force is zero 
when two adjacent cells are touching themselves. The interaction force 
work up to aRt

i distance as we considered previously. 

3.2.2. Chemotactic force 
Chemotaxis refers the movement of cells towards the higher con

centration of chemosensory signals. The model assumes that the nutri
ents concentration works as chemosensory stimuli and the tumour cells 
(except the necrotic and apoptotic phenotype) move towards the higher 
concentration of nutrients. Hence, the chemotactic force is defined as 
(17), 

Fi
chemo = − η∇CN (17)  

where, η is the chemo-sensitivity coefficient. 

3.2.3. Drag force 
The model assumes that the moving cells experienced a drag force by 

the luminal fluids. In this context, we neglect the interstitial fluid flow 
that is equivalent to the free flow of water. Therefore, the drag force is 
defined as (18), 

Fi
drag = − κvi (18)  

where, κ is the constant coefficient (Rocha et al., 2018) and vi is the 
velocity of ith tumour cell. In this context our model ignores the gravi
tational force. 

Newton’s second law is applied for balancing the forces applied on 
cell i (Equation (19)). Similar to Macklin et al. (2012); and Rocha et al. 
(2018), we make inertialess assumption for this model as the forces are 
in equilibrium with much smaller time frame than the cell cycle. 
Therefore, from Equation (15) we get (20), 

|mivi
⋅
| =Fi =Fi

drag +Fi
chemo +

∑B(t)

j = 1
j ∕= i

Fi,j
interaction (19)  

as ​ per ​ our ​ consideration, |mivi
⋅
|≈0.Hence, vi =

1
κ

⎡

⎢
⎢
⎢
⎢
⎣

Fi
chemo +

∑B(t)

j= 1
j∕= i

Fi,j
interaction

⎤

⎥
⎥
⎥
⎥
⎦

(20) 

Hence, the position of the ith cell at time instance t is given by, 
Xi(t)=Xi(t − 1)+viΔt, where Δt is the time interval between t − 1 and t. 
For the simulation, the parameter values are summarized in Table 2. 

4. Tissue layer modelling 

To define the tissue layer model, it is considered that Φ be an open 

bounded region in which the target tissue is evolving due to oxygen (CO) 
and nutrients (CN) from the blood vessels present at the boundary of the 
region. Let t ∈ [0,T] be the time duration in which the tissue is evolving. 

At the tissue level, the factors of heterogeneous tissues are usually 
described by a set of scalar fields representing the volume fractions of 
each factors. The evolution of each factors can be described by the mass 
conservation equation. In this paper, it is considered that nutrients and 
oxygen are the only species which diffused from the surrounding blood 
vessels of a tumour at avascular stage. We assume that, both of the 
species are soluble substances that spread in the microenvironment 
through the molecular random walk and very important for nourish
ment of tumour cells and its growth dynamics. Hence, both the factors 
are uptaken by the alive cells. 

These events in tissue scale are modelled with Fick’s law of diffusion 
equation. In Equation 21 and 22, DN and DO are the diffusion coefficients 
of nutrients and oxygen respectively. λN and λO are (positive constants) 
uptake coefficients for nutrients and oxygen. λN and λO depends on the 

Fig. 13. Initial oxygen distribution for the Experiment 2. (as nutrients distri
bution also looks same, it is not shown in the figure due to redundancy). 

∇Fi,j
interaction

(
d,Rt

ia
)
=

⎧
⎪⎪⎨

⎪⎪⎩

−

(

− 0.5+0.75
(
|d|
Rt

ia

)3

− 2.4
(
|d|
Rt

ia

)2

+2.15
(
|d|
Rt

ia

))
d
|d|

If 0< |d| ≤Rt
ia

0 Otherwise

(16)   
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phenotype and the radius of a tumour cell. 

∂CN

∂t
=∇.(DN∇CN) − λNCN (21)  

∂CO

∂t
=∇.(DO∇CO) − λOCO (22) 

The model considers that, alive tumour cells (proliferative, quies
cent, and hypoxic) consume oxygen and nutrients at rates of λP

N, λQ
N,

λH
N, λP

O, λQ
O, and λH

O respectively. While host cells uptake oxygen and 
nutrients at rates of λho

N , ​ and λho
O and elsewhere oxygen and nutrients 

decay at a fixed background rate of λb
N, and λb

O. The model considers that, 
in a small region Ω around a point (x, y) proliferative cells, quiescent 
cells, hypoxic cells, host cells, and stroma (non-cells) etc. occupy 
fP, fQ, fH, fho, ​ and fb portions of Ω respectively at time instance t 

((Macklin et al., 2012); Hoehme and Drasdo (2010)), where 
fP+fQ+fH+fho+fb = 1. 

Hence, λN(x, y) and λO(x, y) are given by, 

λN(x, y)= fPλP
N + fQλQ

N + fHλH
N + fhoλho

N + fbλb
N (23)  

λO(x, y)= fPλP
O + fQλQ

O + fHλH
O + fhoλho

O + fbλb
O (24) 

Equations 23 and 24 are denoting the weighted uptake rates ac
cording to the tissue composition around (x, y). Diffused oxygen and 
nutrients in the extracellular space are uptaken by the tumour cells at 
cellular scale. Therefore, the consumptions of oxygen and nutrients are 
translated from the cellular scale to tissue scale. Here, we transfer the 
information between these two scales through two nested square grids. 
Let, H1 and H2 are two grids with step size l1 and l2; such that l2 = l1/K, K 
is any positive and even number. Each node k in H1 with position (xk, yk) 

Fig. 14. Simulation result of Experiment 1: Avascular tumour growth dynamics at t = 100 h, 200 h, and 400 h. For each time duration the distribution of tumour cells 
(1st column), oxygen (2nd column) and the distribution of tumour cells and oxygen (nutrients) combined with inverted colour scale (3rd column) are shown. Oxygen 
and nutrient distribution for every time instances are similar. Hence, only oxygen distribution is shown for different time instances. In tumour cell distribution (1st 
column) cyan coloured cells represent the proliferative cell, magenta coloured cells represent the quiescent cell, green coloured cell represent the hypoxic cell, yellow 
coloured cell represents the apoptotic cell, and red coloured cells represent the necrotic cells. 
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is updated with the average value of a square shaped grid in H2 con
taining the points (xp, yp), such that, 

⃒
⃒xp − xk

⃒
⃒ < l2

K
2
,
⃒
⃒yp − yk

⃒
⃒< l2

K
2
.

To exchange the information from the extracellular scale to cellular 
scale, first we identify the area in H1 with respect to each point in H2 and 

then linearly transfer the values of H1 into H2. This mechanism is used to 
solve the tissue scale model (21), and (22). 

5. Computer simulation and results 

In this context, a special two dimensional domain of size [0, 1] mm ×
[0, 1] mm is considered for oxygen and nutrients. Two squared nested 

Fig. 15. Different cell loads during the simulations of Experiment 1.  

Fig. 16. Simulation result of Experiment 2: Avascular tumour dynamics at t = 400 h. The distribution of tumour cells (1st column), oxygen (2nd column) and the 
distribution of tumour cells and oxygen (nutrients) combined with inverted colour scale (3rd column) are shown. Oxygen and nutrient distribution for every time 
instances are similar. Hence, only oxygen distribution is shown for the time instance t = 400 h. In tumour cell distribution (1st column) cyan coloured cells represent 
the proliferative cell, magenta coloured cells represent the quiescent cell, green coloured cell represent the hypoxic cell, yellow coloured cell represents the apoptotic 
cell, and red coloured cells represent the necrotic cells. 
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grids Z1 and Z2 are created to exchange the information of oxygen and 
nutrients from cellular to extracellular scale. Z1 consists of 101× 101 
grid points with the step size L1 = 10 μm (≈radius of an adult tumour 
cell), while, Z2 contains 1001 × 1001 grid points with step size L2 = 1 
μm. 

The algorithm of this multi-scale model is shown as a flowchart in 

Fig. 12. After the initialization, the microenvironment of the tumour 
(oxygen and nutrient concentrations) is updated and translated to every 
tumour cells. The resultant force on every tumour cells (proliferative, 
hypoxic, quiescent, apoptotic, and necrotic) are calculated and update 
the cell velocity with the cell position accordingly. The physical changes 
related to the dead tumour cells (apoptotic and necrotic) are also 

Fig. 17. Different cell loads during the simulation of Experiment 2.  

Fig. 18. Simulation result of Experiment 3: Avascular tumour dynamics at t = 400 h. The distribution of tumour cells (1st column), oxygen (2nd column) and the 
distribution of tumour cells and oxygen (nutrients) combined with inverted colour scale (3rd column) are shown. Oxygen and nutrient distribution for every time 
instances are similar. Hence, only oxygen distribution is shown for the time instance t = 400 h. In tumour cell distribution (1st column) cyan coloured cells represent 
the proliferative cell, magenta coloured cells represent the quiescent cell, green coloured cell represent the hypoxic cell, yellow coloured cell represents the apoptotic 
cell, and red coloured cells represent the necrotic cells. 

S. Sadhukhan et al.                                                                                                                                                                                                                             



BioSystems 206 (2021) 104450

14

updated simultaneously. The intracellular model for every alive tumour 
cells are performed by synchronizing with the external factors. This 
process updates the phenotypic state transition of the alive tumour cells 
if required. Then, new values of oxygen and nutrients are translated back 
to the corresponding grid levels. These processes are continued until it 
reach to the predetermined time period. The algorithm is executed in 
C++ and all the visualization has been done in MATLAB R2017a. 

5.1. Simulation with the base parameters 

To verify whether this agent based multi-scale model is able to 
capture the key characteristics of an avascular tumour growth, the al
gorithm is simulated with the base parameters mentioned in Tables 1 
and 2. Most of these values are taken from the literatures, but some of 
the parameters are very difficult to find out. So, we set these values from 
phenomenological arguments. We observe the behaviour of the model in 
different microenvironments. Particularly, we investigate the roles of 
oxygen and nutrients in the tumour cell dynamics. Therefore, we have 
performed three experiments with three different initial distributions of 
oxygen, and nutrients. The descriptions are as follows. 

Experiment 1. Homogeneous microenvironment (CO[i, j] = 1.0, CN[i, 
j] = 1.0 at t = 0 for all i, j). 

Experiment 2. Heterogeneous microenvironment (0 ≤ CO[i, j] ≤ 1.0, 
0 ≤ CN[i, j] ≤ 1.0 at t = 0 for all i, j), where CO[i, j] and CN[i, j] are 
generated from a mathematical function that is a combination of 
Euclidian distance and decay function (Fig. 13). 

Experiment 3. Random microenvironment (0 ≤ CO[i, j] ≤ 1.0, 0 ≤
CN[i, j] ≤ 1.0 at t = 0 for all i, j). 

We also test (under homogeneous microenvironment) this model by 
modifying few assumptions with some varying simulation parameters 
within biologically realistic ranges. Our aim is to ensure that the model 
produces realistic outcome and helps us to gain insight into the under
lying biology. All the experiments are performed three times, and each 
time two proliferative cells are placed at the centre of a square domain 
initially. For each studies we have taken the average results. This way, 
we have studied the effect of chemotaxis on tumour growth dynamics as 
well as on the count of different phenotypes. We also investigate the 
roles of p27 proteins on tumour growth and its dynamics. 

Fig. 14 shows one of the simulation results (among three simula
tions) for the Experiment 1. The experiment begins (t = 0) with two 
proliferative cells are placed at the centre of a uniformly distributed 
oxygen and nutrients domain. The tumour is developed by absorbing the 
surrounding oxygen and nutrients. At t = 100 h, the tumour nodule is 
composed of proliferative cells only; other phenotypes are not present 
during the early stage of simulation. Due to over metabolism of tumour 
cells, oxygen and nutrients are gradually decreasing at the innermost 
region of the tumour nodule (Carmeliet and Jain (2000)). At t = 200 h, a 
necrotic core begins to develop at the centre of the tumour. A belt of 
quiescent cells are also observed around the necrotic core. The prolif
erative cells are visible at the outer region of the nodule; i.e., a three 
layer phenotype pattern is formed (Sutherland et al., 1971). At t = 400 h, 
oxygen and nutrients at the centre of the tumour reduce sharply. With 
the simulation time, the avascular tumour nodule and the necrotic core 
at the centre of the tumour expand rapidly. 

Fig. 19. Different cell loads during the simulations of Experiment 3.  
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The count of different phenotypes of tumour nodule during the 
simulation of Experiment 1 is plotted in Fig. 15. The figure shows, up to 
t = 100 h of simulation time only proliferative cells are present in the 
computing domain. After that, quiescent and hypoxic cells come into 
picture, and after around 150 h of simulation time, necrotic cells are 
developed. After 150 h of simulation, the nature of the plot of prolifer
ative cells becomes flat, while the quiescent and necrotic cells increase 
gradually. As the necrotic cells increase rapidly with the simulation 
time, the growth rate of quiescent cells is not much higher and hypoxic 
cells decreases after a certain duration (250 h of simulation). 

The Experiment 1 (Fig. 14) is performed in a homogeneous envi
ronment, so, it is not too surprising that, this has produced almost a 
symmetric tumour (geometrically). The tumour cell distributions in 
Experiment 2 (Fig. 16) are almost radically same (symmetric) like the 
previous one. Therefore, almost similar (like Fig. 15) kind of patterns 
can be seen in Fig. 17. Whereas, output of Experiment 3 (Fig. 18) is not 
radially symmetric (cell loads of final tumour are shown in Fig. 19), 
although, the basic structures (necrotic cells at the centre, quiescent is 
covering the necrotic, and proliferative cell at the surface of the tumour) 
of the avascular tumour is maintained for all the three experiments. 

When looking at the individual phenotype patterns with respect to 
total tumour cells in all the experiments, we found that, with the in
crease in total tumour cells, proliferative cells increase initially. 

However, after a certain hike in total tumour cells (around 20 percent), 
the proliferative cells increase marginally in all the three cases (Fig. 20 
(a)). On the other hand, quiescent and necrotic cells both increase 
sharply with the total tumour cells (Fig. 20 (b), (c)), which indicate that 
with the expansion of tumour mass necrotic cells as well as quiescent 
cells both increase. Another important observation from Fig. 20 (a)–(c) 
is that, different cell loads in Experiment 3 are quiet low with respect to 
Experiment 1, and 2. 

Further, we are looking at the individual phenotype, and total 
tumour cell load patterns with respect to necrotic cells in all the ex
periments. Same kind of patterns can be observed like Fig. 20 (a)–(c) for 
proliferative (Fig. 21 (a)), quiescent (Fig. 21 (b)), and total tumour cells 
(Fig. 21 (c)). These similarities specify that there must be a propor
tionate relation exist between total tumour cells and necrotic cells. 

5.1.1. The role of chemotaxis in tumour growth dynamics 
To investigate the role of chemotaxis in the homogenous microen

vironment, we make Fchemo = 0, for all tumour cells. We observe no 
interesting pattern in proliferative, quiescent, necrotic and total tumour 
cell counts in both the cases (Fig. 22 (a) – (d)). However, ‘without 
chemotaxis’(Fchemo = 0), the model always produces less number of 
cells in all the categories except quiescent cell. 

Fig. 20. (a) Avg. proliferative cell load, (b) avg. quiescent cell load, and (c) avg. necrotic cell load with respect to percentage of total tumour cells in Experiment 1, 2, 
and 3. 
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5.1.2. The role of p27 in tumour growth dynamics 
To examine the role of p27 on tumour growth dynamics, we vary the 

threshold of p27 from 0.3 to 0.7 with the interval of 0.1 and perform the 
simulation in homogeneous microenvironment. We observe that 
(Fig. 23), with the increasing threshold value of p27, loads of prolifer
ative cells are not much varying. The quiescent cell loads in the final 
tumour are decreasing from the threshold value of 0.5 though a slight 
uptrend is observed at 0.5. On the other hand, cell loads in necrotic and 
total tumour cells in final cell load are looking very similar with varying 
the threshold of p27. Both initially decrease up to 0.4, and then a certain 
up trends are visible in both the cases up to 0.5 and then another fall is 
observed up to 0.6 and then another uptrend is visible up to 0.7. 

6. Discussions and conclusions 

In this paper, we have developed a multi-scale agent based hybrid 
framework for avascular tumour growth in two dimensions. In this 
modelling approach we consider every tumour cell as a cellular agent 
which reacts on its internal proteins as well as surrounding microenvi
ronment (surrounding cells, oxygen, and nutrients). The proliferative 
cellular agents grow, spawn two identical daughter agents, or it may 
transform into different phenotypes. The model also considers the bio
physical forces due to cell-cell interaction, chemotaxis due to diffused 
nutrients and a drag force due to luminal fluids. 

At the early stage, tumour nodule looks like small sized cellular mass 
and it is rarely seen clinically. Sutherland and his lab mates had studied 
the multicellular spheroid in vitro extensively (Sutherland et al., 1971; 
Sutherland (1988)) to identify the underlying internal properties for 
developing therapeutic strategies. The multicellular spheroid has a 
well-established structure: its centre contains a necrotic core of dead 
cells that covers most of the area in tumour spheroid (in 2-D). The 
necrotic core is surrounded by a rim of quiescent cells, which are alive 
but cannot divide, and the proliferative cells lie in the outer region of the 
spheroid. In carrying out the computational simulations, we found that 
this modelling framework offers biologically realistic outcomes (Figs. 14 
and 16–18) as described by (Sutherland et al., 1971; Sutherland (1988)). 

Further, we validate this model with immunohistochemistry and 
histopathology data of an anonymised patient of the M. D. Anderson 
Cancer Centre (case no. 100019) described in Edgerton et al. (2011), and 
Macklin et al. (2012). Edgerton et al. (2011) have used a nonlinear 
continuum model developed by Cristini et al. (2003) for patient specific 
prediction of tumour volumes of ductal carcinoma in situ (DCIS) based 
on histological image measurements. This prediction is very much 
crucial for more accurately determine the size for complete tumour 
excision. Edgerton et al. (2011) analysed the patient specific parameters 
and fit into the model to find the final volume. Macklin et al. (2012) have 
developed a lattice-free, agent based two layer (cellular and extracel
lular) model for DCIS. In this model they have employed cell-cell and 

Fig. 21. (a) Avg. proliferative cell load, (b) avg. quiescent cell load, and (c) avg. total tumour cell load with respect to percentage of necrotic cells in Experiment 1, 2, 
and 3. 
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cell-basement membrane interactions that are modelled with potential 
functions. Macklin et al. (2012) have ignored the activities in intracel
lular layer and also considered fixed cell cycle duration. 

In the above literature, the described patient contains a nuclear 
grade III, mixed cribriform/solid-type DCIS with comedonecrosis. The 
measurement techniques of these data are described in detail in Edge
rton et al. (2011). For validation purpose, we have chosen few param
eters like proliferation index (PI), raw apoptotic index (AI), corrected AI, 
cell density, avg. viable rim thickness, and avg. duct radius. PI refers to 
the percentage of the ratio of proliferative cells and total tumour cell 

Fig. 22. (a) Avg. proliferative cell load, (b) avg. quiescent cell load, (c) avg. necrotic cell load, and (d) avg. total tumour cell load in homogenous microenvironment 
with or without chemotaxis. 

Fig. 23. Avg. proliferative, quiescent, necrotic and total tumour cell load in the 
final tumour that grows in homogenous microenvironment for different 
threshold levels of p27. 

Table 3 
Comparison of patient record (2nd column) and computational (3rd column) 
results for proliferative index, raw apoptotic index, corrected apoptotic index, 
viable rim thickness, cell densities, and duct radius.  

Quantity Patient Data Simulated Data 

PI (%) 17.43 ± 9.25  11.3598 ± 1.2259  
Raw AI (%) 0.638 ± 0.424  0.4907 ± 0.3261  
Corrected AI (%) 0.831 ± 0.572  1.2367 ± 0.5531  
Cell density (cells/μm2) 0.003213 ± 5.95 exp( −

4)
0.0012 ± 3.0730 exp( −
5)

Viable rim thickness 
(μm) 

76.92 ± 12.51  24.7696 ± 4.2154  

Duct radius (μm) 170.11 ± 76.37  62.4774 ± 8.4506   
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quantity (Edgerton et al., 2011); raw AI refers to the percentage of the 
ratio of apoptotic cells and total tumour cell quantity (Edgerton et al., 
2011); corrected AI is found by multiplying the raw AI with (8.6/6.6) 
(Macklin et al., 2012); cell density refers to the number of tumour cells 
per μm2 area; viable rim thickness defines the area of the rim present 
outside of the tumour that only contains proliferative and quiescent 
cells; avg. duct radius defines in this case the radius of the tumour 
spheroid (Macklin et al., 2012). 

To validate the model, we simulate our model for 720 h and compute 
PI, raw AI, cell density, and viable rim thickness at an interval of 1 h 
after completion of the simulation time for 300 h. As the apoptosis is 
very rare event in tumour growth with small number of cells (Macklin 
et al., 2012), therefore, we compute the parameters from 300 h of 
simulation time. The patient data and simulation data are listed in 
Table 3. From the data (in Table 3) it can be concluded that, the pro
posed model is very close to the range of patient data though for 
measuring cell density, viable rim thickness, and duct radius the model 
underestimate the data. 

The proposed model also covers important criteria of the hallmarks 
of cancer which include oxygen and nutrients consumption, micro- 
environmental heterogeneity, tumour cell proliferation by avoiding 
growth suppressor signals and replicating at an abnormally faster rate, 
and resistance of apoptosis (Hanahan and Weinberg (2000); Hanahan 

and Weinberg (2011)). However, there is a scope for the improvement to 
correctly predict the patient data. As, we model individual cell dy
namics, our framework can be easily extended to develop a model for 
tumour induced angiogenesis which involves development of vascular 
network from the pre-existing local vessels due to tumour angiogenic 
factors diffused from hypoxic tumour cells. Further, the framework may 
be used to study tumour invasive growth and metastasis. 
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Appendix A1. Algorithm for apoptotic cell 

Input : i,R0
i ,m

0
i ,TA

//R0
i and m0

i be ​ the ​ radius ​ and ​ mass ​ of ith cell ​ at t = 0

//TA be ​ the ​ time ​ duration ​ of ​ an ​ apoptotic ​ cell ​ present ​ at ​ the ​ computational ​ domain

Step1: t←0;

Step2: ​ While t + Δt ≤
TA

2

Rt+Δt
i ←Rt

i

(

1 −
R0

i

TA

)

;

mt+Δt
i ←m0

i

(
Rt+Δt

i

R0
i

)

;

End ​ While

Step3: ​ While t + Δt >
TA

2
&t + Δt < TA

Do ​ nothing;

End ​ While

Step4: ​ If t + Δt == TA

Apoptotic ​ cell ​ is ​ removed ​ from ​ the ​ computational ​ domain;

End ​ If  
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Appendix A2. Algorithm for the necrotic cells 

Input : i,Rt
i,m

t
i,TNL,TNS,TNC

//Rt
ibe ​ the ​ radius ​ and ​ mass ​ of ith cell ​ at ​ time ​ instance t

//TNL be ​ the ​ time ​ duration ​ of ​ a ​ necrotic ​ cell ​ swelling

//TNS be ​ the ​ time ​ duration ​ of ​ inactivation ​ of ​ surface ​ receptors

//TNC be ​ the ​ time ​ duration ​ of ​ calcification

Step1: ​ If
̅̅̅
23

√
Rt

i ≤ R*

swelling rate←
( ̅̅̅

23
√

Rt
i − Rt

i

)/

TNL
;

mass increase rate←
( ̅̅̅

23
√

mt
i − mt

i

)/

TNL
;

Else

swelling rate←
(
R* − Rt

i

)/
TNL

;

mass increase rate←
(
m* − mt

i

)/
TNL

;

End ​ If

Step2: ​ While t + Δt ≤ TNL

Rt
i←Rt

i + swelling rate*Δt;

mt
i←mt

i + mass increase rate*Δt;

End ​ While

Step3: ​ While t + Δt > TNL&t + Δt ≤ TNS + TNL

Inactivation ​ of ​ surface ​ receptors;

End ​ While

Step4: ​ While t + Δt > TNS + TNL&t + Δt ≤ TNS + TNL + TNC ​

mt
i←mt

i −

(

mt
i
/

Rt
i

)

;

Rt
i←Rt

i −
(
Rt

i − 1
)/

TNC
;

End ​ While

Step5: ​ While t + Δt > TNS + TNL + TNC

Do ​ nothing;

End ​ While;  
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