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 A B S T R A C T 

Computational modelling of diseases is an emerging field, proven valuable 
for the diagnosis, prognosis and treatment of the disease. Cancer is one of 
the diseases where computational modelling provides enormous advance-
ments, allowing the medical professionals to perform in silico experiments 
and gain insights prior to any in vivo procedure. In this paper, we review the 
most recent computational models that have been proposed for cancer. 
Well known databases used for computational modelling experiments, as 
well as, the various markup language representations are discussed. In addi-
tion, recent state of the art research studies related to tumour growth and 
angiogenesis modelling are presented. 
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Introduction 

Cancer, a broad term for a class of diseases, is 
characterised by abnormal cells growth that in-
vades healthy cells in the body. Disease charac-
teristics are well described;1,2 there are certain 
conditions that have to be fulfilled in order for 
cancer to grow and spread, and not only aberrant 
cellular growth. 

Rapid advances in cancer research in the last 
decade revealed that cancer is a disease which 
includes dynamic genomic changes. A number of 
molecular, cellular and biochemical characteristics 

have been suggested as the acquired capabilities 
which are shared by almost all types of human 
cancers. A set of rules have been studied to 
provide the clues that control the transformation 
of normal cells into malignant tumours.2 In addi-
tion, a variety of published studies specify that 
tumour growth in humans is a multistage process 
which reveals the genetic mutations that govern 
the alteration of normal human cells.3–5 The list 
with the six hallmarks of cancer 1 provides extra 
knowledge to better understand the biology of 
cancer. These fundamental traits, regarding the 
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alterations in cell’s physiology, are referred to: (i) 
the sustainment of proliferation signalling, (ii) the 
evasion of growth suppressors, (iii) the activation 
of invasion and metastasis, (iv) the ability of repli-
cative immortality, (v) the induction of angiogene-
sis and (vi) the resistance to cell death. 

Cancer initiation depends on a series of genetic 
mutations which affect intrinsic cellular processes. 
Moreover, tumours evolve based on a scheme of 
progression which includes a complex network of 
interactions among the cancer cells and between 
cancerous cells and their micro-environment.6,7 
Cancer complexity refers not only to the complex 
network of interacting signalling pathways, but 
also to the additional levels of interactions such as 
those at the supra-cellular levels. Hence, the in-
creased cancer complexity is based on the large 
number of interacting molecules, the information 
exchange between pathways and the non-linear 
connections between the molecules. This mul-
tiparametric functioning of a system defines can-
cer as a systems biology disease. Consequently, 
there is a recent trend within the cancer research 
community to study cancer as a complex biologi-
cal system and predict its behaviour. A number of 
distinct cell types are involved in most tumours, 
while their assemblance constitutes the tumour 
microenvironment which consists of heterotypic 
signalling interactions. Concerning the vast 
amount of quantitative data which are generated 
from experimentalists and high-throughput exper-
imental techniques, a systems approach is needed 
which permits their integration and inter-
pretation. Computational modelling,8,9 refers to a 
set of computer-based tools that allow users to 
create and/or visualize a model of a given system. 
Computational modelling methods can be useful 
for a biologist or a physician if a number of condi-
tions could be addressed.10 These requirements 
refer to the fact that: (i) predictions can be map-
ped to experimental measurements, (ii) experi-
ments can be performed in silico, aiming to reduce 
time and cost, (iii) new insights of a system’s 
processes can be gained and (iv) complex systems 
can be better understood in terms of their inter-
acting components. Due to the complexity of bio-
logical systems such as cancer, it is evident that 
various modelling approaches can efficiently ad-
dress issues related to the accurate prediction of a 
system’s behaviour. 

The development of in silico cancer models will 
allow researchers to simulate experimental results 
and predict new clinical therapies, as well as to 
make new medical hypotheses for further experi-

mental investigation.11,12 Due to the fact that can-
cer growth and invasion do not fit a single biologi-
cal scale, it is evident that the use of computa-
tional techniques for multiscale cancer modelling 
paved the way to their applications in clinical 
practices.13–15 Figure 1 depicts how the computa-
tional cancer modelling field has evolved over 
time. In order to retrieve sufficient results, ad-
vanced Pubmed 16 search queries were performed 
which allowed to reveal the number of compu-
tational studies per year, concerning the computa-
tional development of cancer models. 

According to Wooley and Lin,9 computational 
modelling techniques are applied to specific bio-
logical phenomena and these models are used to 
pursue a number of intentions. Biological models 
can be useful in: (i) generating accurate quantita-
tive predictions, (ii) predicting variables of a 
system which are not accessible via experimental 
measurements as well as identifying key factors, 
(iii) interpreting data within a coherent framework 
and (iv) screening quantitative or descriptive 
hypotheses. 

In this work, we discuss the various computa-
tional modelling approaches which have been 
proposed for modelling complex systems. More 
specifically, we present these modelling ap-
proaches which are applied in cancer while ex-
plaining also the different scales of cancer model-
ling. The computational aspects of the modelling 
approaches for tumour growth and angiogenesis 
are also described. 

Computational Modelling of Cancer 

Tumours can be characterized as complex sys-
tems. Due to their intrinsic complexity, computa-
tional models must be developed at different 
scales aiming to analyse their growth and inva-
sion. When cancer models are developed across 
multiple biological scales, the increasing number 
of the model parameters as well as the relation-
ships among their interacting components should 
be considered. Once a multiscale cancer model is 
designed, multiple hierarchies in space and time 
have to be integrated, namely: (i) atomic scale, (ii) 
molecular scale, (iii) microscopic and (iv) macro-
scopic scale.11 

At the atomic level, modelling techniques are 
used to study the structure and dynamic proper-
ties of proteins, peptides and lipids. At this scale, 
molecular dynamics simulations are used widely 
as a modelling method for molecules and atoms 
which interact over time.17,18 Models which are 
developed at the molecular scale usually study cell  
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Figure 1: Results by year, regarding the number of published computational cancer modelling studies. Search 
queries in the PubMed biomedical database were performed for extracting the results (last visited 15 Dec 2014). 

 

 

Figure 2: Illustration of the biological scales for computational cancer models including atomic, molecular, micro-
scopic and macroscopic. Each scale represents different spatial range. Interconnection between the scales is re-
quired for the development of multiscale computational cancer models. 
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signalling processes and refer to the properties of 
a set of proteins and not to individual molecules.18 
In addition, models at the microscopic scale focus 
on the molecular and sub-cellular phenomena, 
like the cell cycle progression, which occur within 
a cell. It is also referred as the cellular scale that 
efficiently describes alterations in cell-cell 
interactions as well as the heterogeneous tumour 
environment.17,18 Lastly, the macroscopic scale re-
fers to these biological processes that take place 
at the tissue level, such as cell migration. 
Computational models constructed in this level 
focus on the dynamic properties of the tumour’s 
behaviour, including its shape and morphology 
under different environmental states.18 Figure 2 
depicts the biological scales which are considered 
for the development of computational cancer 
models along with the investigations in each scale 
and their specific focus. 

Computational models that study cancer be-
haviour often fall into two main categories, dis-
crete and continuum.7,10,11 Discrete modelling rep-
resents each cell individually in space and time, 
based on a particular set of biophysical and bio-
chemical procedures. In this category, processes 
like carcinogenesis, genetic instability and cell-cell 
interaction are usually studied. The second cate-
gory is used for the modelling of large-scale sys-
tems. Continuum models study tumours as a col-
lection of tissues. The integration of these two 
categories resulted in a new technique, namely 
hybrid modelling,19 which combines the ad-
vantages of both the discrete and continuum de-
scriptions for modelling cancer at the molecular, 
cellular and tumour scales.10,20 One of the major 
advantages of hybrid models is that the partici-
pating entities of a system are better character-
ized and described due to the fact that they can 
progress from high-level descriptions to low-level 
details. 

As mentioned above, computational tools have 
been widely used for representing complex bio-
logical systems. Although each model has been 
developed individually for addressing specific mo-
lecular issues, no attention has been paid on their 
integration. Based on that knowledge, a basic 
formalism, the Systems Biology Markup Language 
(SBML), has been developed for describing the 
biochemical processes and the networks which 
form within cells.21–23 The SBML markup language 
makes use of the eXtensive Markup Language 
(XML) for representing the components, reactions 
and parameters in a cell.24 The main motivations 
for the SBML creation were: (i) the use of a 

common file format in order to support different 
modelling tools, (ii) the ability to repeat experi-
ments based on published models regardless of 
the modelling software used, and (iii) the promo-
tion of developed models to the public in accord-
ance to the current modelling tools. 

During the International Union of Physiological 
Sciences (IUPS) of the Human Physiome Project,25 
another XML-based language, CellML,26,27 was pro-
posed for modelling the networks of interconnect-
ing entities which are formed. CellML is based on 
mathematical equations to model electrophysio-
logical systems as well as chemical reactions and 
networks. The purpose of CellML is to cover bio-
logical phenomena such as cell functions. Similar 
to CellML, insilicoML (ISML), is another markup 
language which provides users with a modular de-
scription of the constructed models.28 A variety of 
mathematical models, defined with ordinary dif-
ferential equations (ODEs) and agent-based mod-
elling approaches, are supported by the ISML lan-
guage. A complement to CellML was the creation 
of the FieldML markup language which models 
physiological structures in terms of geometric 
fields.29 A number of SBML tools have been pro-
posed which allow researchers to study systems 
biology computationally.30–34 

In addition, specific online databases have 
been created for the storage of published compu-
tational models as well as of their parameters. Ta-
ble 1 depicts the developed formalisms for repre-
senting biological systems along with their respec-
tive descriptions.  

 
 

Table 1. Markup languages created for modelling and 
representing biological systems. 

Markup 
Language 

Description 

SBML 22 
A domain-specific markup language 
that describes biological processes 
at the molecular level. 

CellML 26,27 
A modeling markup language for 
modeling biological phenomena in 
terms of mathematical equations. 

insilicoML 28 
A markup language that provides 
modular description of models. 

FieldML 29 
A compliment to CellML markup 
language for modeling physiological 
structures. 

TumorML 36 
In silico cancer modeling markup 
language. 
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According to Johnson et al., the development 
of a cancer-specific XML markup language will al-
low connecting model components for predictions 
by in silico oncology.35 Each of the proposed 
markup languages models different aspects in sys-
tems biology where researchers deal with more 
complex and multiscale behaviours. However, the 
general usage of these languages still remains an 
obstacle for cancer modelling. Thus, TumorML 
was developed as a new markup language for the 
computational modelling of cancer.36 The key 
functions of TumorML include: (i) the curation of 
cancer models, (ii) the computational interface 
within cancer models, and (iii) the interconnection 
between cancer models. 

In the following sections we briefly discuss 
different modelling techniques used in systems 
biology to computationally analyse complex bio-
logical systems and their constituents. 

Petri Nets 

Petri Nets (PNs) is a modelling technique used to 
represent processes within a biological system.37–

39 A PN indicates a clarification of a graph model 
which consists of active and passive nodes that 
are distinct, as well as of movable objects which 
define the dynamic properties of a given system. 
The passive part includes a set of nodes called 
“places,” while the active one refers to nodes 
called “transitions.” The movable objects have 
been characterized as “tokens” which are 
transferred from one “place” to another based on 
specific “firing rules.” These transitions depict the 
reactions which have occurred. They can be char-
acterized as “fired” when enough sources of mol-
ecules exist while they produce products of the 
appropriate weights. One of the limitations of PN 
is the fact that they cannot be considered as a tool 
for qualitative simulations within exact time 
scales. However, the use of advanced PNs can 
“mask” other modelling techniques, such as sys-
tems of Ordinary Differential Equations. Their use 
has been expanded to cope with more complex 
issues resulting from other modelling approaches. 

A variety of biological processes have been 
modelled by means of PNs. Among the examples 
are the modelling of apoptosis and the p53 
transcription activity. The PN approach has been 
widely used for modelling many aspects in 
systems biology as well as for describing biological 
networks.40–43 

Cellular Automata  

Cellular Automata (CA) has been used to model 
individual molecules, as well as the rules that con-
trol their interactions. Cellular Automata refer to 
computer simulation tools used to model biologi-
cal processes where time and space are discrete 
entities. With the invention of CA an infinite lat-
tice of points (cells) were considered to have a fi-
nite number of states.44 In systems biology, lattice 
refers to two or three dimensional levels in space 
and the lattice-free systems correspond to real, 
physical space. Various studies of CA were con-
ducted and focus on systems biology issues.44–47 

Moreover, a cellular automaton model of tu-
mour growth is proposed in which each cell corre-
sponds to an environmental network.48,49 This net-
work takes as input environmental parameters 
while the cellular behaviour is considered as the 
output. The authors also examined the impact of 
oxygen concentration on the growth and dynamic 
changes of the tumour. Their results indicate a 
correlation between the oxygen concentrations 
and the tumour’s growth dynamics. 

Agent-based Systems 

Agent-based (AB) systems consider genes, pro-
teins or cells as autonomous “agents” that can in-
teract with each other based on a set of rules, 
across time and space. In comparison to CA mod-
elling techniques, AB systems do not require syn-
chronized time steps and consider the space in a 
lattice free grid.7 In addition, while CA represent 
cancer cells as individual entities, AB models in-
clude different cell types, genetic elements and 
environmental factors which interact to each 
other and share divergent functionalities. The AB 
modelling technique has been proven a powerful 
tool for representing discrete biological opera-
tions. It has been used to study multicellular pro-
cedures such as tissue electrical conduction, cell 
trafficking, tissue mechanics, arterial modelling 
and inflammation.50–55 

Computational cancer models that have been 
introduced across molecular and microscopic 
scales have widely used AB approaches. Athale, 
Mansury and Deisboeck developed a framework 
within a multiscale agent-based environment that 
allowed them to analyse the complex cellular be-
haviour of tumour growth, as well as to study the 
molecular profiles of the cells which change over 
time and space.56 Their results indicate that the 
developed model simulates tumour growth within 
a multiscale environment, which allows research-
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ers to further study molecular signatures, as well 
as multicellular patterns. 

Ordinary Differential Equations 

When the biological processes are presented as 
systems of chemical reactions, mathematical 
modelling techniques that are observed in chemis-
try are needed for their analysis. Studies of Ordi-
nary Differential Equations (ODEs) form a well-
known computational approach in systems biol-
ogy.7,10 ODEs have been used extensively to model 
a set of processes, including metabolic path-
ways,57 mitosis in yeast 58,59 and genetic regulatory 
pathways.60 ODE refers to the equation that states 
the relationship between a function and its deriva-
tives, while it defines how a variable changes over 
time.61–64 There are cases in chemistry modelling 
where kinetics is described according to loga-
rithmic functions. Thus, for this specific class of 
modelling, power law estimations of ODE systems 
have been constructed. One of the basic draw-
backs of ODE-based models is the fact that only 
one independent variable can be considered in a 
system.  

Many ODE models have been developed re-
garding the changes of some chemical species 
across the independent variable time. On the 
other hand, Partial Differential Equations (PDEs) 
are used to model more explicitly the distribution 
of a system’s variables. For example, Bresch et al. 
constructed a multiscale model using PDEs to an-
alyse the evolution of cancer cells.65 The model 
was applied aiming to explore new therapeutic 
advantages while it can be further used for tu-
mour growth simulations. 

In the following two sections we discuss how 
the advances of computational modelling in sys-
tems biology allowed researchers to better under-
stand the complex mechanisms of cancer progres-
sion: tumour growth and angiogenesis. 

Modelling Tumour Growth 

Disruption of the cell cycle may lead to uncon-
trolled proliferation of cells. The lack of limitations 
on growth allows the tumour to appear. Cancer 
growth can be divided into two stages: avascular 
and vascular stages. The difference between these 
two stages lies in the way the cells receive their 
nutrient and oxygen. In order to proliferate, cells 
can receive these components either from existing 
vascular vessels or from new blood vessels which 
are created near the tumours (angiogenesis). In 
addition, it is known that the cell cycle is con-
trolled by the tumour growth microenvironment, 

which includes its shape, morphology and inva-
sion. Although, the amount of experimental mo-
lecular data increased the last decade, little is 
known regarding the tumour growth, metastasis 
and treatment. As a result, modelling in micro-
scopic and macroscopic scale will allow research-
ers to gain insights into the whole tumour behav-
iour and reveal key parameters which are involved 
in cancerous conditions. 

A significant number of computational ap-
proaches to the modelling of tumour progression 
and invasion have been proposed. Most of these 
techniques model tumour’s behaviour based on 
known characteristics, while they identify the fac-
tors that drive tumour progression towards inva-
sion. 

Hartung et al. assessed the significance of 
mathematical modelling which describes tumour’s 
metastatic spreading, when no clinical outcome is 
available.66 The model consists of a transport esti-
mation that describes metastatic growth in terms 
of a boundary condition for metastatic emission. 
The resulting predictive model, with the use of 
different computational approaches, was com-
pared to specific experimental results. In addition, 
key biological factors were incorporated into the 
model in order to describe the tumour growth and 
metastasis. After the model’s validation through 
residual analysis and a bootstrap study, significant 
findings were unveiled. The work defines tumour 
metastatic stages during the early diagnosis of 
cancer. 

Furthermore, a number of studies addressed 
the overexpression of the Epidermal Growth Fac-
tor Receptor (EGFR), involved in malignant brain 
tumours. Deisboeck with colleagues constructed a 
multiscale ABM-based model aiming to find out 
possible connections between EGFR dynamics, 
malignant cell proliferation and cell migration.67 A 
system of ODEs was used to simulate the intra-
cellular molecular interactions. It was also con-
firmed that a possible increase of the EGFR mass 
on the cell surface corresponds to a rise of tu-
mour’s expansion. According to Athale and Deis-
boeck, the integration of proteomics data to tran-
scriptional analysis may reveal the aggressive tu-
mour behaviour from proliferation to metastasis, 
as well as predict tumour dynamics.68 An alterna-
tive molecular model was also developed on the 
basis of PDEs, which led to the same findings, 
while suggesting the monitoring of protein-gene 
interactions in cancer cell phenotypes. 

Masoudi-Nejad and co-authors presented mul-
tiscale approaches for cancer systems biology and 
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modelling and discussed a variety of studies for 
computational modelling of tumour growth.7 The 
authors refer to specific works that: (i) model tu-
mour growth factors by integrating cellular and 
tissue levels,69 (ii) make use of cellular Potts Model 
(CPM), a class of ABMs, that simulates molecular 
and biophysical connections between cells,70 and 
(iii) facilitate the simulation of cell and tissue 
shape changes by means of a lattice-free CA bio-
physical model.71 

Moreover, hybrid models were used exten-
sively to study the tumour cell biology and further 
allow the integration of discrete and continuum 
variables regarding tumour growth.72–78 

Modelling Angiogenesis 

Concerning the tumour growth and metastasis, 
the process of angiogenesis arises when new 
blood capillaries are created next to the existing 
vessels. A number of growth factor complexes are 
involved in angiogenesis regulation, such as the 
vascular endothelial growth factor (VEGF).7 

Based on ODEs simulations, a model has been 
developed that integrates vessel regression and 
vascular tumour growth.79 The model incorporates 
as key angiogenic factor the VEGF expression in 
tumours, while it also considers mature and im-
mature vessels, based on their destabilization and 
regression, respectively. 

Moreover, concerning the cellular response of 
hypoxia and the hypoxic cells that secret angio-
genic factors, it was suggested that high levels of 
the hypoxia-inducible transcription factor (HIF1) is 
associated with higher grade gliomas.80,81 Qutub 
and Popel developed a model of the hypoxic re-
sponse pathway based on ODEs.82 The model mir-
rors the molecular kinetics of 17 components and 
is validated using independent experimental da-
tasets. Based on their findings, the authors sug-
gest that iron supplementation combined with in-
creased ascorbate could be a therapeutic tech-
nique in the case of HIF1 angiogenesis inhibition 
of hypoxic tumours. Regarding the model’s limita-
tions, the authors concluded that kinetic reaction 
rates and effects of acidic tumour microenviron-
ment remained unknown. 

Finley and Popel conducted an experiment-
based study aiming to model VEGF kinetics and 
transport.83 It was suggested that anti-VEGF treat-
ment occurring in tumour microenvironment 
could increase or decrease tumour VEGF. These 
findings reveal the significance of personalized 
medicine as the rate of VEGF could act as a possi-
ble biomarker. 

Discussion 

In this review, computational modelling tech-
niques for cancer are presented along with their 
applications to specific biological processes, such 
as tumour growth and angiogenesis. The ability to 
model cancer initiation and invasion by means of a 
computational tool pave the way to improve can-
cer diagnosis, prognosis and treatment. In addi-
tion, computational cancer modelling allows re-
searchers to investigate oncogenesis across multi-
ple biological states. 

In the last decade, mathematical and computa-
tional modelling approaches motivated experi-
ments to generate predictions for clinical practices 
with the integration of quantitative experimental 
measurements. Based on that, cancer can be 
modelled as a system of biological processes and 
interacting parties and may reveal new insights 
into the systems biology field. 

When computational models are developed 
without real experimental results and without pa-
rameterization and/or validation, no robust pre-
dictions of a system’s behaviour can be made. 
Moreover, limitations regarding the model’s ap-
plicability and validation should be addressed be-
fore the implementation of a constructed model. 
Researchers may face many challenges when try-
ing to design their model and refine the selected 
computational approach. The choices of the 
model’s parameters and the application of innova-
tive multiscale methods are two of these chal-
lenges that should be in the focus of scientific re-
search. 

Issues regarding the computational demand 
and model reusability are also considered as seri-
ous challenges when developing predictive com-
putational cancer models. Computational tech-
niques that are used for this purpose should ena-
ble cancer models to be executed in an appropri-
ate period of time as well as support its predictive 
power. Additionally, researchers should present 
their models in standardized formats in order to 
achieve model’s reusability. Difficulties regarding 
the model’s validation should be overcome to 
achieve higher predictive power. The creation of 
data repositories that allow the storage and ex-
change of developed computational models 
should also be considered aiming to efficiently 
provide researchers and clinicians with extra in-
formation and knowledge. 

Individualized medicine refers to a medical 
model that makes use of patient’s molecular pro-
filing for discovering the right treatment strategy 
for the right person at the right time. Moreover, 
with the advent of the personalized healthcare, 
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medical models may reveal the predisposition to 
complex diseases and the distribution of targeted 
disease prevention. With the construction of 
quantitative, predictive models for complex dis-
eases, such as cancer, clinical and experimental 
data can be integrated resulting in improved per-
sonalized treatment. 

Computational cancer modelling is among the 
most promising strategies as an effort to predict 
key parameters within cancer cells. With the com-
pletion of the Human Genome Project, recent ad-
vances in systems biology made possible for com-
putational approaches to “attack” cancer across 
its genetic vulnerabilities.84 

Conclusions 

Computational cancer modelling is a promising re-
search area for integrating systems biology 
knowledge as well as for revealing applications in 
clinical and basic research. Due to the complex 
system of cancer progression, there are many 
challenges and limitations that should be ad-
dressed by the researchers. The design and im-
plementation of computational models should be 
based on the integration of quantitative clinical 
and experimental data. Several multiscale model-
ling techniques have been introduced in the field 
of computational modelling aiming to find out the 
best approaches that move the predictive models 
towards clinical practices. With the advent of 
computational tools for modelling complex sys-
tems, such as cancer, personalized medicine will 
be facilitated. Additionally, more benefits will be 
provided to the patients resulting in a more pre-
ventative healthcare system. 
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