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ABSTRACT
High grade brain tumors such as glioblastomas are among the most lethal and difficult to
treat cancers. Currently there is no curative treatment for this disease and the median survival
time for patients with this cancer is about 15 months. The progression of these tumors depends on
the intricate interplay between biological processes that span the molecular and macroscopic
scales. In this research, we develop a mathematical model that describes determinant processes of
tumor progression at the cellular and tumor levels including signal transduction, proliferation and
migration of individual tumor cells, vasculature degeneration and angiogenesis. The model is
based in the agent based modeling framework, which is combined with a realistic description of
the spatial-temporal distribution of the biochemical cues that affect the behavior of the tumor
cells. We deploy the model to investigate different underlying mechanisms of tumor progression.
We start by analyzing the effect of the tumor cells response to chemotactic cues on the
progression of the tumors. Subsequently, we focus on the role of angiogenesis, which is believed
to be essential for the progression of these tumors. Finally, we simulate the effect of different
treatment strategies of a chemotherapeutic agent on two tumors mimicking real orthotopic models
of glioma.
Simulation results suggest that the response of the tumor cells to chemotactic cues is a
major determinant of tumor invasion. Moreover, the chemotactic response is tightly coupled with
the tumor-induced remodeling of the vasculature, especially with the vessel occlusion. The model
is able to quantitatively recapitulate experimental data from treatments of orthotopic models of
glioma with a chemotherapeutic agent. Simulation results suggest an intricate relationship
between tumor growth, vasculature remodeling and the anti-tumor activity of the chemotherapy.
Notably, simulations reveal the emergence of a resistance mechanism to the treatment.

iv
The overall goal of this modeling effort is to develop a computational platform to
perform in silico experiments that would help understand the complex behavior emerging from
multiple interdependent biological processes in the progression of these brain tumors.
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Chapter 1

Introduction

1.1 Quick facts on cancer and glioblastomas
Cancer is any of a group of diseases characterized by uncontrolled growth and spread of
abnormal cells affecting almost any part of the body (cancer.org). These diseases originate from
one single normal cell that undergoes a multistage transformation caused by the interaction of
multiple factors (e.g., genetic predisposition, ultraviolet radiation, tobacco smoke, certain viral or
bacterial infections, etc.) Failure to control cancer progression can result in death. In
industrialized countries, cancer is the major cause of premature death. According to the latest
statistics from the World Health Organization (WHO), in 2007, almost 11.3 million new cases of
cancer were diagnosed, and 7.9 million people died from the disease. It is projected that the new
and fatal cases of cancer will rise to 15.3 million and 11.5 million in 2030, respectively (who.int,
accessed August 24, 2010). In the United States, where cancer is the second leading cause of
death accounting for one out of every four deaths, progress is being made (Figure 1.1).
The decrease in the cancer death rate echoes the continuous decline of the incidence and
death rates for the four most common cancers (prostate, breast, lung, and colorectal) as a
consequence of falling smoking rates and improvements in early detection and/or treatment
methods [1]. Although encouraging, the decrease has not been as substantial as for other major
chronic diseases. Especially for some cancers, such as brain tumors, there have been no
significant treatment advancements in the past 25 years.
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Figure 1.1. Changes in US death rates from 1991 to 2006. Figure reproduced from cancer.org.

Primary brain tumors are a varied group of intracranial neoplasms originating from
different tissues of the central nervous system with different degrees of malignancy. Other
neoplasms progressing from metastases of systemic primary cancers are also found in the nervous
system. In this work, we refer to primary brain tumors just as brain tumors and other neoplasms
will be named after their originating primary cancer (e.g., melanoma or lung tumors). The
American Cancer Society estimated that 22,020 adults would be diagnosed with brain tumors and
13,140 patients would die due to their disease during 2010 in the US (cancer.org, accessed
August 24, 2010). For all brain tumors, the incidence rate is 11 to 12 per 100,000 persons, of
which 6 to 7 are malignant tumors [2]. Types of brain tumors include gliomas, meningiomas and
lymphomas. The most common of these tumors are the gliomas, which account for nearly 50% of
all cases [2]. According to their resemblance with mature non-neoplastic cells, the three main
types of gliomas are astrocytomas, oligodendrogliomas and mixed oligoastrocytomas. A type of
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astrocytoma, known as glioblastoma multiforme or just glioblastoma, is the most frequent and
lethal of the brain tumors [3] and it is estimated that represents approximately 80% of the
malignant brain tumors [4].
Glioblastomas are intracranial neoplasms characterized by a high rate of uncontrolled
proliferation. In general they exhibit necrotic regions, marked angiogenesis, asymmetrical
infiltrating invasiveness and they are highly refractory to radio/chemotherapy. These tumors are
the most malignant of the nervous system. In fact, the WHO grading system for brain tumors
(which grade brain tumors I to IV for increasing degree of malignancy) has reserved the grade IV
exclusively for glioblastomas [5].
The underlying mechanisms through which brain tumors arise remain unknown.
However, several genetic factors have been found to correlate with certain tumors. One of the
most common molecular traits in glioblastomas is the amplification (40% of cases) and over
expression (50% of cases) of the epidermal growth factor receptor (EGFR) [3]. Other growth
factors and their receptors commonly overexpressed in glioblastomas include platelet-derived
growth factor (PDGF), fibroblast growth factors (FGFs), and vascular endothelial growth factor
(VEGF). Another genetic alteration of glioblastomas, mutually exclusive with EGFR aberrations,
is the loss or mutation of the gene encoding for the p53 tumor suppressor. Abnormalities in the
different component of the cell cycle regulatory complex are found in almost all glioblastomas
[5]. The need for molecular diagnostic is becoming more evident since identification of the
correct type of tumor is of clinical importance to decide on the most adequate treatment.
Early treatments of gliomas were almost the same for all subtypes. However, advances in
their characterization have revealed high histological and genetic heterogeneity among these
tumors, explaining in part their differential response to treatments. This finding has stimulated
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researches to develop tailored treatments targeting specific traits of each tumor. Current
glioblastoma treatments include supportive care to alleviate symptoms of the disease (e.g.,
cerebral edema, seizures, cognitive dysfunctions, etc.) and local and/or systemic therapies to
ablate the tumor. Anti-tumor therapies traditionally involve surgical resection followed by
radiotherapy and chemotherapy. Recent clinical trials have demonstrated that advances in
imaging, surgical and radiotherapy techniques, coupled with sequential or concurrent
combinations of chemotherapies and/or targeted therapies have resulted in improvements in
response rate and progression free survival [6-10]. However, almost all glioblastoma patients
relapse after initial therapy and the median overall survival is about 15 months, only modestly
improving over the last 25 years [11].
A major factor in treatment failure is the diffuse infiltration of highly invasive tumor
cells into the surrounding tissue from the early stages of tumor development, generally resulting
in recurrence just a few months after surgery [11, 12]. This has stirred considerable efforts to
elucidate the underlying mechanisms of the perivascular migration of cancer cells at the
molecular [13, 14], cellular [15, 16] and tumor [17] levels. These studies have provided important
insights about the tumor cell invasion process. Numerous proteins have been found to affect
invasion properties of gliomas including integrins, metalloproteinases and urokinase-type
plasminogen activators [18], TGFβ [19], connective tissue growth factor [20], and EGFR [21]
among others. Notably, observations of different cell lines of glioblastoma suggested that the
directionality of their migrating paths could be a determinant factor in the invasiveness of the
tumors [22]. However, the decryption of tumor invasiveness is still ongoing and it requires that
tumor cell migration be investigated in concert with other biological processes such as cellular
proliferation, necrosis, host vessel co-option and angiogenesis, and external factors such as
treatments.
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Controlling this complex disease requires the understanding of multiple intermingle
biological processes spanning several time and length scales. Complementary to experimental and
clinical research, mathematical modeling offers an invaluable tool to integrate the wealth of data
generated in laboratories and hospitals. The following subsection presents a brief overview of
previous results on mathematical modeling in cancer research and particularly of brain tumors.

1.2 Mathematical modeling in cancer research
Although the impact of mathematical modeling in cancer research is not as indisputable
as in engineering or physics, there exists an increasing receptiveness to the idea that collaboration
between experimentalists and modelers can accelerate the development of better treatments [23].
Already, mathematical modeling of tumor progression has been a very active area over the last
years. A large number of models have been published with focus on varied aspects of the tumor
progression and with different levels of detail. Thus for instance, there exist models that consider
only tumor growth while others incorporate other processes such as angiogenesis or the effect of
a therapeutic agent. From the mathematical point of view, models can be classified according to
the modeling approach they deploy. Two major categories are continuum based and discrete
based models whereas their combination gives rise to an important third category of hybrid
continuum-discrete models. Here we only provide a brief recount of these major modeling
frameworks as well as representative results; this is by no means a comprehensive list. The reader
may refer to reviews focused on modeling of tumor growth [23-25], continuum based models
[26], discrete based models [27], tumor-induced angiogenesis[28-31] , tumor therapy [32] and
brain tumors [33-37] for more information.
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1.2.1 Models by biological scope
According to their scope, models of tumor progression can be classified in three
categories depending on their focus: i) tumor growth only, ii) tumor growth and vasculature
remodeling, and iii) tumor growth and the effect of a therapeutic agent. Representative works in
each category are listed in Table 1.1. Models that specifically address brain tumors are included
in Table 1.2
In models of tumor growth, the expansion of the tumor is related to proliferation of tumor
cells, which is dependent on their microenvironment (e.g., availability of nutrients, accumulation
of toxic compounds) [38]. A number of these models explicitly describe the motility of tumor
cells as the lost of cell-cell adhesion in continuum models [39] or random biased walk in discrete
models [40, 41]. In either case, the motility of the tumor cells is directed by gradients of soluble
substances that diffuse in the interstitial fluid (i.e., chemotaxis) or by gradients of proteins bound
to the extracellular matrix (i.e., haptotaxis). The main purpose of these models is to assess the
effect of tumor cell traits (e.g., ability to sense chemical gradients) and different
microenvironmental conditions (e.g., mild vs. harsh) on tumor descriptors (e.g., growth rate,
morphology, etc).
As the progression of a tumor is highly dependent on the interactions with its
surroundings, modelers have attempted to incorporate a dynamic tumor host description in their
models. The alterations of the non-cancerous tissue by the tumor are numerous, including the
imbalance on metabolic demand-supply equilibrium and the degradation of constituents of
extracellular matrix. Of these alterations, remodeling of the vascular network has received
considerable attention, possibly because it is considered to be essential for the progression of
most tumors [42]. The two main mechanisms of vasculature remodeling are the regression of
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Table 1.1. Models of tumor progression according their biological scope.
Reference
Description
Tumor growth
Intracellular, cellular and tissue level model
components. Tumor cells interacting with
[43]
normal cells in an adaptive vasculature.
Hybrid AB*, multiscale, 2-D† LB‡.
Tumor cells thriving under harsh
[40]
conditions. Hybrid AB, multiscale, 2-D LB.
Tumor cells interaction with host tissue.
[31]
Reaction-diffusion PDEs.
Avascular tumor growth in vitro.
[38]
Hybrid multiscale AB, 3-D LB.
Avascular tumor growth.
[44]
3-D continuous multiscale.
Tumor cells response to microenvironment
[41]
cues. 2-D AB, LB.
Model of mammary carcinoma in vitro.
Hybrid 2-D AB.
Avascular solid tumor growth; considers
[39]
cell-to-cell adhesion and chemotaxis. 2-D
continuous model
Tumor invasion by proliferation and
[46]
migration. Consider mutations of tumor
cells. 2-D hybrid AB model.
Tumor growth and invasion. Hybrid AB
[47]
lattice-free model.
Tumor-induced angiogenesis
Sprouting at early state of angiogenesis.
[48]
Static tumor
Vessel growth in an heterogeneous
[49]
extracellular matrix
Static tumor. 2-D AB model.
Vessel growth in an extracellular matrix
[50]
with detailed topography. Static source of
VEGF. Hybrid AB model.
Angiogenesis coupling intravascular and
[51]
interstitial flow. Static tumor. 2-D hybrid
AB model.
Spatially homogeneous, dynamic tumor[52]
vasculature; it considers signaling
pathways.
Angiogenesis coupled with blood flow.
[53]
Static tumor. 2-D AB model.
3-D distributed continuous model of
[54]
angiogenesis.
Development and remodeling of
vasculature; considers a growing tumor. 2[55]
D hybrid AB (vessels) continuous (tumor)
model.
[45]

Study
Effect of nutrients heterogeneity, growth
and invasion of tumor. Effect of
intracellular perturbations on population
dynamics.
Effect of nutrients availability in the
emergence of invasive phenotypes.
Role of extracellular matrix degradation on
tumor invasion.
Mimicking multicellular tumor spheroids
experiments.
Investigate anti-invasive strategies.
Effect of the tumor cells ability to detect
nutrients/toxic compounds on population
dynamics and invasion rate.
Onset of necrosis on large avascular tumors.
Effect on nutrients availability on the
formation of invasive patterns.
Emergence of different dominant genotypes
and phenotypes in the same
microenvironment.
Dependence of tumor morphology on cell
adhesion and haptotaxis.
Simulate corneal pocket experiments.
Effect of properties of the extracellular
matrix on endothelial cells proliferation and
motility.
Effect of matrix fibers density and
alignment on sprout extension speed.
Influence of leakiness on tumor internal
environment and its possible contribution to
metastasis.
Effect of blocking signaling component on
angiogenesis.
Effect of different model parameters in drug
distribution
Effect of model parameters on
vascularization time.
Coupling between vasculature remodeling
and tumor progression.
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Angiogenesis and vasculogenesis during
tumor growth; considers growing tumor.
Spatially homogeneous model.
Effect of soluble and matrix bound growth
[57]
factors on vessel growth. Static tumor. 3-D
hybrid AB, lattice free model.
Vascular remodeling during tumor growth;
[58]
consider blood flow. Dynamic tumor. 2-D
hybrid AB model.
Mechanical interaction between tumor cells,
normal cells and vasculature. Angiogenesis
[59]
and blood flow are considered. 3-D Hybrid
AB multiscale model.
Tumor treatment
Generic chemotherapy treatment of tumors
[60]
with susceptive and resistant populations.
Spatially homogenous model.
Multiple target identification in signaling
[61]
networks. Homogenous system of
intracellular signaling network model.
Effect of chemotherapy on vascular tumors.
[62]
2-D hybrid AB multiscale model.
Model of antiangiogenic therapy. Algebraic
[63]
model.
[56]

[67]

Effect of chemotherapy in a tumor spatially
heterogeneous. Continuous model.
Effect of anti-invasive agents on avascular
tumor growth. Multiscale age structured
model.
Effect of anti-angiogenic therapy.
Multiscale continuous model.
Model of oncolytic virotherapy. Multiscale
model. Hybrid AB model.

[68]

Response of breast tumor to chemotherapy.
Hybrid AB model.

[64]
[65]
[66]

Effect of angiogenesis, vasculogenesis or
their combination on tumor growth rate.
Role of the extracellular matrix structure on
vascular network morphology
Coupling of tumor growth and
angiogenesis. Distribution of drug.
Detail simulation tumor progression and
angiogenesis.

Test different function of response of
susceptible tumor cells to chemotherapy
and compute optimal therapy strategies
Simulation of simultaneous use of multiple
inhibitors.
Effect of model parameters on tumor
outcome
Simulate the effect of antiangiogenic
therapy on the interstitial fluid pressure and
interstitial fluid velocity.
Effect of different therapy strategies on
tumor progression.
Explaining the lack of efficacy of an antiinvasive agent.
Simulating the efficacy of the therapy under
different doses and schedules.
Assessment of different tumor outcomes
(eradication or progression) under different
conditions.
Model is adapted to clinical cases. The
growth rate of the tumor is simulated as
well as different therapy strategies.

* AB: Agent based model.
†
2(3)-D: Two (three) dimensional.
‡
LB: Lattice based model.

blood vessels (e.g., vessel occlusion by solid stress) and the formation of new blood vessels from
the existing vasculature, a process known as angiogenesis. Models of tumor-induced angiogenesis
describe the changes on microvascular density (in continuous models, [52, 54]) or the sprouting,
elongation and branching of individual vessels (in discrete models [50]) in response to antiangiogenic and/or pro-angiogenic factors secreted by the tumor and/or the vasculature itself. A
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number of these models treat the tumor as a static source of angiogenic factors, whereas in other
models, angiogenesis is coupled to the progression of a tumor [55, 58, 59].
One of the most ambitious goals of modeling in cancer research is to develop reliable
descriptions of tumor progression able to recapitulate experimental and clinical observations for
predicting the outcome of potential therapeutic perturbations. Modelers have already made
significant headway with the introduction of quantitative abstractions of cancer related signaling
cascades (e.g., EGFR, VEGFR) at the micro-scale to identify sensible molecular targets [61, 79,

Table 1.2. Models of brain tumor progression.
Reference
[69]
[70]
[71]
[72]

[73]

Description
Tumor growing and invading a dynamic
host tussue. Population of tumor cells with
different genotypes/phenotypes are
considered. 3-D continuous model.
Coupled tumor growth and vasculature
remodeling. 2-D hybrid AB model.
Invasive mechanism of brain tumors. 2-D
continous model.
Model tumor growth tailored to clinical
cases based on imaging data. 1-D
continuous model.
Effect of radiotherapy in an ensemble of
models resembling patient populations.
Spatially homogeneous continuous model.

Effect of combined radiotherapy and
chemotherapy. 2-D continuous model.
Effect of radiotherapy base on individual
[75]
patient data from MRI. 1-D Continuous
model.
Model invasion patterns of glioma cells in
[76]
vitro. 1-D continuous model.
Model invasion of brain tumors
[77]
considering phenotypes of variable EGFR
expression level. 3-D hybrid AB model.
Considers surgical resection, radiotherapy
[78]
and chemotherapy. Realistic brain
geometry. 3-D continuous model.
* AB: Agent based model.
†
1(2, 3)-D: One (two, three) dimensional.
‡
LB: Lattice based model.
[74]

Study
Study tumor-host interactions and the
morphology and invasion patters of
simulated tumors driven by stroma
heterogeneity.
Assess conditions leading to tumor growth
inhibition by blocking angiogenesis.
Simulate tumor invasion resulting from
different invasion mechanism (e.g.,
chemotaxis, permissivity).
Develop patient-specific predictions of
tumor growth.
Prediction of the effect of different
treatment strategies. Prediction of the
tumor age distribution at the time of patient
presentation.
Prediction of optimal combination
treatment post surgery.
Investigation of response to various
schedules and dose of radiation.
Simulate the effect of a mutation that alters
the motility of tumor cells.
Impact of micro-heterogeneity on the
macroscopic invasion patterns of the
tumors.
Predicting tumor growth and recurrence
after treatment.
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80]. At the tumor level, models have been developed to simulate the effect of varying conditions
for different treatments including chemotherapy [62] angi-angiogenic therapy [63], anti-invasive
agents [65], and virotherapy [67]. A large portion of current models relies on empirical
descriptions to close modeling gaps where a mechanistic description is not available. However in
some cases, close collaboration with experimentalist and clinicians has produced high quality
models that are calibrated to individualized clinical cases [68].
In the context of brain tumors, with special focus on the invasive mechanisms of gliomas
both in vitro and in vivo experimental settings, tumor growth has been studied using distributed
continuous models [17, 72, 76, 81] and the agent based framework [82, 83]. A modeling effort
suggested that the invasive capacity of tumor cells may be impaired by mutations of the EGFR
that alter the production of chemical factors or the cell adhesion properties [76]. In other studies,
models predicted that heterogeneity in phenotype (i.e., subpopulations with different cell
adhesion properties) leads to the invasion of individual tumor cells or clusters of them [69, 77]. In
a contribution that studied the role of tumor-induced angiogenesis, simulation results indicate that
the success of blocking angiogenesis to stall tumor growth depends on the pre-existing
vasculature. The model predicts that anti-angiogenic therapy would fail in cases where the tissue
is well vascularized [70]. As for other cancers, a number of models have been used to determine
effective regimes of therapeutic treatments such as radiotherapy and chemotherapy to inhibit
tumor growth [73-75, 78].

1.2.2 Models by mathematical framework
The simplest models of tumor development and related bioprocesses assume that the
system is homogeneous. This allows encoding the dynamics of key system components (e.g., cell
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populations and proteins levels) into a set of ordinary differential equations (ODEs). This
framework has been extensively used for describing intracellular processes (e.g., signaling
pathways and regulatory networks) [79, 84-86]. It has also been used to simulate the temporal
evolution of tumor cell populations and the effect of therapeutic agents [73, 87-93]. However,
solid tumors develop in a highly heterogeneous environment and a more realistic description of
their progression requires a spatially distributed representation leading to partial differential
equations (PDEs). Not surprisingly, the new spatial dimension of tumor development captured by
the PDEs comes at the expense of higher computational requirements and the need of efficient
solution algorithms. There are a number of proposed modeling frameworks relying on PDE
descriptions. In some efforts, populations of cells are described as continuous fields and are
generally deterministic [17, 54, 64, 65, 74, 76, 81, 94-102]. Although this abstraction enables us
to capture the effects of spatial variability of select factors on tumor progression, the
incorporation of intracellular mechanisms that determine cellular behavior remains problematic.
Multiscale cellular automaton or agent based models explicitly couple intracellular
mechanisms with description of tumor level processes. Generally in these models, the
concentration of nutrients and growth factors are treated as continuous fields while cells are
considered discrete entities governed by a set of rules representing their intracellular processes
and intercellular interactions. Such rules commonly take the form of algebraic expressions,
logical expressions, and/or random processes that depend on the variables that define the state of
the extracellular environment [43, 53, 70, 82, 103]. In more elaborate frameworks, the rules
themselves are models of the intracellular pathways that control cell fate, in the form of ODEs
[83, 104]. Similarly, hybrid continuous-discrete models have been used to couple angiogenesis
with tumor growth [28, 105, 106]. Other models that consider cells as discrete entities are based
on biomechanical principles. Examples of these models include Potts models, in which cellular
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growth, deformation and movement are described based on system-energy reduction [38, 107,
108]; macroscopic models of solid tumors that consider cell adhesion [109]; immersed boundary
methods with distributed sources used to describe growth and division of single cells [110]. The
two main computational difficulties associated with the solution of agent based models arise from
the large number of tumor cells present within the simulation domain and the solution of PDEs in
3-D domains. Methods to alleviate the computational burden related with the number of cells
have been proposed. In a multi-resolution approach, tumor cells are classified into spatial clusters
reducing the number of rule evaluations. However, its application to 3-D simulations has not been
published. An additional complication (associated with the large number of cells) results when
the model accounts for mechanical factors influencing tumor development.

1.3 Current work
In this work, we develop a computational platform to simulate the progression of a brain
tumor (i.e., glioblastoma). Such platform consists of a hybrid multiscale agent based model and
tailored simulation algorithms to circumvent the major computational bottlenecks of this type of
models. We describe tumor progression as the outcome of the evolution in space and time of a
collection of tumor cells that dynamically interact with their environment. The model integrates
the dynamics of key biological processes occurring at the cellular and tumor levels. At the
cellular level component, the behavior of each individual tumor cell is determined by a set of
rules that govern their phenotype and migration. These rules assume that the tumor cell
phenotype depends on the concentration of nutrients and on the transforming growth factor α
(TGFα), which triggers the activation of the MAPK signaling pathway. The tumor level
component of the model determines the spatio-temporal distribution of key biochemical cues such
as oxygen (as a representative nutrient), tumor secreted growth factors and therapeutic agents. A
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relatively high resolution determination of these distributions is important for a better assessment
of their effect on the tumor’s progression. For this purpose, we construct a complex vascular
network that resembles the geometry and functionality of the vasculature of the white matter of
the brain. The vasculature is damaged by the growing tumor, which also induces the formation of
new blood vessels through the secretion of VEGF in response to the appearance of hypoxic zones.
We deploy the computation platform to carry out a sequence of studies by progressively
incorporating components to the model. Initially, we investigate how the response of tumor cells
to biochemical gradients affects the paths of migrating cells and hence the invasiveness and
morphology of glioblastomas. Simulation results demonstrate that different tumor cell responses
to chemical gradients result in markedly different tumor morphologies and invasion rates. In this
part, we ensemble the different model components and fine tune the model parameter, lying the
foundation for the later model extensions. Subsequently, we expand the model to include tumorinduced angiogenesis and assess its role on the progression of the tumor. The model is able to
capture the increase of the microvascular density at the invasive edge to the tumor in agreement
with observed values in tumor biopsies [111]. Model predictions suggest that angiogenesis has a
minor effect on the growth rate of the tumor. In fact, simulations predict that completely blocking
angiogenesis increases the rate of invasion of the tumor. Finally, we investigate the effect of
temozolomide dosing and scheduling (chemotherapeutic agent) in the progression of the tumor.
For this study, first we validate the model for two tumor variants against data from experiments in
vivo and then we use the model to predict the outcome of alternative therapeutic strategies.
The proposed model combines the level of detail of other contributions that focus on
describing one of the following: the tumor growth, the angiogenic process or a therapeutic
treatment. Moreover, the proposed computational platform produces 3-D tumors with a relatively
large number of cells (in the order of 106), which is about two orders of magnitude greater than
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other current agent based models. This is reflected on the volume of the tumor, which matches the
size of implanted tumors for in vivo experiments. A tumor of this size can also be simulated with
continuous models. However, in the continuous approach it is difficult to capture intracellular
level processes.
The simulation of standard hybrid agent based models poses a number of challenges that
tax memory usage and computational time tractability limits. The first challenge is the solution of
the 3-D PDEs that determine the distribution of extracellular species with the required spatial
resolution. Discretizing the PDEs using a finite difference scheme entails the solution of large
scale linear systems of equations. We apply a multigrid (MG) method to tackle this problem. A
second challenge is the integration of the MAPK signaling pathway model for a large number of
cells. We apply a variant of the in situ adaptive tabulation (ISAT) method [112, 113] to remedy
the difficulties associated with the large number of ODEs evaluations. A third computational
problem arises from the procedure to determine the location of the tumor cells. Standard lattice
based methods are equipped with a set of rules to govern the location and motion of tumor cells
dwelling in sites of the lattice. A common assumption in these methods is that tumor cells can
proliferate or migrate only if there is a free lattice site in their neighborhood. We propose a
lattice-free approach to alleviate this assumption. In the proposed approach the location of tumor
cells is determined by solving an optimization problem, which serves as a surrogate of the tumor
cells mechanical interactions. The optimization problem becomes a major computational burden
when the number of tumor cells is high. To solve this problem, we use a conjugate gradient based
method. The details of the proposed model and the simulation methods are provided in the
following chapter.

Chapter 2

Model description and simulation algorithms
A quantitative understanding of tumor progression requires investigating multiple
interconnected processes such as tumor cell proliferation and migration, necrosis, host vessel cooption and angiogenesis, spanning multiple time and spatial scales. In this chapter, we develop a
hybrid multiscale agent based model to describe tumor growth and invasion resulting from the
proliferation and migration of individual tumor cells under biologically relevant conditions.
Simulation of the proposed model requires tailored simulation algorithms, which are not available
in commercial software packages. The details of the model and the simulation methods are
provided in the following subsections.

2.1 Model of brain tumor progression
The model consists of two interdependent components, which describe processes at the
cellular and tumor levels, shown pictorially in Figure 2.1. At the cellular level, the state of
individual tumor cells is governed by a set of rules depending on their local environment (i.e.,
concentrations of nutrients and growth factors) and intracellular signaling pathways (i.e., MAPK
signaling pathway). The tumor level component determines the spatio-temporal distribution of the
key biochemical cues. The two components are connected through the interchange of information
required to solve the whole model. Specifically, the local concentration of biochemical cues for
every tumor cell is obtained from the solution of the tumor level component whereas the
production and consumption terms for the tumor level component are determined by cellular level
component.
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Tumor level component
Determine extracellular species distributions
(oxygen, TGFα, VEGF, and temozolomide)
VEGF

Source

Vasculature remodeling:
Vessel occlusion
Angiogenesis
Determine tumor cell location

Cellular level component
Migrating direction
Determine cell phenotype
Consumption/production rates of
extracellular species

Figure 2.1: Components of the model of brain tumor progression.

2.1.1 Tumor level model component
The tumor level model captures the spatio-temporal distribution of extracellular species
and tumor cells within the simulation domain. The profiles of the chemical species are described
by a set of PDEs. Tumor cells are treated as discrete entities (i.e., agents). In a preliminary
analysis (chapter 3), we follow a lattice-based (LB) approach to determine the location of the
tumor cells. In the LB model tumor cells dwell in a regular square grid and can migrate or
proliferate only into lattice sites not occupied by other tumor cells. For the subsequent studies, we
replace the LB approach for a lattice-free (LF) method. The details of the simulation domain and
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the PDEs are given in the next subsections, followed by the explanation of the rules that govern
the location of the tumor cell agents in the LB and LF approaches.

2.1.1.1 Simulation domain
Glioblastomas may arise in any parts of the central nervous system and are frequently
found in the white matter of the brain [114]. The simulation domain (Ω) is a cubic region of the
white matter of dimension 12×12×12 mm3 and it consists of two subdomains. The tumor
progression subdomain, defined as a cube of dimension 4×4×4 mm3, is at the center of Ω and it is
surrounded by a buffer region (the rest of the domain). The buffer region is included to minimize
the effect of the boundary conditions on chemical species concentrations. During the simulations,
we record the spatio-temporal distribution of oxygen, TGFα, VEGF, and temozolomide as well as
the state of every tumor cell. The state of tumor cells is defined by their phenotype, location,
cellular mass and the activation level of their MAPK pathway (i.e., phosphorylation level of ERK
(ERKact)).

2.1.1.2 Spatial distribution of extracellular species
The tumor level model captures the spatio-temporal distribution of oxygen, TGFα,
VEGF, and temozolomide within the simulation domain. The concentration of extracellular
species are considered to be continuous fields described by a set of PDEs:
Di ∇ 2 C i + K Ti ( z )(C i ,v − C i ) + S i ( z , C intra ) − k i ( z )C i = 0, C i ∈ Ω ,

(2.1)

with boundary conditions:

n ⋅ ( Di ∇Ci ) = 0, Ci ∈ Γ ,

(2.2)
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where for species i Ci is its extracellular concentration, Di is its diffusion coefficient, K Ti is its
supply rate from the blood vessels, and ki is its consumption rate constant (assuming first order
process for all the species). The source term Si (⋅) refers to the production of TGFα and VEGF by
tumor cells and depends on the activation level of the MAPK pathway and the metabolic state of
the tumor cells at the location z and are described in subsection 2.1.2.1 and 4.3.2, respectively. Ω
is defined as the computational domain of the PDEs and Γ is the boundary of Ω while n is the
normal vector to Γ . Boundary conditions determining the concentration or the fluxes of the
extracellular species are required for properly solving the PDEs. However, such boundary
conditions are not available. To circumvent this limitation, we extend the simulation domain to
include tissue far away from the tumor, thus creating a buffer region, and then assume no-flux
boundary condition.
The parameters of the tumor level model are collected from the open literature when
available or estimated to approximate reported levels of the chemical species considered in the
brain (Table 2.1). Typical values for oxygen and TGFα concentrations are 0.022 mM [115] and
2.7×10-2 nM [83], respectively. VEGF serum concentration is approximately 1.1×10-2 nM. The
oxygen consumption rate is set to give a diffusion length of 150 μm whereas the TGFα and
VEGF degradation rates are set to give a diffusion length of 400 μm [89]. The supply rate of
oxygen, TGFα and VEGF from the vessels is estimated such that their average concentrations
match typical values on the brain. Similarly, considering the hypercellularity glioblastomas [116]
and that migrating and proliferating tumor cells consume about 2-5 times more resources than
quiescent cells [38, 117], we assume that the oxygen consumption rates for tumor cells are higher
than the surrounding tissue by a factor of two for quiescent cells and by a factor of four for
migrating and proliferating cells.
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Table 2.1. Parameters for the tumor level model
Parameter
No.

Parameter

Value (Units)

Description

Ref.

1

DO

8×10-5 (cm2 s-1)

Diffusion coefficient of oxygen

[10]

2

K TO

1.25×10-1 (cm s-1)

Supply rate for oxygen

3

kO

1.75×10-4 (mM s-1)

Consumption rate of oxygen

4

Ov

0.07 (mM)

Oxygen concentration in the blood

[8]

5

DT

5.5×10-11 (cm2 s-1)

Diffusion coefficient of TGFα

[10]

6

kT

6×10-5 (s-1)

Degradation rate of TGFα

7

K TT

6.5×10-5 (cm s-1)

Supply rate for TGFα

8

Tv

2.7×10-1 (nM)

TGFα concentration in the blood

9

g1

1.57×10-3 (nM s-1)

Maximum production rate of TGFα

10

K MO

0.37 (mM)

Kinetic parameter for TGFα production

11

aO,Q

2

Factor of oxygen consumption rate by
quiescent cells

12

aO,M

4

Factor of oxygen consumption rate by
migrating cells

13

aO P

4

Factor of oxygen consumption rate by
proliferating cells

14

μmax

1.4×10-5 (s-1)

Maximum growth rate of tumor cell

15

ave
Cmass

2 (arbitrary units)

Average cellular mass

16

max
Cmass

8 (arbitrary units)

Maximum cellular mass

17

hn

0.0033 (nM)

Oxygen threshold for a cell to become
necrotic

18

sn

200
(dimensionless)

Steepness of necrotic probability curve

19

PQM

0.2

Maximum probability of a quiescent cell
to become migrating

20

hQM

90 (nM)

ERKact threshold for a quiescent cell to
become migrating

21

sQM

0.14 (nM-1)

Steepness of quiescent to migrating
probability curve

22

PQP

0.1

Maximum probability of a quiescent cell
to become proliferating

23

hQP

100 (nM)

ERKact threshold for a quiescent cell to
become proliferating

[8]

[9]
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24

sQP

0.14 (nM-1)

Steepness of quiescent to proliferating
probability curve

25

PMM

0.9

Maximum probability of a migrating cell
to remain migrating

26

hMM

90 (nM)

ERKact threshold for a migrating cell to
remain migrating

27

sMM

0.14 (nM-1)

Steepness of migrating to migrating
probability curve

28

PMP

0.05

Maximum probability of a migrating cell
to become proliferating

29

hMP

100 (nM)

ERKact threshold for a migrating cell to
become proliferating

30

sMP

0.14 (nM-1)

Steepness of migrating to proliferating
probability curve

31

vomin

0.1

Minimum fraction of vessel volume for
occlusion to occur

32

vomax

0.5

Maximum fraction of vessel volume for
occlusion to occur

33

ERKtot

3×102 (nM)

Total concentration of ERK

34

rc

1×10-3 cm

Nominal tumor cell radius

[8]

2.1.1.3 Tumor cell location
In the LB method, each lattice site (side length of 20 μm) can be occupied by a normal
brain cell, a vessel cell or a tumor cell. It is assumed that tumor cells that migrate or proliferate
can overtake the only lattice sites occupied by normal or vessel cells, with the simultaneous
destruction of the overran cells. If no lattice site is available in the neighborhood of a migrating or
proliferating tumor cell, then it becomes quiescent according to the assumption of contact
inhibition [46]. The rules governing these transitions are given in the subsection 2.1.2. In the LF
method, we track the location of the tumor cells by solving an optimization problem as a
surrogate of the mechanical interactions among the tumor cells. This approach does not restrict
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tumor cells to a lattice and admits a variable tumor cell density, allowing the relaxation of the
assumption of contact inhibition.
The location of tumor cells in the LF approach is determined by solving the following
optimization problem:

(2r − d ) u (2r − d ) + w (r + r − d ) u(r + r − d )
∑∑
2

min z = w1 ∑ d ii2 + w2 ∑ ∑
T

i

i

j >i

c

2

ij

d ij

c

c

ij

3

i

k

v

d ik

ik

c

v

ik

(2.3)

where d ii , d ij , and d ik are the distance between tumor cell i and its target position, tumor cell j,
T

and blood vessel k, respectively. rc and rv are the nominal radius of tumor cells and blood
vessels, respectively. u (⋅) is the step function and w' s are constant weights. The first term
represents the potential of tumor cells to reach (for migrating cells) or stay (for quiescent and
proliferating cells) at a target position. The second term imposes a penalty when tumor cells are
too close to each other, whereas the third term describes the compression of blood vessels by the
tumor cells. The weight w2 affects the tumor cell density whereas w3 determines how fast the
blood vessels are destroyed. The target position for quiescent and proliferating cells is their
current positions whereas the target position for the migrating cells is determined by their
chemotaxis response and is computed as:

xTi = xi0 + ai d i

(2.4)

where xi0 is the current position of migrating tumor cell i and d i is the direction (unit) vector and

ai migrating distance. The procedure to select d i and ai is described in subsection 2.1.2.3 and the
algorithm to solve the optimization problem is presented in subsection 2.2.3.
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2.1.2 Cellular level model component
At the cellular level, tumor cell phenotype and migratory behavior is determined by its
local environment. Tumor cells require a minimum level of nutrients to thrive whereas the
transduction of signaling cues regulates their phenotype (i.e., migratory or proliferative). It has
been observed that the growth factor-induced phosphorylation of a downstream component of the
MAPK signaling pathway (i.e., ERK) correlates with the migratory and proliferative behavior of
tumor cells [118]. The MAPK signaling pathway can be triggered by several different growth
factors, including TGFα. These bind to the epidermal growth factor receptor (EGFR) [119],
which is amplified (in 40% of cases) or overexpressed (in 50% of cases) in gliomas [3, 120]. The
cellular level model consists of a set of rules governing the behavior of tumor cells. In brief,
tumor cell phenotype depends on the activation level of the MAPK pathway and the availability
of nutrients, whereas the migration direction depends on the response of migrating cells to
chemical gradients. These rules are described in the following subsections.

2.1.2.1 MAPK signaling pathway
The model of the MAPK signaling pathway determines the TGFα-induced activation
level of ERK and the amount of autocrine TGFα produced and it was adapted from [121]. Figure
2.2 pictorially illustrates the signaling cascade considered in the model. The MAPK signaling
pathway model includes 17 species participating in 22 transformations described by either mass
action kinetics or Michaelis-Menten kinetics. The MAPK signaling pathway model is represented
by a set of ordinary differential equations:
d t Cintra,i = f i ( Cextra , Cintra ), i = 1,..., N ,

(2.5)

Cintra,i (t = 0) = Cint0 ra , i

(2.6)

i = 1,..., N ,
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where dt is the derivative with respect to time, Cintra denotes the concentration of the intracellular
species and f i is the right-hand side function of the i ODE of the system that describes the
0
intracellular dynamics of the MAPK pathway. Cint
ra represents the initial concentration of the
0
intracellular species of a given cell. Cint
ra is determined by the concentrations for the same cell at

the end of the previous iteration. The detailed mathematical expressions and the kinetic
parameters can be found in [121]. We assume that the production rate of TGFα depends on the
metabolic state (i.e., oxygen level) of the tumor cells. Accordingly, we modify the source term for
the production of growth factors from the model of Maly et al., [121] as follows:
⎛
ERK act
O / Omax ⎞
⎟⎟ ,
S = ⎜⎜ g1
O
⎝ ERK tot + ERK act K M + O / Omax ⎠

(2.7)

Figure 2.2. MAPK signaling pathway. TGFα-induced ERK activation determines tumor cells
phenotype (i.e., quiescent, migrating or proliferating) and TGFα autrocrine circuit.
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where ERKact is the intracellular concentration of activated ERK. The parameters of this
expression are given in Table 2.1.

2.1.2.2 Determination of Cell phenotype

Depending on the local nutrient concentrations, the availability of space (in the LB
method), and the activation level of their MAPK pathway, tumor cells can be necrotic or express
the quiescent, migrating or proliferating phenotypes. In our model, this is determined by a
stochastic decision process, shown in Figure 2.3. We first check if the tumor cells are viable
given their local nutrients concentrations. If this is not the case, the tumor cells become necrotic.
This step models tumor cell death by necrosis due to the lack of oxygen. We assume that the
probability of tumor cell death is a function of the oxygen concentration (Figure 2.4 (a)). The
probability of tumor cell death is set at 0.5 if the oxygen concentration is reduced at 15% of its

Figure 2.3. Phenotype transitions for tumor cells. Dice indicate stochastic processes.
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normal level [46]. If the tumor cells become necrotic then they neither consume nutrients nor
produce TGFα; even though the production of growth inhibitors by hypoxic cells and waste by
viable cells could be important it currently is not accounted for.

Figure 2.4. Probabilities of tumor cells for phenotype transitions. (a) Probability of a tumor cell
to remain alive (solid black), become quiescent (solid gray), migrating (dash black) or
proliferating (dash grey) as a function of the local oxygen concentration for ERKact = 1. (b)
Probability of a quiescent cell becoming migrating (solid gray) or proliferating (solid light gray)
and of a migrating cell becoming quiescent (dashed black) or proliferating (dashed gray) as a
function of the activation level of ERK for O = Omax. (c) Probability of a proliferating cell to
undergo mitosis as a function of its cellular mass.
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The next step, which only applies to the LB method, is to check if viable tumor cells are
inhibited due to contact with other tumor cells [46]. This is based on the assumption that tumor
cells proliferate until a maximum cellular density is reached. Subsequently, proliferation occurs
only to compensate for cell death and/or cell migration. This assumption has been frequently used
in grid constrained agent based models [43, 46, 77]. Specifically, tumor cells can proliferate or
migrate only if there is a free lattice site in their neighborhood (i.e., not occupied by another
tumor cell), otherwise they become quiescent. If a free lattice site is available, then we determine
the phenotype of the tumor cells.
The adoption of different phenotypes by tumor cells is governed by a set of mechanisms
that are not fully elucidated. Consequently, modelers have so far relied on empirical rules. Here,
we use experimental observations that correlate the level of growth factors (and therefore of the
activation of the MAPK pathway) with the migration and proliferation rates of astrocytomas cell
lines in vitro [122]. Based on these observations, we model the decision mechanism as a random
process depending on the strength of the ERK activation. Briefly, Giese et al., [122] observed that
as astrocytoma cells were stimulated with increasing concentrations of grow factors, migration
increased faster than proliferation, but at high concentrations of grow factors proliferation had a
considerable increment whereas migration decreased. Assuming that ERK activation correlates
with the concentration of growth factors, our decision process assigns a high probability for
tumor cells to become (or remain) quiescent under low levels of ERKact, whereas it favors
migration and proliferation for medium and high levels of ERKact, respectively. Furthermore, the
probability of quiescent cells of becoming proliferating or migrating is also affected by level of
nutrients. We assume that tumor cells that acquire the migrating phenotype will preferentially
retain this phenotype since active migration suppresses cell proliferation [122] but can
nevertheless assume other phenotypes. Proliferating cells, however, retain this phenotype unless
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they become necrotic or quiescent (when undergoing mitosis or by contact inhibition). Figure 2.4
(b) provides the quantitative rules adopted for these transitions.
Finally, we check if proliferating cells undergo mitosis. We assume that mitosis occurs
with a probability that depends on the cellular mass (Figure 2.4 (c)). The probability of mitosis is
set at 0.5 when the cellular mass is twice the nominal cellular mass. The cellular mass is
calculated assuming cellular growth described by a logistic equation with a growth rate
depending on the oxygen concentration as follows:

Cmass =

0
Cmass
e μt
,
0
max
(Cmass
/ Cmass
)(e μt − 1) + 1

μ = μ max

CO / COmax
,
K MO + CO / COmax

(2.8)

(2.9)

0
max
and Cmass
are the initial and maximum cellular mass, μ is the growth rate and t is the
where C mass

time. μmax, and COmax are the maximum values of growth rate and oxygen ( CO ) concentration,
respectively. The parameters are estimated such that the cellular mass increases from 1 to 2
(arbitrary units) in 24 h for CO = 0.022 nM, in agreement with experimental observations for
glioblastomas [123].

2.1.2.3 Migrating direction
In vivo, the migration direction of tumor cells is determined by multiple interdependent
processes, including but not limited to chemotaxis, haptotaxis and mechanical forces. Chemotaxis
is the directed cell motility along gradients of chemical attractants (e.g., nutrients) or repellents
(e.g., metabolic waste). Haptotaxis is the directed cell motility along a positive gradient of
adhesion molecules in the extracellular matrix. As an example, in vivo glioma tumors

28
preferentially migrate along white matter tracts and blood vessels [5]. The quantitative
contribution of various processes to the migration mechanism is unknown. For simplicity, our
model considers chemotaxis as the exclusive mechanism governing tumor cells migration
direction. Since the list of chemoattractants (or repellents) affecting chemotaxis for glioblastoma
cells is extensive (i.e., growth factors, nutrients, waste products, etc.), further simplifications are
necessary. In our initial studies (chapter 3), the model includes only oxygen gradients as the
primary factors influencing chemotaxis. This assumption can be considered reasonable as is
largely accepted [124] that nutrient gradients are key chemoattractants for glioblastoma cells.
In the absence of a mechanistic description of chemoattraction, we model the selection of
the migrating direction by tumor cells as a stochastic process dependent upon local gradients. For
the LB approach, we assume that tumor cells can move only to a free neighboring lattice site with
a probability parameterized by the oxygen level:

Pi =

vi (CO , 0 + wi (CO ,i − CO , 0 ))
,
∑ j v j (CO , 0 + w j (CO , j − CO , 0 ))

(2.10)

where Pi is the probability of a tumor cell to move to a neighboring lattice site i. CO ,0 is defined
as CO / COmax at the current lattice site and it is similarly for CO ,i and CO , j at sites i and j. The
index j in the summation represents only the free lattice sites. wi are weighting factors that take
into account the length of the displacement (see Figure 2.5 (a)). The weights vi characterize the
sensitivity of the migrating tumor cells to the nutrient gradients. We consider three different sets
of vi to investigate the effect of this mechanism on the tumor morphology. These sets of vi
approximate the complete range of sensitivity in accordance with the observed migratory
behavior of human glioma cells [22]. The migratory response corresponding to each set of vi is
designated as low, medium and high chemotaxis (see Figure 2.5 (b)). In the low chemotaxis case
(i.e., all vi = 1), migrating tumor cells have low sensitivity to chemoattractant gradients. These
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cells can move in directions of decreasing nutrient level, resulting in migratory behavior similar
to the biased random walk [28]. In contrast, migrating tumor cells distinguish between negative
and positive nutrient gradients in the medium chemotaxis case (i.e., vi = 1 for free lattice sites
with higher nutrient concentrations than the current position and vi = 0 otherwise). Finally, the
high chemotaxis case models extreme sensitivity to chemoattractant gradients resulting in certain
migration towards the direction of the highest nutrient concentration increase (i.e., only the
direction of highest nutrient concentration has non-zero weight, vi = 1).

Figure 2.5. Migrating direction parameters. (a) Weights w account for the distance to neighboring
lattice sites. (b) Sets of vi and possible movements of a migrating cell for different levels of
chemotaxis.
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For subsequent studies (chapters 4 and 5), we include the effect of a chemorepellent
based on the experimental findings reported in [125]. Werbowetski et. al., [125] found that (under
stressful conditions such as hypoxia and acidosis) glioma spheroids secrete diffusible factors that
direct the migration of tumor cells away from the spheroid, resulting in higher invasion rates in
experiments in vitro. However, the chemorepellents were not identified. For the LF approach, the
migrating direction is determined as the resultant of the attraction towards rich oxygen regions
and the response to the repellants produced by the tumor. Here, we assume that tumor cells
secrete VEGF in response to hypoxia and we use the gradient of VEGF as a surrogate of the
gradient of the unknown chemorepellent. Furthermore, we assume that the tumor cells do not
sense the chemotactic gradients with 100 % certainty. Thus we determine the migrating direction
randomly from the half-space defined by the exact migrating direction and the perpendicular
plane passing through the cell position as:

d i = d ie + p i ,

(2.11)

d ie = g i ,o − bg i ,v ,

(2.12)

where d ie and d i are the exact and actual migrating directions, p i is a random perturbation, g i ,o
and g i ,v are the gradients of oxygen and VEGF at the location of migrating tumor cell i and b is a
constant.

2.1.3 Vascular Network
We construct a vascular network with a structure and functionality similar to that of the
white matter. Nonaka et al., [126], using soft X-ray and diaphanized specimens of normal adult
brains, found that large arteries run straight through the white matter toward the lateral ventricle.
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Figure 2.6. Vascular network construction. (a) Algorithm to construct the vascular network. (b)
Pictorial representation of the addition of vessel segments and capillaries. dij, dc are the distance
between artery tip i and vein tip j and the maximum distance to connect the tips, respectively.
mvd and mvdc are the microvascular density of the network and the target vascular density,
respectively. ssi and ssc are the shear stress of vessel i and the minimum shear stress allowed,
respectively.

The arteries have lateral branches with tree-like structures that connect to venules through
capillary vessels. We construct the vascular network in an iterative process as shown in Figure
2.6. Briefly, seeds for arteries and veins are randomly placed on the upper face of the simulation
domain and are grown adding a straight vessel segment along the gradient of oxygen
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concentration until the vessels reached the bottom face. Subsequently, elements of three vessel
segments in the form of “Y” are added along the gradient of the oxygen concentration at the tips
of the current network. Capillary vessels are added to connect arteries with veins when the
distance between nodes is less than 200 μm, each node has less than 3 vessels and the radius of
those vessels is less of 20 μm. The radius of the vessels is calculated using Murray’s rule

rpa = rsa1 + rsa2 , a = 2.7 [58], where p, s1 and s2 indicate the parent and the children vessels,
respectively. The oxygen concentration is computed by solving a PDE similar to the one
described in the subsection 2.1.1.2. Initially, it is assumed that all current vessel segments supply
oxygen. Once arteries and veins connect, it is assumed that only vessel segments that belong to a
path connecting an artery with a vein can supply oxygen.
The vascular network is grown until the average microvascular density surpasses the
average value observed in the white matter (42 vessels/mm2) [111]. Then the network is pruned
by removing vessels with extreme low and high shear stress until the average microvascular
density of the network matches the observed value. Vessels that cross the boundary of the
simulation domain are also pruned with exception of the ends points of the parent arteries and
veins. The resulting vascular network has 363,922 vessel segments. Figure 2.7 shows the vascular
network in the tumor progression domain.

2.1.3.1 Shear stress computation
The shear stress on the wall of the vessels is considered to be a major factor affecting the
vasculature architecture. A minimum shear stress is required to maintain vessel integrity [89].
Here, we do not attempt to compute accurate absolute values of the shear stress. Instead, we are
concerned only with relative changes in the shear stress with respect to the values of the initial
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vasculature. For this purpose, we assume that the vessel segments can be considered cylindrical
tubes and we treat blood as homogeneous fluid with constant viscosity. We approximate the flow
through a vessel by laminar Poiseuille flow of a homogeneous liquid. Accordingly, the flow rate

Figure 2.7. Vascular network within the tumor progression subdomain. The red and blue largest
vessels are arteries and veins, respectively. Vessels of small radius are not shown.
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and the shear stress for a vessel segment are given by:

q=

πri 4 ΔPi
,
8ηl

(2.13)

ri ΔPi
,
2l

(2.14)

ss =

where q is the flow rate, ss is the shear stress, ri is the radius of the vessel, η is the blood
viscosity, l the vessel length and ΔPi is the pressure drop across the end points of the vessel. The
pressure of artery nodes on the upper face and the pressure of vein nodes on the lower face of the
simulation domain are set as a function of the vessel radius as [58]:

P (r ) = 0.133(18 + 72 / (1 + e ( br +21) /16 ) ,

(2.15)

where P is the pressure (kPa), r is the vessel radius (μm) and b = 1 for veins and b = −1 for
arteries. The pressure at each node is computed by applying Kirchhoff’s law. This procedure
results in a large scale linear system where each equation represents a mass balance at a node in
the vasculature.

2.1.3.2 Vasculature remodeling
We assume that the tumor remodels the vasculature by occluding the vessels as it grows
and by inducing the growth of new blood vessels from the existing vasculature (i.e.,
angiogenesis). The details of the angiogenesis description are given in chapter 4. Here we present
the procedure for vessel occlusion. In the absence of a detailed mechanical model, we follow
simplified procedures for the LB and LF methods. For the LB method, we assume that vessels are
occluded when tumor cells occupy a fraction (ranging from 0.1 for the smallest vessels to 0.5 for
the largest vessels) of their original vessel volume. Furthermore, we assume that only
proliferative cells can overtake a lattice site occupied by an active vessel. In the absence of a
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detailed mechanistic description, we assume that the probability of a tumor cell to take a lattice
site of a vessel is one tenth of the probability of proliferating into a free lattice site. When a vessel
is occluded, it is removed from the network together with all the vessels that are not longer part of
a path between a parent artery and a parent vein due to the disruption.
In the LF method, we follow the idea of the procedure presented in [58]. Briefly, vessels
are assumed to remain stable while their wall thickness or their shear stress remain above
corresponding thresholds. The thresholds are set to zero for the vessel wall and 10% of the
average shear stress of the initial vascular network. When both of these conditions fail, the vessel
is occluded with a probability of 0.25. The vessel wall is initialized according to [58]:

vw = 0.426(r − 4) + 3.72 ,

(2.16)

where vw is the vessel wall thickness (μm) and r is the vessel radius (μm). The vessel wall is
degraded at a constant rate (0.04 μm/h) when the vessel is co-opted by the tumor. Changes in the
shear stress result from network disruptions and from changes in vessel radius. Welter et. al., [58]
considered that the radius of co-opted vessel increases in response to tumor secreted factors and
assumed that the vessel radius start dilating after 24 h of co-option at a constant rate (0.4 μm/h)
up to a maximum radius of 25 μm. In addition we include the effect of tumor compression on
vessel radius. The radius of a compressed vessel is determined by computing radius of a cylinder
of the same length and the same volume as the original vessel after the volume taken by the tumor
cells has been subtracted. The vessel volume taken by the tumor cells is obtained from the
solution of the optimization problem for determining tumor cell location (Eq. 2.3).
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2.2 Simulation methods

The simulation is initiated at steady-state with the tissue consisting of only normal cells.
At t=0, a small core of cancer cells is introduced at the center of the simulation domain and an
iterative integration scheme as shown in Figure 2.8 is initiated. At every time step Δt, the tumor
level (PDEs) model is solved (assuming pseudo steady state) to determine the oxygen and TGFα,
VEGF and temozolomide concentration profiles. These concentrations then become inputs to the
cellular level model of every tumor cell. The MAPK signaling pathway model is then integrated
for every tumor cell to determine the ERK activation and the TGFα production rate, which in turn
become inputs to the PDEs in the next iteration. The phenotype of every cell is then determined
depending on the level of oxygen and ERK activation and the position of cells and spatial

Figure 2.8: Algorithm to simulate tumor progression.
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dependent parameters are updated (Subsection 2.1.2.2). For the simulations perform using the LB
approach, the integration proceeds in time until a tumor cell enters the buffer region of the
simulation domain or a pre-specified time limit is reached. In the case of the simulations using the
LF approach, the tumor is allowed to grow into the buffer region until a pre-specified time limit is
reached. The key procedures followed to simulate the model are explained in the following
subsections.

2.2.1 Determination of extracellular species concentrations
The solution of the PDEs describing the distribution of the extracellular species in a 3-D
domain is a computationally intensive task. Discretization of the PDEs with finite difference
schemes may result in large-scale algebraic problems. A difficulty associated with the solution of
this large-scale problem is that memory limitations prevent from using direct solvers or iterative
methods with relatively high storage requirement (e.g., Krylov subspace methods). This left
conjugate gradient based methods almost as the only practical method to solve problems of this
size. A drawback of the conjugate gradient based methods is that they tend to slow down
considerably for large systems. A popular method to solve PDEs is the multigrid (MG) method
[127]. In brief, in the MG method the PDE is discretized with different mesh sizes. For the PDEs
in this work, each discretization leads to a sparse system of linear algebraic equations. The
solution of the PDEs can be approximated at discrete points by the solution of the algebraic
equations derived from the discretization with the finest mesh. MG methods accelerate the
convergence rate of the CG methods (or other relaxation techniques) by exploiting the
discretizations with different mesh sizes. The foundation of the MG methods is that a
considerable fraction of the low frequency components of a fine mesh are mapped into high
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frequency modes on a coarser mesh. More details of the properties of the MG methods can be
found on [127].
In standard MG methods a set of operations are performed including:
•

Smoothing: a small number of iterations with any scheme that quickly damp high
frequency modes. Here we use CG iterations:

xhi+1 = cg( Ah , bh , xhi ) ,

(2.17)

where xhi and xhi +1 are the pre and post smoothing values of the function x at grid h, and

Ah and bh are the matrix and the independent term derived from discretization at grid h.
•

Restriction: mapping a function from a fine grid into a coarse grid. Here, we use an
operator that averages the neighboring values from the fine grid to obtain the function
values in the coarse grid:

xH = restriction ( xh ) ,

(2.18)

where xh and xH are the function values at the fine and coarse grid, respectively.
•

Prolongation: mapping a function from a coarse grid into a fine grid. Here, we use the
value of the closest point from the coarse grid to obtain the function value in the fine grid.

xH = prolongation ( xh )

(2.19)

In a typical implementation (V-cycle), a smoother is applied on the finest grid to the
initial guess and the residual is computed:

rh = bh − cg( Ah , bh , xhi ) .

(2.20)

39
Then the residual is restricted to the next coarser grid and smoothing operation is
performed as follows:

rH = restriction (rh ) ,

(2.21)

δ H = rH − cg( AH , rH ,0) .

(2.22)

These last two operations are repeated recursively taking δ H as rh until a grid size that
can be solved exactly has been reached. At this point the following problem is solved:

AH δ H = rH .

(2.23)

Next, prolongation and smoothing operations are performed recursively until the finest
grid is reached:

xh = xh + prolongation (δ H ) ,

(2.24)

δ h = cg( Ah , rh , xh ) ,

(2.25)

For the finest grid the approximate solution is given by:

xh = cg( Ah , rh , xh ) .

(2.26)

If the residual at the last iteration is still too large, the V-cycle can be repeated, becoming
a W-cycle, until the required criteria is satisfied. We use a variant of the W-cycle as shown in
Figure 2.9 (a). The MG method provides a significant reduction of the computation time for
solving the PDEs as can be seen in Figure 2.9 (b). The plot shows the error for the solution of the
PDE for TGFα (without the tumor). The linear system for the finest mesh (20 μm) has 8×106
variables for the tumor progression subdomain. The coarser grid (160 μm) is solved using a
standard CG method (error tolerance 10-3).
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Figure 2.9. Multigrid scheme used to solve the PDEs. (a) Modified W-cycle. (b) Performance of
MG and standard CG methods.
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2.2.2 Acceleration of agent evaluation
The evaluation of the governing rules becomes a major limitation as the number of cells
increases in the agent based models. Solving the MAPK pathway model used here requires
approximately 0.0158 s with Matlab standard routines (The MathWorks, Inc., Natick, MA) in a
PC with processor Intel Core Duo (2.8 GHz, 4 GB of RAM). For a tumor of 106 cells, it would
take approximately 4.4 h to evaluate the MAPK model at each iteration. This would be
impractical for simulations with hundreds of iterations. We apply the in situ adaptive tabulation
(ISAT) method [112, 113] to remedy the difficulties associated with the large number of ODEs
evaluations. The basic idea of this method is to approximate the integration of the MAPK
signaling pathway model for a given initial condition using previously stored evaluations of a
relatively close initial condition. The details and properties of the method are explained
extensively in [112, 113]. Here, we only describe the modifications we make for its
implementation.
The state of the MAPK signaling pathway for each tumor cell is defined by the pair
( CT , Cintr ), which represent the local extracellular concentration of TGFα and the normalized
concentration of the intracellular species, respectively. To alleviate the storage requirements, we
tabulate values of CT and Cintr and assign their index to all cells such that CT ,i − CT < ε T and
2
Cintr ,i − Cintr < nε intr
, where CT ,i and Cintr ,i correspond to cell i, n is the number of intracellular

species (i.e., 16), and ε T = 1 × 10 −3 and ε intr = 1 × 10 −4 . Accordingly, each tumor cell is assigned
with a pair of indexes to access their TGFα and MAPK pathway component levels.
In the standard ISAT method, an entry in the table is searched for each query point
( CT , i , Cintr , i ). Here, we perform the inverse operation: given a table entry, find all query points
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that fall within its ellipsoid of attraction. Then approximate the solutions of the found query
points using the table entry. For the query points that do not fall within the ellipsoid of attraction
of any of the table entries, solve their MAPK model by a direct method. We compare the two
approaches and the direct method to solve the MAPK model. The test consists of processing
batches of query points of increasing size. The tables constructed at each batch size are used in
the following batch. Figure 2.10 shows the speed-up factor (ratio of the CPU time of direct
method to ISAT methods) as a function of the size of the batch of query points. The standard
ISAT method speeds-up the computations by more than one order of magnitude for a batch of
5×105 cells and an increasing tendency for larger batch sizes can be observed. The modified
approach is able to speed-up further the computations by an additional order of magnitude. The
main reason for this advantage is that by scanning the table entries against the query point, it is
guaranteed that a table entry for each query point will be found if it exists. This cannot be
guaranteed in the standard ISAT query procedure.

Figure 2.10. Performance of the standard and modified ISAT methods. The speed-up factor is
defined as the ratio of the CPU time of the direct method to the ISAT method.
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2.2.3 Solution of the optimization problem for the LF method
As in the case for the PDEs, the options for solving the optimization problem (2.3) are
also restricted by memory requirements. Moreover, the evaluation time of the objective function
and its gradient are also an important limitation. We use a variant of the CG method to solve the
optimization problem. Briefly, in a standard CG method a descending direction is computed from
a weighted sum of the gradient at the current iterate and the previous descending direction. A line
search is performed along the new descending direction to determine an appropriate step length.
Then the iterate is updated by taking the determined step length along the descending direction.
Different schemes can be used for the line search, but in general any scheme requires a number of
objective function evaluations, usually three or more. A drawback of this method is that it does
not make the most of the information generated from the expensive function evaluations during
the line search.
Here, we propose a scheme that exploits every expensive evaluation (Figure 2.11).
Instead of solving problem (2.3) directly, we solve an equivalent problem where we minimize the
norm of the gradient of the objective function. As in the standard CG method, a descending
direction is computed from the gradient at the current iterate (of the original objective function
(2.3)) and the previous descending direction. However, instead of carrying out a line search, we
set a test step length and compute the norm of the gradient at the test iterate. If the norm of the
gradient at the new position is less than the current norm, then the test position becomes the new
iterate, with the gain that the gradient has already been computed. If the test norm is larger than
the current norm, then we re-compute the search direction and the step length. Note that the
recomputed search direction is a sum of gradients at the last accepted iterate and previous
descending directions based on this gradient. Therefore, the recomputed search direction becomes
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closer to the gradient as the number of unsuccessful iterations increases leading eventually to a
descending direction.
We tested the proposed method by solving an optimization problem for approximately
375,000 tumor cells. The problem was solved also with a standard CG method with the HestenesStiefel formula to compute the conjugate direction and a quadratic fit method to perform an
inexact line search [128]. Figure 2.12 shows the value of the objective function and the norm of
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Figure 2.11. Modified CG method to solve the LB optimization problem.
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the gradient ( g / n , n : no. of variables ) as a function of the CG iterations for both methods.

The proposed scheme suffers from slow convergence as the number of variables
increases similar to other CG methods. However, the proposed method smoothens quicker the
gradient. In addition, the modified CG methods carried out only 50 gradient evaluations (~48 s)
whereas the standard method performed 50 gradient evaluations plus 148 objective function
evaluations (~152 s). The model and methods described are used to investigate the effect of the
tumor response to chemoattractants in the following chapter.

Figure 2.12. Performance of a standard CG and modified CG methods.

Chapter 3

Modeling the effect of chemotaxis on glioblastoma tumor progression
In this chapter, we perform 3-D simulations to investigate the effect of different response
scenarios of migrating cells to chemoattractant gradients on tumor morphology and progression.
Subsequently, we carry out simulations to assess the combined effect of the response level to
chemotaxis and vascular network degeneration on tumor growth dynamics. We also simulate
tumors with mixed populations to assess their interactions. Finally, we perform a sensitivity
analysis to identify the most influential parameters on the model output. The simulations in this
chapter are performed using the lattice based model. The initial tumor seed is a small core of 5
cell of radius. For the studies in this chapter angiogenesis is not considered. Three simulations are
performed for each study.

3.1 Simulation results

3.1.1 Effect of chemotaxis response on tumor progression
We first compare tumors constructed by tumor cells guided by different levels of
chemotaxis under vascular network degeneration conditions. The effect of the chemotaxis level
on tumor morphology can be observed in Figure 3.1. The snapshots of the tumors show the
compact core and the invasive edge of the tumor at several times. The compact core (invasive
edge) is defined as the tumor regions where more than 95% (less than 95%) of the lattice sites are
occupied by tumor cells. Tumor cells driven by a low level of chemotaxis (LC cells) lead to a
regular, compact, spherical shaped tumor core surrounded by a relatively thin invasive edge,
which is only slightly affected by the distribution of the biochemical cues (Figure 3.1 (a)). In the
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case of tumor cells driven by medium level of chemotaxis (MC cells), the compact core of the
tumor assumes an irregular shape resulting from the development of separated regions of high

Figure 3.1. Simulation of tumor progression in the 3-D simulation domain. Snapshots of the
tumors at different times for (a) low, (b) medium and (c) high chemotaxis. The green isosurfaces
represent the invasive edge of the tumor. The yellow isosurfaces enclose the compact core of the
tumor.
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tumor cell density. High cellular density spots arise mainly nearby larger vessels as the compact
core growing along the large artery at the center of the domain in Figure 3.1 (b), day 30. This
dependency on the location of the blood vessels is even more marked for the tumor formed by
tumor cells driven by high chemotaxis (HC cells) as can be seen in Figure 3.1 (c). In this case,
offshoots of the invading edge grow along blood vessels until these are occluded (Figure 3.2).
Subsequently, the tumor offshoots advance toward nearby active vessels. The diffuse nature and
irregularity of the tumor surface increases with the level of chemotaxis. The tumor of LC cells
has a well defined boundary. On the other hand, the tumor of MC cells has a diffuse interface
although it is relatively uniform along the compact core. In the high chemotaxis case, the tumor
exhibits a more diffuse and irregular interface.
The level of chemotaxis also affects the tumor invasion rate. At early stages, the growth
dynamics of the three tumors is similar. However, the tumor of MC cells is slightly more

Figure 3.2. Vessel co-option in simulation of a tumor of HC cells.
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Figure 3.3. Temporal profiles of tumor progression when tumors occlude vessels. (a) Volume
invaded by the tumors. (b) Average tumor cell density of the tumors at different distance from the
center of mass of the tumor. Solid lines indicate the density of live tumor cells. Dashed lines
indicate the total tumor cell density including necrotic cells.
proliferative, whereas the tumor of HC cells expands faster than the other tumors. The difference
on the invasion rate is more evident at later times as can be seen in Figure 3.3 (a). Clearly, HC
cells leads to a higher invaded volume compared to that of tumors of LC and MC cells. High
chemotaxis also results in tumors with lower average tumor cell density across the compact core
of the tumor (Figure 3.3 (b)). However, the local tumor cell density in the tumors of MC and HC
cells can be as high as for the tumors of LC cells. The lower average cellular density in these
cases is due in part to the presence of non-invaded regions (mostly necrotic) enclosed by the
tumor. The faster invasive rim of these tumors destroys the vessels in its path, provoking a drop
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in the nutrients levels and giving no time for the inner tumor cells to fill up all the space before
they become necrotic. Note that lower cellular density entails a lower local metabolic burden
which is reflected on a thicker rim of viable cells surrounding the necrotic core (Figure 3.3 (b)).

3.1.2 The effect of vasculature remodeling on tumor progression depends on the chemotaxis
level
Simulation results in the previous subsection indicate that the effect of chemotaxis on the
morphology and growth dynamics of the tumor is strongly connected with the way tumors perturb
their environment. We compare tumors simulated using the same conditions as in the previous
subsection except that the tumors do not occlude the vascular network. Figure 3.4 shows the
invaded volume of the simulated tumors at day 39. The tumor of LC cells that does not occlude
vessels has a larger volume than its counterpart, whereas the effect is reversed for the tumor of
HC cells. The reason for these opposite results is related to the distribution of the growth factor
and the different response of the tumor cells to the chemoattractants. Tumors that destroy the
vasculature develop large necrotic cores whereas most of the tumor cells remain alive in their
counterparts. Since only alive tumor cells produce TGFα, the tumors that do not occlude vessels
have higher levels of ERK activation and consequently larger fraction of migrating and
proliferating cells. This condition combined with the insignificant response to chemoattractant
gradients results in a higher invasion rate of tumors of LC cells in the case of no vascular network
degeneration. The advantage of higher ERK activation is overcome by effect of the changes on
oxygen distribution for the tumors of HC cells. Most of the HC cells cluster tightly along the nonoccluded vessels with fewer tumor cells on regions away from the vessels. Oxygen gradients
toward the standing vessels also increase the local cellular density and consequently diminishing
the spaces for proliferative cells. In the case of tumors of MC cells, these factors cancel out each
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Figure 3.4. Invaded volume by the tumor with and without vessel occlusion at day 39.
other resulting in similar invaded volume, although the morphology of the tumors differs. Tumors
that occlude vessels have a necrotic core and a more diffuse and uniform invasive edge whereas
their counterparts have offshoots along the vessels. This invasion pattern resembles vascular cooption, a mechanism important in brain tumor growth where tumor cells can infiltrate the
vascular bed, leading to a lower density of blood vessels compared to normal tissue [129, 130].

3.1.3 HC cells dominate in tumors of mixed populations by inducing higher rate of death for
the other cells
A common feature of tumors is the heterogeneous genotype and phenotype of their
populations. We carry out simulations starting with a tumor seed composed of equal populations
of LC, MC and HC cells to study the growth dynamics of the tumor. The time evolution of the
number of cells of each type for tumors composed of single and mixed populations is presented in
Figure 3.5 (a). The populations of MC and HC cells have reached a larger size in the mixed
population tumors than in the single population tumors at the end of the simulations. This result is
a consequence of the lower rate of cell death in the mixed population tumors (only up to day 26
for MC cells) than in the single population tumors (Figure 3.5 (c)), while the proliferation rate is
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very similar in both cases (Figure 3.5 (b)). Note that contrary to the rest, at early stages the
population of LC cells had significant higher proliferation rate in the mixed population tumor
than in the single population case (Figure 3.5 (b)). However, the LC cells also had a considerable
higher rate of death in the mixed population tumor that leads to the death of most of these cells at
latter stages (Figure 3.5 (c)). The early increased proliferation of LC cells in the mixed population

Figure 3.5. Growth dynamics of tumors of mixed populations. Time evolution of (a) population
size, (b) proliferation rate, and (c) rate of death for each cell type in tumors of single (solid lines)
and mixed (dashed lines) populations.
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tumors is a consequence of their higher level of ERK activation (because they are located on the
compact core where the TGFα concentration is higher) and the increased availability of space to
proliferate created by the dispersion of MC and HC cells. However, the LC cells cannot move fast
enough to escape the necrotic region front induced by the occlusion of vessels by the MC and HC
cells. In fact, the rate of death of MC cells also became higher for the mixed than for the single
population tumor after day 26 (Figure 3.5 (c)). Clearly, HC cells dominated the mixed population
tumor at the end of the simulation. But the main causes of this outcome are the occlusion of the
vessels and the difference in the invasion rates rather than the competition of the different type of
cells for space.

3.1.4 Sensitivity analysis
We perform local sensitivity analysis to assess the effect of small changes of the
parameter values on the results presented in the previous subsections. The parameters 1-32 listed
in Table 2.1 are changed (one at the time) by either increasing or decreasing each by 10% of its
nominal value and simulated the model to determine the invaded volume (the parameters of the
signaling pathway and the vasculature are not considered). The deviation of the invaded volume
from the nominal case gives a measure of the effect of the change in a parameter. Figure 3.6 (a)
shows the deviation of the invaded volume for the MC tumors at day 33 (the final simulation time
of the shortest simulation). The largest deviation is caused by changes in the threshold of ERKact
(hQP, 23), required for a quiescent cell to acquire the proliferating phenotype. Increasing this
parameter by 10% results in an invaded volume of only 4% of the nominal case due to a low
activation of the TGFα autocrine circuit. For the same reason, the second most influential
parameter is the production rate of TGFα by tumor cells (g1, 9). Changes in the consumption rate
of oxygen by normal cells (kO, 3) cause the third largest deviation on the invaded volume. Note
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that the consumption rates for tumor cells are considered to be factors (aO,Q, 11; aO,M, 12; aO,P, 13)
of the normal oxygen consumption rate (kO, 3). When these factors are changed individually, the
invaded volume changes up to a less extent. It is interesting to note that, both decreasing and
increasing the threshold of ERKact for quiescent cells to become migrating (hQM, 20) results in
lower invaded volume. For lower hQM, the tumor has a larger fraction of dispersed migrating cells
at the expense of the proliferative population at early stages, slowing down the activation of the
TGFα autocrine circuit. On the other hand, higher hQM result in smaller tumor due to higher
contact inhibition. It should be emphasized that these results correspond to a single time point

Figure 3.6. Results of the sensitivity analysis. (a) Deviations of invaded volume for changes in
the individual parameters for the MC tumors at day 33. V0 and Vi are the invaded volume for the
nominal case and the perturbed parameter i, respectively. (b) Relative invaded volume for the five
most influential parameters for the different levels of chemotaxis. Vi, Low is the invaded volume
for the perturbed parameter i for the LC tumor.
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whereas the dependence of the invaded volume in the parameters is dynamic. The effect of
changes on the five most dominant parameters on the relative invaded volume for the different
levels of chemotaxis is shown in Figure 3.6 (b). Even though the changes in these parameters
cause large deviations on the invaded volume, the ratio of the invaded volume of the MC and HC
cases to the LC case remains very similar to the nominal case with the exceptions of the
decrement on hQP and the increment of hQM. This indicates a complex relation (at least for the
choice of parameter values) between the phenotype decision process of quiescent cells and their
sensitivity to chemoattractants to determine tumor invasion rate and suggest further studies for
better understanding this process.

3.2 Summary and Discussion
In this chapter we analyzed the effect of the response of migrating tumor cells to
chemoattractant gradients on the morphology, growth dynamics and invasive rate of brain tumors.
For this purpose, we developed a hybrid multiscale model to simulate tumor progression in a
complex vascular network with structure and functionality mimicking that observed in the white
matter that enables the determination of more realistic concentration profiles using
experimentally derived parameter values. We found that either medium or high level chemotaxis
is needed to simulate tumors with irregularly shaped necrotic core surrounded by a rim of viable
tumor cells and diffuse infiltrations characteristic of glioblastoma macroscopic morphology [3,
12]. This suggests that glioblastoma tumors possess a robust mechanism for preferential growth
towards sources of nutrients.
Directional migration (i.e., medium and high chemotaxis) increases tumor growth and
invasion rates. Clearly, the faster invasive edge is a direct consequence of migrating tumor cells
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moving more consistently towards fresh sources of nutrients than in the low chemotaxis case.
Higher response to chemoattractants also contributes to the faster growth of the compact core of
the tumor as migrating cells that have spread faster switch to the proliferating phenotype and
populate the invaded tissue. Our results are in agreement with the results of Zhang et al. [117]
where they determined that the expansion of a tumor is increased by the appearance of clones that
are more sensitive to chemoattractant gradients. In a similar work, the effect of the search
precision on the expansion rate of a tumor was also studied by Mansury et al. [41]. They found
that a high search precision favors the expansion rate of the tumor although a maximal search
precision results in a suboptimal invasion rate. Our results are also consistent with other results
from a very different modeling approach. Using a continuum model, Wise et al. [102]
characterized the capacity of tumor cells to spread by an adhesion strength parameter and found
that low adhesion strength (analogous to our high chemotaxis case) results in larger, more
irregular tumors with the formation of buds driven by the redistribution of nutrients.
The environment also plays an important role on tumor morphology, growth dynamics
and invasion rate. Our model predicts that the destruction of blood vessels (and hence the
decrease of nutrient concentration) contributes to irregular morphologies for the medium and high
chemotaxis cases. Similarly, using an agent based model of a solid tumor, Gerlee and Anderson
[46] found that high concentrations of nutrients favor the formation of regular shaped tumors
whereas lower concentrations of nutrients lead to irregular morphologies. However, their
simulations show that lower concentrations of nutrients correlate with lower growth rates (i.e., in
terms of the number of cells) and have only a slight effect on the invasion rate (i.e., in terms of
the invaded area) of the tumors. In contrast, our results suggest that vessel occlusion can induce
higher invasion rates for tumor of HC cells even though it is accompanied by a drop on the
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nutrients level. The main reason for this difference is the presence of migrating cells in our model
as opposed to their model which does not take these cells into account.
Winkler et al., [131] developed an in vivo model to evaluate the effect of anti-angiogenic
therapy on the progression of angiogenesis dependent human glioma tumors. Anti-angiogenic
therapy induced a “normalization window” where aberrant tumor vasculature significantly
recovered the structural and functional properties of the normal vasculature. During this window,
tumor oxygenation increased, and tumor growth was briefly delayed. This coincides with our
simulation results that predict slower tumor growth for tumors of HC cells when blood vessels are
not destroyed (Figure 3.4). Although the growth delay observed in these experimental models
may be due to several factors including changes in the expression of growth factors produced by
tumor and tissue cells, it would be insightful to assess the contribution of chemotaxis on the
tumor dynamics in such experimental settings. In the following chapter we extend the model to
account for angiogenesis, which is a hallmark of high grade glioblastomas.

Chapter 4

Modeling tumor-induced angiogenesis and its effect on tumor progression
In this chapter, we present the extension of the model to account for tumor-induced
angiogenesis. The model describes the sprouting and elongation of new vessels from the existing
vasculature in response to the production of pro-angiogenic factors by hypoxic tumor cells. In
addition, we determine the location of tumor cells using the lattice free (LF) approach as
described in subsection 2.1.1.3 and update the migrating mechanism of tumor cells by including a
chemorepellent. Simulations are consistent with the observed patterns of microvasculature
proliferation in brain tumors and reflect the intricate connection with tumor progression.

4.1 Angiogenesis in brain tumors
Angiogenesis is the growth of new vessels from a pre-existing vascular network. It is
important in many physiological processes (e.g., embryogenesis) as well as in pathological
conditions such as arthritis, macular degeneration and cancer. It is widely accepted that the
growth of solid tumors to a pernicious size is enabled by the development of a vascular bed that
nourishes the tumor [42]. This abnormal vascular bed results from the co-option of the host
vasculature and from angiogenesis. This idea has inspired researchers to look for therapeutic
strategies targeting angiogenesis as a method for controlling tumor growth. The number of antiangiogenic agents started to increase and the benefits of anti-angiogenic therapy have been
demonstrated for some cancers such as colorectal cancer and non-small-cell lung cancer [132].
However, for brain tumors the results from different studies are controversial.
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Angiogenesis is a hallmark of high grade gliomas [5] and it is considered to be required
for their progression [133]. However, anti-angiogenic therapies have not had the expected success
on brain tumors, implying that a better understanding of the underlying molecular mechanisms as
well as the tumor-vasculature interactions is required for the development of more efficient
treatments. Studies have already revealed a number of biochemical cues in the tumor
microenvironment that may promote or inhibit angiogenesis. Inducers of angiogenesis include
VEGF, PDGF, tumor necrosis factor α (TNFα), interleukins, and fibroblast growth factor (FGF)
[134]. Endogenous inhibitors of angiogenesis include tumstatin, arrestin, canstatin, angiostatin
and endostatin [48]. However, the comprehension of how these individual players orchestrate the
overall process has been daunted by its inherent complexity.
Of the molecular cues involved in tumor-induced angiogenesis, VEGF is the most potent
factor and it is secreted by hypoxic cells in high grade gliomas [135]. The VEGF secreted by the
tumor binds to the VEGF receptors in the endothelial cell, promoting their proliferation and
migration to form sprouts as well as an increase in vascular permeability [132]. This results in an
increased microvascular density at the margins of the tumor. Inside of the tumor, the effect of
VEGF on co-opted vessels is outweighed by the up-regulation of EphB4 in the endothelial cells
inhibiting sprouting and promoting the dilation of the co-opted vessels [58]. Here, we consider
these two mechanisms driving angiogenesis. We explicitly account for distribution of the VEGF
secreted by tumor whereas we assumed that EphB4 is up-regulated after the vessel has been in
contact with the tumor, following the approach presented by Welter et. al., [58].
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4.2 Upgrade migrating process by including chemorepellent response
Werbowetski et. al.,[125] found evidence that glioma spheroids secreted a chemotropic
cue(s) that directed the migration of glioma cells away from the spheroid. The mechanism
through which glioma cells produce such chemorepellent(s) and respond to it remains unknown.
However, studies suggested that the chemorepellent(s) is secreted under stressful conditions such
as hypoxia [125]. Since information about a specific repellent is lacking, we use the gradients of
VEGF, the expression of which is also induced under hypoxia, as a surrogate. As explained in
subsection 2.1.2.3, in the updated model the migrating direction depends on both the oxygen and
the chemorepellent (i.e., VEGF) gradients. The relative strength of the response to oxygen and
VEGF affects the invasion rate of the tumor and will be examined in chapter 5.
An additional update of the migration mechanism is that tumor cells are allowed to
migrate with a variable speed. At each iteration the individual tumor cell velocity is sampled from
a normal distribution with a mean of 12.4 μm/h and a standard deviation of 7.9 μm/h, in
accordance with experimental observations [22]. Moreover, we modify the proliferative behavior
of the migrating tumor cells. In the previous model stage, we assumed that proliferating tumor
cells do not migrate and vice versa, following a report that suggested that these were phenotypes
mutually exclusive based on the observation that more invasive tumor spheroids where less
proliferative than non-invasive tumors [122]. However, observation of single cells revealed that
migrating glioma cells also show proliferative activity. A study found that migrating cells stop for
about an hour to undergo mitosis and then the daughter cells continue to migrate [22]. A possible
explanation for these apparent contradicting observations is that migrating tumor cells grow at a
slower rate. Accordingly, in the updated model we allow migrating cells to grow and undergo
mitosis at a rate 2/3 times the rate of the cells that proliferate but do not migrate. The initial tumor
seed in the simulations in this chapter consists of 105 tumor cells.
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4.3 Model of tumor induced angiogenesis

4.3.1 Model of angiogenesis
As the tumor grows and destroys the vasculature through vessel occlusion, tumor cells
become hypoxic (mainly at the interior of the tumor) and secrete VEGF in response. High levels
of VEGF trigger angiogenesis, which is simulated according to the scheme shown in Figure 4.1.
New vessels can originate from pre-existing vessels that satisfy the following set of conditions:
a) The vessel must not have a current active sprout.
b) The vessel has not been co-opted by more than t c .
c) The length of the vessel is larger than a pre-specified value Lc .
d) The radius of the vessel is less than a pre-specified value rc .
Condition a) is based on the hypothesis that sprouts secrete inhibiting factors in their
vicinity to avoid an uncontrolled formation of new sprouts [48]. Condition b) is related to the
time it takes for a vessel to up-regulate EphB4, which switches vessel remodeling to radial vessel
dilation. Condition c) is included to prevent the formation of an overwhelming number of vessels
that would impose a considerable computational burden. Finally, condition d) is included to
reflect that sprouting occurs mainly at capillaries [58]. If these conditions are satisfied, a new
sprout is created at one of the end points or at the midpoint of a vessel with a probability
dependent on the local VEGF concentration ( CVEGF ). The probability function (Figure 4.2) is
chosen such that the growth patterns of the new vessels resembles the actual patterns observed in
high grade gliomas [136]. The function assigns a probability of zero if the VEGF concentration is
below a minimum value ( CVEGF ,t ). Subsequently, the length of existing and newly created sprouts
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Figure 4.1. Simulation algorithm of tumor-induced angiogenesis.

is increased by constant length along the VEGF gradient. Finally, the tip of the sprout connects to
another vessel (midpoint or end points) or tip sprout if they are close enough to establish a
connection ( d c ). Sprouts that do not establish a connection after they have reached a length lc are
regressed. It is assumed that sprouts do not carry blood flow until they establish a connection. The
new vessels are assumed to have a radius of 4 μm and its wall thickness is initialized to 3.72 μm.
The value of the parameters of the angiogenesis model are given in Table 4.1.
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Figure 4.2. Sprouting probability as a function of the VEGF concentration.

Table 4.1. Parameters for the angiogenesis model.
Parameter

Value (Units)

Description

Ref.

Lc

80 (μm)

Minimum vessel length for sprouting

rc

25 (μm)

Maximum vessel radius for sprouting

[58]

tc

24 (h)

Sprouting window

[58]

sl

20 (μm)

Sprout extension length

[58]

dc

25 (μm)

Minimum distance for establish connection

lc

200 (μm)

Maximum sprout length

CVEGF ,t

3×10-3 (nM)

Minimum VEGF concentration for sprouting

DVEGF

4.21×10-7 (cm2 s-1)

Diffusion coefficient of VEGF

kVEGF

2.6×10-4 (s-1)

Degradation rate of VEGF

KTVEGF

3×10-4 (s-1)

Supply rate for VEGF

CVEGF ,v

1.1×10-2 (nM)

VEGF concentration in the blood

sVEGF

2×10-4 (nM s-1)

VEGF secretion rate

[137]
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4.3.2 VEGF production
The distribution of VEGF is determined by solving the PDE described in subsection
2.1.1.2. The VEGF diffusion coefficient was estimated based on the diffusion coefficient of
TGFα assuming that the diffusion coefficients are inversely proportional to the hydrodynamic
radius, which is assumed to be proportional to the cubic root of the molecular weight. The
degradation rate is estimated from the diffusion coefficient and a typical value for the diffusion
2
. The VEGF supply rate from the
length for growth factors (400 μm) as kVEGF = DVEGF / lVEGF

vasculature is taken to be equal to the TGFα supply rate. The VEGF concentration in the blood is
set to the normal values of VEGF in the serum [137]. The source term is determined based on a
previous model of VEGF expression in response to hypoxia [138]. Such model determines the
cytoplasmic VEGF concentration as a function of the local oxygen concentration (Figure 4.3).
We assume that each tumor cell secrets VEGF at a rate proportional to its cytoplasmic
concentration. The proportionality constant is estimated such that the average concentration at the
tumor matches typical observed values in gliomas [137]. The parameter values of the PDE for the
VEGF are given in Table 4.1.

Figure 4.3. Level of cytoplasmic VEGF as a function of oxygen concentration [138].
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4.4 Simulation Results

4.4.1 Initial vasculature
The initial vascular network consists of 363,922 vessels. Its average microvascular
density (mvd, defined as the number of vessels per unit area) at the x-y, x-z and y-z planes passing
through the center of the tumor progression subdomain are 42.25, 42.44 and 41.94 vessels/mm2,
respectively. The distribution of the radius and the shear stress on the wall of the vessels are given
in Figure 4.4. The average shear stress in the initial network is 8.4×10-3 kPa, therefore the shear
stress threshold for vessel occlusion is set to st = 8.4 × 10-4 kPa.

Figure 4.4. Properties of the initial vascular network. (a) Frequency distribution of the vessel
radius. Note that the classes for radii greater than 20μm were combined in the last class for clarity
of the plot. The largest vessel radius is 101.93μm. (b) Shear stress on the wall of the vessels.
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4.4.2 Tumor-induced vascular remodeling
We investigate the interdependent evolution of the vasculature and the growing tumor.
Cross sections (x-y plane) of the tumor at days 7, 8 and 17 are shown in Figure 4.5. Initially, the
tumor grows by co-opting the pre-existing vasculature (Figure 4.5 (a)). Increasing metabolic
demand and the occlusion of some of the co-opted vessels lead to the onset of necrosis (Figure
4.5 (b)). By day 17, the tumor develops a necrotic core surrounded by a rim of viable cells with
increased mvd at the tumor periphery in agreement with the morphology of high grade gliomas
[136]. Note that some viable tumor cells remain in the necrotic region nourishing from still active
vessels. The changes in mvd of the vascular network can be better seen in Figure 4.6. The Figure
shows the ratio of the mvd at day 17 to the mvd of the initial vascular network. The largest ratio
is 4.85; however, a high ratio does not necessarily imply the highest mvd since the ratio could be
high due to a low initial mvd. The mean of the mvd for the fields with the three highest values is
197.9 vessels/mm2, which is in good agreement with the reported values for glioblastomas that
have an average of 115 vessels/mm2 and values as high as 195 vessels/mm2 [111].
Along the rim, tumor cell density and the mvd are heterogeneous. Although, it can be
observed that regions with low mvd have also a low tumor cell count, there is not a statistically
significant correlation between the number of tumor cells and the mvd of the current network (ρ =
0.19, p-value < 0.19; ρ is the correlation coefficient) or the number of new vessels (ρ = 0.25, pvalue < 0.09). However, there is a weak positive correlation of the number of tumor cells and the
mvd of the initial vasculature (ρ = 0.46, p-value < 0.0012). In contrast, there is a weak positive
correlation between the number of proliferative tumor cells and the mvd of the current vascular
network (ρ = 0.37, p-value < 0.011, Figure 4.7 (a)) or the number of new vessels (ρ = 0.41,
p-value < 0.005, Figure 4.7 (b)). There is also a moderate correlation between the number of
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(a)

(b)

(c)

Figure 4.5. Cross section of a tumor with marked angiogenesis at the rim. Snapshots of the tumor
at day 7 (a), day 8 (b) and day 17(c). Tumor cells, pre-existing vessels and newly formed vessels
are colored in blue, magenta and red respectively. Gray indicates the location where necrosis has
occurred.
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proliferative tumor cells (ρ = 0.56, p-value < 0.0001, Figure 4.7 (c)) or the number of new vessels
(ρ = 0.53, p-value < 0.0002, Figure 4.7 (d)) and the mvd of the initial vascular network. Notably,
the correlation between the number of proliferative cells and the mvd of the vascular network at
day 17 is in reasonable agreement with the reported values (ρ = 0.51, p-value < 0.0001) [111].
These results suggest that although the tumor actively alters its surroundings, its progression is in

y (mm)

part directed by the prior configuration of its environment.

x (mm)

Figure 4.6. Tumor-induced changes in the microvascular density. The figure shows the color map
of the ratio of the mvd at day 17 to the mvd of the initial vasculature. The mvd was calculated as
the number of vessels per field of 400×400 μm2.
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Figure 4.7. Correlations between the tumor cell density and the mvd of the vascular network. (a)
Correlation between the number of proliferating tumor cells and the number of vessels of the
vascular network at day 17. (b) Correlation between the number of proliferating tumor cells and
the number of new vessels. (c) Correlation between the number of proliferating tumor cells or (d)
the number of new vessels and the number of vessels of the initial vasculature. The counts were
carried out in fields in cross sections (x-y, x-z and y-z planes) passing through the center of the
tumor progression subdomain. The fields were taken as 1/16 of a circle of 3.5 mm of radius.

4.4.3 Effect of angiogenesis in tumor progression
Angiogenesis has received considerable attention as a therapeutic target for controlling
the progression of high grade gliomas due to their high angiogenic activity. We deploy the
proposed model to simulate the effect of blocking the angiogenic response on the growth and
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invasion rates of the tumor. We define the growth rate and the invasion rate as the change on the
number of tumor cells and the volume invaded by the tumor over time, respectively. We carry out
simulations for two tumors with different responses to a chemorepellent to evaluate the effect of
angiogenesis on tumors with different invasive properties. Simulated tumors with higher
sensitivity to the chemorepellent are more proliferative and more invasive than tumors with low
response to the chemorepellent. In the following, we refer to the two tumors as invasive and noninvasive. Figure 4.8 (a) shows the number of tumor cells over time for both tumors for the
angiogenic and non-angiogenic scenarios. The growth curves show an initial exponential growth
until the onset of necrosis, which is followed by a decrease in the number of viable cells.
Eventually, the rate of tumor cell death stabilizes and it is surpassed by the growth rate. Note that
the recovery of the invasive tumors is considerably faster than their counterparts.
Blocking angiogenesis has only a slight effect on the number of cells of the invasive
tumor by day 17. A reason for this is that a considerable number of tumor cells are able to move
into the surrounding, well vascularized, tissue and away from the low oxygen central region.
However, this trend may not be sustained for larger tumor sizes. In fact, the increase on the
number of tumor cells starts to slow down for the non-angiogenic tumor by day 17.
In contrast, blocking angiogenesis has a significant effect on the number of cells of the
non-invasive tumor. After onset of necrosis, the number of cells in the angiogenic tumor increases
considerably faster than in the non-angiogenic tumor. While in the angiogenic tumor the cells are
able to nourish from the newly form vessels, tumor cells in the non-angiogenic tumor experience
a drop in the oxygen level but they are not able to move quick enough to the rich oxygen
surrounding tissue as the invasive tumor does.
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The invasion rate is also affected by angiogenesis (Figure 4.8 (b)). In the absence of
angiogenesis, tumor cells are more urged to invade the surrounding tissue. In this case, both
chemotactic cues (i.e., oxygen and VEGF) direct the migrating cells away from the tumor,
whereas in the case of angiogenic tumors, the newly formed vessels provide a “comfort zone”
where the tumor cells dwell for a longer time. This results in a higher invasion rate for the nonangiogenic tumors; even in the case of the non-invasive tumor.

Figure 4.8. Effect of angiogenesis on tumor progression. Temporal profiles of the number of
tumor cells (a) and the volume invaded by the tumor (b). Solid and dashed lines correspond to
invasive and non-invasive tumors, respectively.
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(b)
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Figure 4.9. Cross section of the angiogenic and non-angiogenic tumors. Snapshot of the invasive
tumor with angiogenesis (a) and without angiogenesis (b) at day 17. Snapshot of the non-invasive
tumor with angiogenesis (c) and without angiogenesis (d) at day 25.

Figure 4.9 shows a cross section of the invasive and non-invasive tumors simulated with
and without angiogenesis. As it can be observed, angiogenesis contributes to the formation of a
more defined tumor rim in both the invasive and the non-invasive tumors. The rim in the
angiogenic tumors resembles the “pseudopalisades” characteristic of glioblastomas [139], in
which the side of the rim in contact with the necrotic region has high cellularity even though it
has less proliferative cells. The non-angiogenic tumors have a less dense but thicker rim and have
more viable cells subsisting in the necrotic region. Especially in the non-invasive tumor, more
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Figure 4.10. Number of vessels for invasive and non-invasive tumors. Solid and dashed lines
correspond to the number of new vessels and the number of destroyed vessels, respectively.
vessels remain active in the necrotic region. A possible reason for this feature is that the vessels
experience less mechanical stress due to the lower cell density.
The invasion rate also affects the angiogenic response. Figure 4.10 shows the time
evolution of the number of new and destroyed vessels for the invasive and non-invasive tumors.
At a given time point, the invasive tumor induces slightly more new vessels than the non-invasive
tumor but it also destroys more vessels. However, the number of new vessels is significantly
larger for the non-invasive tumor for tumors of approximately the same volume (invasive tumor
at day 17 and non-invasive tumor at day 23). A reason for this result is that the slower tumor front
in the non-invasive tumor gives more time to the sprouts to establish a connection. Nevertheless,
the difference between the new and destroyed vessels is approximately the same for both tumors.
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4.5 Summary and Discussion
In this chapter, we extended the previous hybrid agent based model of tumor progression
to include tumor-induced angiogenesis. We also replaced the lattice based method to track the
location of the tumor cells with a more flexible lattice free approach that allows tumor cells to
occupy or migrate to any arbitrary position. Furthermore, we upgraded the mechanism for
describing tumor cell migration by modeling their response to a chemorepellent not only to
chemoattractants and allowing tumor cells to move with variable velocity and proliferate on their
way. The model produced tumors of comparable growth rate and size as some implanted tumors
of glioblastoma in animal models. This offers the possibility of using the model to first mimic in
vivo experiments, and then use the model to perform new in silico experiments to generate
testable hypotheses.
One hypothesis regarding the progression of high grade gliomas suggests that the tumor
initially grows along the pre-existing vessels. The vessels are destabilized by mechanical and
chemical action of the tumor, leading to vessel occlusion and concomitant hypoxia. This is
followed by the secretion of VEGF by tumor cells to induce the formation of new vessels. This
results in heterogeneous tumors with a necrotic region enclosing occluded vessels and a viable
rim surrounded by an abnormal vasculature with increased microvascular density [136]. The
proposed model of tumor induced angiogenesis produced vascular remodeling patterns in
agreement with this hypothesis. Notably, the values of the mvd from the simulated tumors are
also in reasonable agreement with the observed microvascular density in glioblastomas.
The rim of the tumors had a heterogeneous tumor cell density, which was more correlated
with the mvd of the initial vasculature than with the mvd of the current vasculature or the number
of new vessels. This result suggests that, although the tumor actively alters its space, its

75
progression greatly depends on the characteristics of the pre-existing vasculature. This may also
have implications in the grading of gliomas, since the mvd is one of the criteria for its
characterization. Tumors with similar genotype and phenotype may cause different levels of
vascularization depending on the original vascular network where they develop and may be
classified differently.
Angiogenesis is a hallmark of glioblastomas and it is believed that it is essential for their
progression [140, 141]. This idea has stirred researchers to develop anti-angiogenic therapies with
the aim of restraining tumor growth. Sunitinib (Sutent, SU11248) is one of the anti-angiogenic
agents that are being tested. Sunitinib is an inhibitor of different receptor tyrosine kinases
including VEGFR-1 and has demonstrated antiangiogenic and antitumor activity in preclinical
studies of epidermal, colon, lung, breast, prostate and renal cancers [142]. The anti-angiogenic
and anti-invasive properties of sunitinib against glioblastoma were evaluated in a murine model
by de Bouard et. al., [142]. In such study tumors of a highly invasive glioblastoma cell line
(GL15) were implanted in athymic mice. The mice were treated daily with the highest tolerated
dose and tumor invasion was determined after 25 days of implantation. They found that the
treatment with sunitinib did not reduce the invaded area on the treated tumors. The mean invaded
area was 1.18±0.16 mm2 and 1.51±0.09 mm2 for the control and treated tumors, respectively. Our
model predictions for the effect of angiogenesis on the progression of invasive tumors (subsection
4.4.3) are in line with these experimental results. The simulations show a slight increase in the
invasion rate of the non-angiogenic tumor as compared with the angiogenic tumor.
De Bouard et. al., [142] also investigated the effect of sunitinib on implanted tumors of
the glioblastoma cell line U87MG, which showed no invasive capabilities in the mouse brain. The
results of the study were that sunitinib reduced the mvd by 74% with respect to untreated tumors.
This reduction in the mvd was accompanied by a reduction on the volume of treated tumors
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(0.2±0.4 mm3) with respect to control tumors (0.38±0.14 mm3). This result suggests that noninvasive tumors may be more sensitive to anti-angiogenic therapy. Our model predicted an
increase in the invaded volume for non-angiogenic tumors. The reason for this may be that the
simulated tumors have a response (although weak) to a chemorepellent. Another factor that could
account for this difference is that our model does not consider tumor shrinkage that may be
caused by the loss of mass in the necrotic region and the solid stress from the surrounding tissue.
Nevertheless, our model correctly captured that non-invasive tumors are more sensitive to antiangiogenic therapy than invasive tumors.
The proposed model was able to simulate tumors and vasculature remodeling patters
similar to those observed in actual glioblastomas and it helped to understand the dynamic
interaction between the tumor and the vasculature. Notably, the model was able to predict the
differentiated response of brain tumors with different invasive properties to anti-angiogenic
therapy. By adding further components the model can be deployed to assess other possible
mechanisms of tumor progression and tumor induced angiogenesis. For instance, it is of great
interest to assess the effect of a chemotherapeutic agent on the tumor progression.

Chapter 5

Modeling the effect of a chemotherapeutic agent on brain tumor progression
In this chapter, we further extend the proposed model of brain tumor progression by
describing the temporal-spatial distribution of a chemotherapeutic agent (i.e., temozolomide) and
its effect on tumor cells. We use the model to simulate the effect of different treatment strategies
on tumor progression. The model is validated with experimental data from studies assessing the
efficacy of different treatment schedules and doses in two animal models of glioblastoma. We use
the validated model to predict the outcome of alternative treatment strategies.

5.1 Temozolomide treatment of brain tumors
Temozolomide (TMZ) is a cytotoxic drug approved by the FDA for the treatment of
anaplastic astrocytoma and glioblastoma [143]. TMZ causes methylation of genomic DNA
interfering with DNA replication and leading to cell death via apoptosis. TMZ is well absorbed
after oral administration and is able to cross the blood-brain barrier [144]. At physiological pH,
TMZ undergoes hydrolysis to the active metabolite methyl-triazeno-imidazole-carboxamide
(MTIC), which is further metabolized to the inactive 5-aminoimidazole-4-caboxamide (AIC) and
the electrophilic alkylating methyldazonium cation that methylates the DNA [143]. Clinical trials
documented a statistically significant survival benefit of the use of temozolomide in combination
with radiotherapy for the treatment of newly diagnosed glioblastomas [10]. However, the
emergence of various resistant mechanisms have limited the efficacy in the management of highgrade gliomas. This has motivated a number of studies to increase the efficacy of the treatment.
These studies reported that the efficacy of TMZ is highly schedule-dose dependent [145].
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5.1.1 Experimental studies of TMZ treatment on animal models
We use the experimental data from [145] to validate the model simulations of the effect
of TMZ on tumor progression. Kim et. al., [145] evaluated the antitumor effect of different
schedule-dose combinations of TMZ through in vitro cell proliferation/cytotoxicity assays and in
vivo orthotopic rat and mouse models of glioma. Two glioma cell lines were used in the study.
C6/lacZ tumor cells, a tumor rat-derived cell line that shows infiltrative growth in the brain
(attc.org), were injected in to the white matter of Sprague-Dawly rats. U87MG, a human cancer
cell line with low invasive capabilities, were injected into the white matter of Balb/c-nu mice. In
both animal models 105 cells were injected. The implanted tumors were treated with different
schedule-dose combinations of TMZ and the volume of the tumors was reported at the time of
harvest. The response of both cell lines to TMZ was evaluated in vitro by exposing both cell lines
to different doses of TMZ for 6 days and measuring their proliferation activity on the sixth day.
The results from such study for the in vitro and in vivo experiments are given in Table 5.1 and
Table 5.2, respectively.

Table 5.1. In vitro effect of TMZ dose on proliferation of C6/lacZ and U87MG cells [145].
TMZ dose (μM/day)

C6/lacZ*

U87MG

0

1

1

1

1

1

10

1

0.55

100

0.06

0.5

* Proliferation rate with respect to growth without TMZ.
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Table 5.2. In vivo effect of TMZ on tumor volume [145].
Schedule*

TMZ dose (mg/kg)

C6/lacZ (mm3)‡

U87MG (mm3)

100 (26.2)†

Control
1:16

1

51.7 (14.8)

1:16

2

31.7 (8.9)

7:11

7

86.3 (26.6)

Control

120 (56.2)

1:25

0.25

123.8 (17.4)

1:25

0.5

50.9 (20.5)

14:18

1.25

69.9 (33.4)

14:18

2.5

40.2 (24.3)

* Initial and last day of consecutive treatment since tumor implantation.
‡
Tumors of C6/lacZ and U87MG were harvested at day 17 and 25 of implantation, respectively.
†
Mean and standard error in parenthesis.

5.2 Model extensions

5.2.1 Models of C6/lacZ and U87MG tumors
In the study by Kim et. al., [145], C6/lacZ and U87MG cell lines produced tumors with
different growth rates. The growth rate of the tumors depends on several factors including the
proliferation rate and invasion capabilities of the cell lines and their interaction with the host. The
contribution of each factor was not investigated and only the volume of the tumor at the time of
harvest was reported. Here, we tailor the model to match the measured volume of the untreated
C6/lacZ and U87MG tumors (Table 2.1). For simplicity and based on the different invasive
capabilities of the two cell lines, we tune the response of the tumor cells to a chemorepellent to
produce tumors with different growth rates. As explained in subsection 2.1.2.3, in the lattice-free
approach the exact migrating direction of tumor cells is given by:

d ie = g i ,o − bg i ,v .

(2.12)
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Figure 5.1. Invaded tumor volume as a function of the response to a chemorepellent. The curves
correspond to values of b of 0.75, 0.625, 0.5, 0.4, 0.3, 0.2, and 0.15.

The parameter b determines the relative response of tumor cells to the chemorepellent
and the chemoattractant (i.e., oxygen). Figure 5.1 shows the tumor volume for different values of
the parameter b . Based on this result, we select b = 0.625 (tumor volume of 104.3 at day 17)
and b = 0.15 (tumor volume of 124.6 at day 25) to simulate tumors of C6/lacZ and U87MG,
respectively.

5.2.2 Spatio-temporal distribution of TMZ in the brain
We augmented the PDE system (2.1, 2.2) with the following PDE to determine the spatial
distribution of TMZ in the brain:

DTMZ ∇ 2CTMZ + K TTMZ ( z )( CTMZ ,v − CTMZ ) − kTMZ CTMZ = 0, CTMZ ∈ Ω ,

(5.1)

with boundary conditions:

n ⋅ ( DTMZ ∇CTMZ ) = 0, CTMZ ∈ Γ ,

(5.2)
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The diffusion coefficient of TMZ ( DTMZ ) was estimated based on the diffusion
coefficient of other organic compounds of similar molecular weight (Table 5.3). The degradation
rate of TMZ in the brain tissue ( kTMZ = 10 −4 s-1) was approximated from the observed half-life of
TMZ in vitro (1.9 h) [146]. The tumor vasculature is leakier than the normal vasculature.
Accordingly, we estimated the TMZ supply rate constant K TTMZ for the normal and co-opted
vasculature by matching the predicted average concentration in the tumor progression subdomain
to the observed values in the normal and tumor tissue [147].
The concentration of TMZ in the blood vessels ( CTMZ ,v ) drives the distribution of TMZ in
the brain tissue. CTMZ ,v depends on the dose administrated and its dynamics are in the same order
of magnitude than the progression of the tumor. However, In order to keep the pseudo-steady
state assumption in Eq. 5.1, we approximate CTMZ ,v to be constant for the time step of the
simulation (2.4 h). The value of CTMZ ,v used at each iteration is estimated from measurements of
the TMZ in the brain tissue for different doses [147] and the observed relations between the TMZ
in the cerebrospinal fluid and the brain and the cerebrospinal fluid and the plasma. The temporal
profile of TMZ in the cerebrospinal fluid and in the brain tissue were found to be very similar
[144]. The ratio of the area under the curve of the TMZ in the plasma to the TMZ in the
cerebrospinal fluid was found to be approximately constant at 5 for different doses and schedules.

Table 5.3. Diffusion coefficients of organic compounds in water at 310 K*.
Compound

M.W. (g/mol)

D (cm2/s)

Glucose

180

7.1×10-6

Mannitol

182

7.1×10-6

Citric acid

192

6.9×10-6

TMZ

194.2†

7.0×10-6

* Source: nanomedicine.com.
† Estimated value.

82
Therefore, for a given dose of TMZ we estimate the expected average concentration in the brain
tissue and we set CTMZ ,v to be five times this value.

Measured concentrations of TMZ in the human brain and in tumor tissue for doses of 100
mg/m2 and 200 mg/m2 are given in Figure 5.2 [147]. We use the data for the dose of 200 mg/m2
to estimate K TTMZ for the normal and the co-opted vasculature. For the case of the co-opted
vasculature, we use a tumor of approximately 16.5 mm3. As can be observed in Figure 5.2 (a), the
model provided a reasonable fit of the experimental data. To determine the TMZ distribution for
other doses, we assume that the TMZ concentration in the blood vessels is linear with respect to
the dose and used the estimated TMZ blood concentration for the dose of 200 mg/m2 as a base
line. We tested this assumption by solving the model for the dose of 100 mg/m2 and using the
parameters estimated using the dose of 200 mg/m2. Figure 5.2 (b) shows the model predictions
and the corresponding experimental measurements. As can be seen, the model predictions are
satisfactory. The parameters of the TMZ model component are given in Table 5.4.
The same dose of TMZ results in different brain concentrations in humans and animal
models. Therefore, it is necessary to determine the equivalent doses to those applied in the
experiments. Since the TMZ concentration in the brain of the animals was not determined in the

Table 5.4. Parameters for the model of the TMZ distribution.
Parameter

Value (units)

Description

DTMZ

-6

7.0×10 cm /s

Diffusion coefficient of TMZ

kTMZ

10-6 s-1

TMZ degradation rate

K TTMZ

1.5×10-4 s-1

Supply rate of TMZ from normal
vessels

K TTMZ

10.5×10-4 s-1

Supply rate of TMZ from coopted vessels

CTMZ ,v

Depends on dose

TMZ concentration in the vessels

2

Reference

[146]
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studies by Kim et. al., [145], we made an estimation of the expected brain concentration based on
the minimum TMZ concentration that showed anti-proliferative activity in the in vitro
experiments for the C6/lacZ cell line. A TMZ concentration of 10 μM (1.94 μg/ml) did not show
a significant activity against C6/lacZ cells (Table 5.1). Therefore, it is expected that doses that
show anti-tumor in the C6/lacZ tumors produce at least this concentration in the brain. In Figure
5.2, it can be seen that in the proposed model a dose of 100 mg/m2 results in a peak tumor
concentration of 2.24 μg/ml. Based on this analysis, we assume that a dose of 1 mg/kg in the
animal model is equivalent to 150 mg/m2 in the proposed model. Note that this choice implies
simulating doses considerably higher than the recommended dose for human patients [10].

Figure 5.2. Average concentration of TMZ in the brain and in the tumor. Values corresponding to
an oral dose of (a) 200 mg/m2 and (b) 100 mg/m2 of TMZ. Data for the normal brain and the
tumor are colored in black and gray, respectively. (○) Experimental measurements [147]; (-)
model predictions.
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5.2.3 In vitro effect of TMZ on proliferation of tumor cells
The analysis in this subsection is based on the work of Siskind [148]. We use the data
from the in vitro experiments of the effect of TMZ concentration on the proliferation of C6/lacZ
and U87MG cells (Table 5.1) [145] to estimate the killing rate as a function of the TMZ
concentration. The reported data is the number of viable cells at the end of the experiment
normalized with respect to the control case. To determine the relation between TMZ
concentration and the killing rate, we assume that the in vitro growth of both cell lines is
described by the following system of ODEs [148]:

dp
= k1q − k 2 p − β (CTMZ ) p
dt
dq
= 2k 2 p − k1q
dt

(5.3)

with initial conditions:
p (t = 0) = 600 cells
q(t = 0) = 400 cells

(5.4)

where p and q are the number of proliferating and quiescent cells, respectively. k1 , k 2 and

β (CTMZ ) are the transition rate from quiescent to proliferative, the mitosis rate and the killing
rate as a function of the TMZ concentration, respectively. We use this two population model
instead of the total population model to take into account that TMZ only affects proliferating
cells. The parameters k1 and k 2 where estimated [148] by fitting the model to experimental data
[149] assuming a constant ratio of the proliferative to quiescent cells [150]. Subsequently, the
model (Eq. 5.3 and 5.2) was fitted to the data of the effect of TMZ on tumor cell proliferation
(Table 5.1) to estimate β (CTMZ ) .
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Initial estimations of β (CTMZ ) proved to be underdetermined. The reason for these
results is that the TMZ concentration was assumed to remain constant. However, TMZ has a
considerable in vitro (pH dependent) degradation rate (half-life of 1.9 h) [146]. Considering a
time-dependent TMZ concentration requires the assumption of the form of the function β (CTMZ ) .
We test different functions of β (CTMZ ) to fit the model to the experimental data for the U87MG
cell line. Table 5.5 shows the sum of square errors for the different tested functions. As expected
(three adjustable parameters), the Gompertz function (last row) has the best performance among
the tested functions and it is used in the simulations of tumor progression. The simpler functions,
linear and Michaelis-Menten type are tested in the simulation of tumor progression with
unsatisfactory results. The parameters for the killing rate function for the C6/lacZ cells are
a1 = 0.12 h -1 , a 2 = −20, a 3 = 1.96ml μg -1

and for the U87MG cells are

a 2 = −12, a 3 = 1.7 ml μg -1 .

. Table 5.5. Functions for the killing rate of TMZ.

β (CTMZ )

Square error

a1CTMZ

0.0927

2
a1CTMZ

0.995

1/ 2
a1CTMZ

0.181

a1CTMZ /( a2 + CTMZ )

0.0861

a1 exp(a2 exp(a3CTMZ ))

6.5×10-7

a1 = 0.146 h -1 ,
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5.3 Simulation results

We deploy the proposed extended model to simulate the effect of different schedule
doses combinations on tumor growth. First, we demonstrate the capabilities of the model to
mimic the results of the treatment of C6/LacZ tumors implanted in Sprague-Dawly rats.
Subsequently, we extend the analysis to the treatment of U87MG tumors implanted in Balb/c-nu
mice. Finally, we predict the outcome of alternative treatment strategies for the C6/lacZ tumors.

5.3.1 TMZ treatments of C6/lacZ tumors

We simulate the effect of three different schedule-dose combinations on the growth of
C6/lacZ tumors. The schedule-dose combinations are given in Table 5.6. Figure 5.3 shows the
experimental and predicted tumor volume at day 17 after implantation. As can be seen, the model
predictions are in good quantitative agreement with the experimental data. Most importantly, the
model is able to capture the relative efficacy of the different treatment modalities. Moreover, the
simulations provide insights regarding the progression of the tumors.

Table 5.6. Simulated TMZ treatments.
TMZ dose
(experiments) (mg/kg)

TMZ dose
(simulations) (mg/m2)

Tumor‡

Treatment

Schedule*

A0

Control

A1

1:16

1

150

C6/lacZ

A2

1:16

2

300

C6/lacZ

A3

7:11

7

1050

C6/lacZ

B1

Control

B2

1:25

0.25

37.5

U87MG

B3

1:25

0.5

75

U87MG

B4

14:18

1.25

187.5

U87MG

B5

14:18

2.5

375

U87MG

C6/lacZ

U87MG

* Initial and last day of consecutive treatment since tumor implantation.
‡
Tumors of C6/lacZ and U87MG were harvested at day 17 and 25 of implantation respectively.
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Figure 5.3. Experimental and predicted volume of C6/lacZ tumors treated with TMZ.
Experimental values represent the mean and the standard error [145]. A0 to A3 are the different
treatments. See Table 5.6 for specifics.

Figure 5.4 shows the time evolution of the treated tumors. At the early stages, the three
treatments show a significant retardation of tumor growth. However, the ratio of the volume of
treated tumors to the untreated one eventually stabilizes for treatments A1 and A2. This result has
a noteworthy implication if this trend would continuo for longer time. A simplified analysis,
based on the observation that the simulated tumors approximately follow an exponential growth,
a constant ratio of the volume of the treated to the untreated tumor, implies the following
relationship between the growth rate constants:

1
t

μTMZ = μ 0 + ln a ,

(5.5)

where μ TMZ and μ 0 are the growth rate constants of the treated and untreated tumors and a is the
constant volume ratio at later times. This relation (Eq. 5.5) suggests that as time increases the
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Figure 5.4. Time progression of the C6/lacZ tumors treated with TMZ. The tumor volume is
normalized with respect to the untreated tumor. See Table 5.6 for the specifics of treatments A1,
A2 and A3.

growth rate of the treated tumors approaches the growth rate of the untreated tumor regardless of
the continuous administration of the drug at these concentrations.
To try to understand this behavior, we look at snapshots of the tumors at different times.
Figure 5.5 shows cross section of the C6/lacZ tumor under treatment A2. As can be seen, the
growth of the tumor has been significantly inhibited in comparison with the untreated tumor (day
12). Growth inhibition also delays the collapse of the vasculature and the development of hypoxic
zones. Eventually, co-opted vessels collapse with the concomitant transitions of tumor cells to the
quiescent state (day 13). These quiescent cells not only are not susceptible to TMZ, but also
increase the secretion of chemorepellent(s), promoting the invasion of the surrounding tissue. In
addition, the collapse of the vasculature decreases the TMZ concentration which is advantageous
to the tumor. By day 17, the morphology of the treated tumor starts resembling the untreated
tumor.
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Figure 5.5. Cross sections of the C6/lacZ tumor under TMZ treatment A2. Quiescent cells,
migrating cells, pre-existing vessels and newly formed vessels are colored in blue, green, magenta
and red respectively. Gray indicates the location where necrosis has occurred.

This mechanism also explains, partially, the lower efficacy of treatment A3. Even though
the daily dose of treatment A3 is 3.5 times the daily dose of treatment A2, the slope in the
decreasing section of the curves is similar in both cases. This is because the tumor under
treatment A3 reaches the hypoxic stage earlier. As can be seen in Figure 5.6, by day 7 (after 1 day
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Figure 5.6. Cross sections of the C6/lacZ tumor under TMZ treatment A3. Quiescent cells,
migrating cells, pre-existing vessels and newly formed vessels are colored in blue, green, magenta
and red respectively. Gray indicates the location where necrosis has occurred.

of treatment) the tumor under treatment A3 is more compact than the tumor under treatment A2 at
day 12 (Figure 5.5). By day 11 (last day of treatment) the hypoxic region is clearly identifiable
and by day 17 the tumor has almost recovered the morphology of the untreated tumor.
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5.3.2 TMZ treatments of U87MG tumors

Now we simulate the effect of four different schedule-dose combinations on the growth
of U87MG tumors. The schedule-dose combinations are given in Table 5.6. Figure 5.7 shows the
experimental and predicted tumor volume at day 25 after implantation. Again, the model
predictions are in good quantitative agreement with the experimental data. An interesting result is
that a small increase on the TMZ concentration for the schedules of 25 days (treatments B1 and
B2) results in a considerable difference in the volume on the tumors. The reason for this result in
the simulations is the assumed function of the killing rate as a function of the TMZ concentration.
The TMZ concentration in the tumor for treatment B1 is just below the threshold for showing a
significant anti-proliferative activity. Therefore, the dose increase in treatment B2 exposes the
tumor to a TMZ concentration with anti-tumor activity. A similar argument may apply for the
experimental results, supporting the assumption for the form of the killing rate.

Figure 5.7. Experimental and predicted volume of U87MG tumors treated with TMZ.
Experimental values represent the mean and the standard error [145]. B0 to B4 are the different
treatments. See Table 5.6 for specifics.
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The time progression of the treated U87MG tumors is given in Figure 5.8. As can be
seen, the tumor under treatment B2 exhibits a similar progression as in the case of the C6/lacZ
tumors under treatments A1 and A2. The prominent role of the collapse of the vasculature in
tumor progression is more evident in this case. The lowest point in the normalized volume for
treatment B2 (Figure 5.8) coincides with the massive occurrence of necrosis at day 18 (Fig 5.9).
By day 25, the treated tumor resembles the untreated tumor. Note that the treatments of high dose
administrated in a short period of time are more effective in the U87MG tumors (B3 and B4) than
in the C6/lacZ tumors (A3). These results confirm the strong schedule-dose dependency of the
efficacy of the TMZ treatment on tumor progression. In the following subsection we simulate
alternative treatment strategies.

Figure 5.8. Time progression of the U87MG tumors treated with TMZ. The tumor volume is
normalized with respect to the untreated tumor. See Table 5.6 for the specifics of treatments B1 to
B4.
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Figure 5.9. Cross sections of the U87MG tumor under TMZ treatment B2. Quiescent cells,
migrating cells, pre-existing vessels and newly formed vessels are colored in blue, green, magenta
and red respectively. Gray indicates the location where necrosis has occurred.
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5.3.3 Simulation of alternative treatments of TMZ

We deploy the model to simulate the outcome of alternative TMZ treatment strategies on
C6/lacZ tumors. We test different schedule-dose combinations using the same amount of TMZ as
treatment A3 (5,250 mg/m2 total) and compare the tumor volume at day 17 from implantation.
The test treatment strategies are given in Table 5.7. The time progressions of the tumors under the
different treatments are shown in Figure 5.10. Of all the test treatments, C1 and C5 show a
considerable improvement compared to treatment A3. Clearly, the main advantage of treatment
C1 over A3 is the early administration of the drug. At early stages, tumor cells are exposed to
higher concentrations of TMZ because the attraction to the vessels dominates the response to
chemorepellent(s). Moreover, a larger fraction of the tumor cells are proliferating and therefore
the tumor is more susceptible to TMZ. The effect of treatment C1 is a delay on the growth of the
tumor. By day 17, the tumor under treatment C1 (Figure 5.11) is very similar to the untreated
tumor (Figure 5.5, Control day 12).
Treatment C5 resulted in the lowest tumor volume at day 17. This treatment is
administrated the same days as treatment A3 but in two TMZ doses of half the concentration of a
single daily dose. The reason for the increased anti-tumor activity of this treatment is that it
exposes the tumor to an effective TMZ concentration for longer periods of time. The temporal

Table 5.7. Alternative TMZ treatments for C6/lacZ tumors
Treatment

Schedule

TMZ dose (simulations)
(mg/m2)

C1

1:5

1050

C2

12:16

1050

C3

3, 6, 9, 12, 15

1050

C4

7:11

1050

no angiogenesis

C5

7:11

525

two doses daily

Comments
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profile of TMZ of a single dose has a peak within 5 h of the administration and then it decreases
with a relatively long tail with low concentrations. Very high TMZ concentrations at the early
time may not provide further anti-tumor activity due to the saturation of the killing rate, whereas
for the later period of time the anti-tumor activity is diminished due to the TMZ concentration.
The treatment C5 provides a temporal profile that reduces the tails with low TMZ concentration.
The morphology of the tumor under treatment C5 is similar to that of the tumor under treatment
A3, except the tumor under treatment C5 is considerably smaller (Figure 5.11).
Treatments C2 and C3 produced tumors of similar volume than treatment A3. However,
the morphology of the tumor under treatment C2 shows a different aspect (Figure 5.11). The
tumor has a decreased cellular density across the tumor rim except at the inner side which is

Figure 5.10. Time progression of the C6/lacZ tumors treated with TMZ. The tumor volume is
normalized with respect to the untreated tumor. See Table 5.6 for the specifics of treatment A3
and Table 5.7 for treatments C1 to C5.
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formed mainly by quiescent cells. However, the tumor probably would become similar to the
tumor under A3 after the suspension of treatment.
Treatment C4 corresponds to the same schedule-dose than treatment A3 assuming that
angiogenesis is completely blocked. Interestingly, blocking angiogenesis results in the largest
volume of the test treatments. The volume increment induced by blocking angiogenesis is similar
to the increment observed for the untreated tumors (Figure 4.8 (a)). This suggests that the effect
of blocking angiogenesis is additive to the effect of the TMZ treatment with no signs of important
interference.

5.4 Summary and discussion

In this chapter, we complemented the proposed model of tumor progression with the
description of the temporal-spatial distribution of a chemotherapeutic agent (i.e., temozolomide)
and its effect on tumor cells. The added model component for TMZ was based on data from in
vitro and in vivo experiments. We deployed the model to simulate the progression of two tumors
with different growth rates and TMZ sensitivity under different schedule-dose combinations of
TMZ. Notably, the simulations are in good quantitative agreement with experimental
observations in orthotopic models of gliomas. The simulation results provide insights regarding
the complex tumor-vasculature interactions. In addition, we used the model to predict the
outcome of alternative treatment strategies, providing an educated guideline for designing more
efficient treatments.
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Figure 5.11. Cross sections of C6/lacZ tumors under TMZ alternative treatments. Quiescent cells,
migrating cells, pre-existing vessels and newly formed vessels are colored in blue, green, magenta
and red respectively. Gray indicates the location where necrosis has occurred.
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Complementing standard procedures (i.e., surgery followed by radiotherapy) with TMZ
treatment resulted in a statistically significant therapeutic benefit [10]. However, the overall
outcome is still dismal. The administration of TMZ increases the median survival by 2.5 months.
In attempts to increase the efficacy of TMZ, different treatment strategies are being explored.
Observations of the dependency of TMZ on mode of administration have led to the investigation
of different schedule-dose combinations. In addition to the schedule-dose used, the effect of TMZ
depends greatly on the model it is being tested on (different hosts and different tumor cell lines),
complicating further the problem. These studies are in general lengthy and resource consuming.
Therefore, it is desirable to maximize the generation of insights from the results in order to design
new studies. Mathematical modeling can be a powerful tool to improve the understanding of the
complex interaction between the multiple factors affecting the outcome of the studies. Here we
demonstrated that the proposed model of tumor progression is able to simulate the effect of
different treatment strategies for two different tumor models. Analysis of the simulations shed
light on the possible mechanisms responsible for the observed experimental results and helped to
design alternative treatment strategies and to estimate the limitations of the treatment.
The limited effect of TMZ in tumor progression has been attributed in part to the
development of tumor resistance to TMZ [145]. It is believed that several mechanisms may be
responsible for tumor resistance to TMZ. One of the most accepted hypothesis proposes that the
resistance is associated with increased levels of the enzyme O-6-methylguanin-DNA
methyltransferase (MGMT), which repairs the DNA lesions induced by TMZ. Patients that had
an increased level of inactivated MGMT had an improvement on the median survival of about 6
months [143]. Our simulation results suggest that the tumors may become resistant to TMZ by a
different mechanism.
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In our simulations of treatments of daily administration of TMZ, we observed that the
ratio of the volume of the treated tumors to the untreated tumor stabilizes around a constant value
depending on the TMZ dose. This implies that the growth rate (in terms of the volume of the
tumor) of the treated tumor approaches the growth rate of the untreated tumor as time increases
despite the persistent administration of TMZ. The mechanism of the resistance observed in our
simulations depends on the response of the tumor cells to the harsh environment created by the
collapse of the vasculature. The collapse of the vasculature is accompanied by an increase of
tumor cells dwelling under hypoxia. These cells secrete a chemorepellent(s) that signals the tumor
cells to flee from the hypoxic regions accelerating the expansion of the tumor. The balance of the
promoting and inhibiting factors of tumor invasion resulted in the observed progression profiles
in the simulations. The rate at which the growth rate of the treated tumors approaches the rate of
the untreated one depends on the specific activity of TMZ against tumor cells. This specific
activity can be increased by treatments targeting MGMT. According to these simulations, this
would dampen the acceleration of the treated tumor but nevertheless the tumors would exhibit
resistance to TMZ.
We investigated the effect of different treatment strategies on tumor volume. Our
simulations displayed a high dependence of the efficacy of TMZ on the administrated scheduledose combination. Not surprisingly, starting a 5-days TMZ treatment at day one of implantation is
more effective than starting at later times. Simulations also predicted that using lower doses
administrated at shorter intervals of time increase considerably the anti-tumor activity of TMZ.
This result is in agreement with a clinical study where a treatment consisting of two doses per day
instead of one dose. Although the results were not as expected, the patients experienced a
therapeutic benefit [143].
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The increased vascularity characteristic of glioblastomas has led to the hypothesis that
angiogenesis is essential to the progression of the tumor. This hypothesis has received
considerable attention from researchers to develop anti-angiogenic therapies as a way to control
tumor growth. Results from different studies have divergent conclusions. The inhibition of
angiogenesis through the expression of endostatin by tumor cells resulted in a considerable tumor
growth reduction in orthotopic model of glioma [151]. Other studies have suggested that therapy
against the VEGF receptor produces a window of normalization where the oxygenation level in
the tumor increases favoring the action of radiation and chemotherapy [63]. On the contrary,
other studies reported that angiogenesis inhibition may promote the invasive phenotype of tumor
cells [136]. Kunkel et. al., [152] found that anti-angiogenic therapy considerably reduced
microvascular density and the mass of the core tumor as compared to control tumors. However,
the area invaded by the tumor was considerably higher in the tumor treated with the antiangiogenic agent. Our simulation results are in line with the studies that propose that blocking
angiogenesis increases the invasiveness of the tumor. Moreover, our simulations indicate that
vascular degeneration is more determinant on tumor progression than angiogenesis, especially for
tumors with higher invasion capabilities. This suggests that much more attention should be put in
the vascular degeneration process and the response to hypoxia by tumor cells.

Chapter 6

Conclusions and Future Directions
High grade brain tumors such as glioblastomas are among the most lethal and difficult to
treat cancers. Currently there is no curative treatment for this disease and the median survival
time for patients with this cancer is about 15 months. The objective of this modeling effort was to
develop a computational platform to perform in silico experiments that would help understand the
complex behavior emerging from multiple interdependent biological processes in the progression
of these brain tumors.
We built a mathematical model that describes determinant processes of tumor
progression at the cellular and tumor levels including signal transduction, proliferation and
migration of individual tumor cells, vasculature degeneration and angiogenesis. The model is
based on the agent based modeling framework. In this framework, tumor cells are treated as
individual entities equipped with a set of rules for determining their behavior. These rules use the
information regarding the status and the local environment of the tumor cells. The agent based
model was integrated with a detailed description of the spatial-temporal distribution of the
biochemical cues that affect the behavior of the tumor cells. This was achieved by simulating a
realistic vascular network with geometry and functionality similar to the vasculature of the white
matter.
Simulation of the model is an intensive computational task that requires efficient
simulation schemes for a practical implementation. We tailored and improved existing simulation
schemes to overcome major computational bottlenecks associated with this type of models.
Notably, we proposed a lattice-free approach to track the location of the tumor cells, which
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allows us to incorporate mechanical interactions in the model. The developed simulation schemes
allowed us to simulate tumors with more than 106 while similar models are restricted to
simulations of tumors in the order of 104 cells.
We deployed the model to investigate the effect of the tumor cells response to
chemotactic cues on the progression of the tumors. Initially, we focused on the tumor cell
response to a single chemoattractant (i.e., oxygen) and only vessel occlusion was considered as
vasculature remodeling process. We studied the effect of the sensitivity of the tumor cells to
detect the gradients of the chemoattractant on the morphology of the simulated tumors. We found
that the ability of tumor cells to sense the gradients of the chemoattractant has marked impact not
only on the tumor morphology but also on its invasion rate. Tumors with higher sensitivity
display a more diffuse tumor boundary and higher invasion rate. This suggested that
glioblastomas may have developed an efficient mechanism for sensing chemoattractants. The
simulation results also suggested that the effect on the invasion rate was dependent on the
remodeling of the vasculature, suppressing tumor expansion when the vasculature remained
stable and promoting tumor invasion upon its collapse. This result is in agreement with
experimental studies that found that normalizing the vasculature delayed the growth of glioma
tumors.
The model was extended to account for angiogenesis, since this is one of the hallmarks of
glioblastomas. Angiogenesis is believed to be essential for the progression of these tumors. This
hypothesis has encouraged researchers to develop therapies to block angiogenesis as a way to halt
tumor growth. However, studies are starting to appear reporting that anti-angiogenic therapy may
have adverse effects on tumor invasion. Our model predicted that blocking angiogenesis results in
an increased invaded volume. Angiogenesis contributed to nourish the tumor cells at the invasive
edge of the tumor. This dissuaded the tumor cells from continuing to move away from the
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hypoxic regions of the tumor. In our simulations, collapse of the vasculature has a more important
role in tumor invasion than angiogenesis. This raises questions regarding the efficacy of antiangiogenic therapies to control glioblastoma growth. First, why would angiogenesis be required
for the progression of glioblastomas if invasive tumor cells can move to fresh vessels in a highly
vascularized tissue such as the brain? The ubiquitous presence of angiogenesis in glioblastomas
may be more of a side effect of the response of the tumor to hypoxia than a requirement for their
progression. Second, in order for anti-angiogenic therapy to be effective for glioblastomas, it
should cause a decrease in oxygen and nutrients fast enough to prevent tumor cells from escaping
from the shutdown zone. This seems unlikely because anti-angiogenic therapies inhibit the
growth of new vessels, but do not promote the collapse of existing vessels. The restraining
strategy would not work for highly invasive tumors because it promotes the migration of the
tumor cells away from the harsh environment. It seems that the saying “What doesn’t kill you,
makes you stronger” applies.
In our final analysis, we further extended the model to account for the effect of a
chemotherapeutic agent (i.e., TMZ) on tumor progression. We performed simulations of different
schedule-dose combinations for two different tumors with different growth and invasion rates.
Simulation results were able to quantitatively recapitulate experimental data from orthotopic
models of glioma. The model provided insights regarding the complex relation between tumor
progression, vasculature remodeling and the anti-tumor activity of TMZ. Notably, our simulation
results pointed out that a resistance mechanism to TMZ may arise. This resistant mechanism is
dependent on the response of tumor cells to chemorepellents and it is triggered by the collapse of
the vasculature and the concomitant formation of hypoxic regions. Hypoxia induces the secretion
of chemorepellents that increase the invasion rate of the tumor. This result suggests that a
treatment targeting hypoxic tumor cells may increase the efficacy of TMZ treatment.
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6.1 Future directions

The model is able to simulate tumors of comparable size to tumors typically found in
murine models of tumors. Therefore it can be tuned to replicate results from experimental studies
and then used to explore alternative experimental settings. For instance, in chapter 5 we simulated
different TMZ treatment strategies and we found that two of them were more efficient than the
protocol used in the experiments. The study can be extended by analyzing these strategies,
suggesting new alternatives and testing with the model. Other active compounds can be included
as long as their pharmacokinetics and pharmacodynamics data is available. Furthermore, it would
be of interest to follow up on the hypothesis of the onset of tumor resistance to TMZ treatment.
A number of additional components can be integrated to the model. The tumor cells can
be customized to different tumors by defining the appropriate rules governing the behavior of the
cells of interest. The intracellular model can be expanded to include relevant signaling pathways.
For example, a model of the response to hypoxia can be easily included and then simulations can
be carried out to target components of this pathway. The description of mechanical interactions
can be refined to include cell adhesion. Similarly, the model would be improved by a procedure
to incorporate the mechanical interactions with the host and the increased interstitial fluid
pressure in the tumor and its effect on drug delivery.
On the computational front, the next step would be to parallelize the simulation algorithm
to further speed up the simulations and model larger tumors. This would allow us to explore
tumor induced alterations at a larger scale that may produce repercussions that do not take place
in smaller tumors (e.g., the collapse of a large artery that would result in a drastic distribution of
nutrients). In addition, the algorithm for solving the optimization problem that defines the
positions of the tumor cells may be revised to incorporate more advanced techniques.
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The results of our study show the potential of the developed model to replicate tumors in
experimental studies and shed light on the complex mechanisms of this disease. Overall, the
developed computational platform provides an in silico laboratory to perform further analysis of
tumor progression.
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