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Abstract

We have enhanced a computational tumor model developed at the Los
Alamos National Laboratory (LANL). We have modied portions of the
model in order to accommodatethe inclusion of vasculatue (a blood-vessel
system). Other modi cations were made which allow chemotherapy treat-
ments which are not cell cycle speci ¢ to be simulated. We have worked to
increasethe ef ciency of the model code, reducing its computational mem-
ory requirements are lesssevere and allowing simulations to run more ef-
ciently .

Theseimpr ovementsin accuracyand ef ciency have allowed usto study
the effects of chemotherapy treatments on tumor spheroid growth. We
report the results of simulated experiments using two dif ferent dose lev-
els, both within normal treatment levels for cyclophosphamide, which is a
commonly-used non-cell cycle speci ¢ chemotherapy drug.
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Chapter 1

Introduction

Cancer is the second leading cause of death among Americans and is re-
sponsible for one of every four deaths in the United States(ACS [2006]).
Chemotherapy is one of the most commonly used methods of cancertreat-
ment, but most forms of chemotherapy are extremely toxic and take aheavy
toll on the health of the patient. This is becausemany standard forms of
chemotherapy target and kill cells in the processof division, an approach
that destroys healthy, non-cancerous cells aswell ascancemus cells. Cancer
patients undergoing chemotherapy suffer from hair-lossand compromised
immune systemsbecauseboth involve rapidly dividing cells. Still, the full
effects of chemotherapy are not completely understood. By creating a bet-
ter model of tumors, tumor growth, and the effects of chemotherapy upon
such tumors, new knowledge about tumors may be uncovered to impr ove
treatmentsfor patients with cancer.

Our Mathematics Clinic team has beenprovided with a computer pro-
gram developed by Dr. Yi Jiang and her team at Los Alamos National
Laboratory (LANL) that simulates 3-dimensional spheroid tumor growth.
LANL was establishedin Los Alamos, New Mexico in 1943to conduct re-
search for the Manhattan Project. LANL conducts reseach in many elds,
including basicscienti ¢ reseach projectssuch asours.

We have modi ed Dr. Jiang's computational model to include support
for a blood-vessel structure, or vasculatue Our modi ed model simulates
vascular tumor growth dynamics. Chemotherapy treatments using cyclo-
phosphamide, a non-cell cycle speci c anti-cancer drug, have also been
simulated. Section 3.3 of this paper contains a summary of how the simu-
lated cyclophosphamide chemotherapy treatment has beenimplemented.

The original LANL model simulates avascular tumor spheroid growth
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Intr oduction

in a laboratory setting. It is a multistage model that capturestumor be-
havior at the molecular level through chemical dif fusion, at the subcellular
level through protein expression, and at the cellular level through cellular
division, growth, and death. This model doesnot contain vasculature. Nu-
merous changeswererequired to include vasculature. Someof the changes
were minor, while others were extensive. We also streamlined the existing
codeto reduce execution time.

In this paper, we detail the work completed over two academicsemesters.
In Chapter 2, we provide a description of the original avascular growth
code provided by LANL. The rst section describesthe model of protein
expressionused to simulate a cell's passagethrough the cell cycle. The sec-
ond section describesthe Monte Carlo approach used to model cell move-
ment and growth. The chapter concludes with a discussion of how dif fu-
sion of chemicalsto and from the cells is modeled. Chapter 3 enumerates
general code impr ovements as well as changesmade to include vascula-
ture and chemotherapy treatments. The results of theseimpr ovements are
described in Chapter 4. Chapter 5 describes continuing and futur e work.
Our conclusions are given in Chapter 6.

In order to better understand the nature of our project, and to clarify
the relationship of this project with other reseach in the eld, we have
obtained and read many papers by reseachersin the eld. As aresult, we
offer our consideration of the importance of the projectin terms of other
past and current reseach.

The growth of tumors can be divided into three stages. According to
Alar con et al. [2005], these stagesare described asavascular growth, angio-
genesis,and vascular growth. During the avascular stage,thereis no blood
supply to the tumor, and the tumor reachesa maximum size limited by the
amount of oxygen and nutrients the tumor canreceivethrough its surface,
Then, some of the tumor cells produce substancesknown astumor angio-
genic factors (TAFs). When TAFs diffuse to the surrounding vasculature
of noncancerous tissue, angiogenesisoccurs. In this stage,the vasculature
grows toward and into the tumor. Once blood vesselshave reachedthe
tumor, the thir d stage begins: the tumor receivesa vast amount of nutri-
ents and can grow larger than was possible during the avascular growth
stage. Furthermor e, the vasculature now servesasan avenue for metasta-
sis. Once a tumor enters the vascular growth stage, its potential lethality
greatly increases(Alar con et al. [2005]).

Cancermodeling hasseencontributions scientistsof many backgrounds.
For this project, we focused primarily upon reseach dealing with vascu-
larized tumors and less on papers about avascular tumor growth and an-



giogenesis. Tumor modelling has greatly increasedin sophistication over
recentdecades. Initial models considered avascular tumors that grow ex-
ponentially, which is only a good approximation for initial tumor growth.
Some current tumor models make use of cellular automata (CAs) which
describe cell interactions in spaceand time. See,for example, de Pillis and
Mallet [2006], Qi et al. [1993],and Ferreira et al. [2003].

Cancer modeling has advanced in two distinct ways. Some projects
have aimed to produce a model that describes all three stages of tumor
growth, including intricate details of the linkage between stages. One ex-
ample of this is a model created by Alar con et al. [2005]. Other projects
have studied individual stagesin great depth and considered variations
in the tumor environment, as done by Alar con et al. [2004]. Some models
have taken into account extremely complex uid dynamics in blood ow
modeling, e.g. McDougall et al. [2004]. Our project has aimed to address
the effectivenessand ef ciency of chemotherapy, an areathat can benet
greatly from further study.






Chapter 2

Model Overview

We summarize the model provided by our liaison at LANL, and highlight

areaswhere we have extended or impr oved the program. In this paper,
computational elements of the code are denoted by a distinctive font (e.g.,
CELLS) while real, biological elementswill remain in plain text (e.g.,cells).
The model used athree-levelapproachto modeling spheroid development.
On the subcellular level, chemical concentrations within and between cells
are adjusted in time through chemical diffusion. The chemical concentra-
tions within eachcell can causethe cell to changeits biological state. CELLS
canbein one of threebiological states:proliferating, quiescent, or necrotic.
Thesestatesare governed by a cellular model. At the cellular level, the cell
cycle is modeled though a simulated protein regulatory network. At the
extracellular level, cells grow, shrink, and divide, aswell asinteract with

one another through a Monte Carlo algorithm. Together, thesethreelevels
of simulation capture the fundamental processeghat govern tumor devel-
opment. All threelevels interact within the framework of a 3 dimensional

space,referred to asthe computational GRID. The GRID comprises a series
of SITEs, which are single computational units of space. A computational

CeLLscangrow in the GRID and will occupy a number of SITEs.
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Figure 2.1: The four main phasesof the cell cycle (Pennsylvania State Uni-
versity [2005]).
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Figure 2.2: The protein regulatory network used in the simulation. Proteins
are either be expressedor not expressed. A protein's state of expression
may change depending on other proteins' expression state. The pointed
arrows in the gur e signify astimulatory link while the at arrows signify
an inhibitory link. For example, the expression of SMAD stimulates the
epxressionof P15and the expressionof P15inhibits the expressionof CyCD
and CDK4 (Jiang et al. [2005]). SeeSection 2.2.2for further explaination.
(Jianget al. [2005]).
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2.1 Chemical Dif fusion: Subcellular Model

2.1.1 Introduction

A standard non-homogeneous dif fusion equation is used to model the dif-
fusion of chemicals throughout the computational domain:

fu(x, t)
1t
where t is time, x* is the position in the domain, u(x,t) is the concentra-
tion of a chemical at x and time t, k is a dif fusion constant, and a(x) is a
source/sink term. A numerical PDE solver was designed at LANL for this
code. In Chapter 3, we presentthe numerical solver we implemented to
allow for general boundary conditions.

= kr 2u(x,t) + a(x) (2.1)

2.1.2 Chemical Dif fusion Details

The subcellular model currently considers ve chemicals: oxygen, nutri-
ents (such as glucose), waste products, growth factors, and inhibition fac-
tors. These ve concentrations of chemicalsin a grid site are allowed to
change through the diffusion equation given above. The diffusion con-
stant k determines how quickly or slowly the chemicals dif fuse, allowing
smaller, more neutral chemicalsto dif fuse faster than larger chemicals. The
a(x) term allows chemicalsto be used or produced within the cells them-
selves. For example, this occurs when a cell consumes oxygen and pro-
duceswaste, which then diffuse to and from the cells.

After cells have beenallowed to move, grow, and divide asdetermined
by the protein network and Monte Carlo algorithm, the dif fusion algorithm
is applied to all of the cell sites. Using nite dif ferenceapproximations, the
simulation obtains alinear system of equations which is then solved using
acustom iterative solver. EachCELL determines its own concentration after
this diffusion processby averaging chemical concentrations over all SITES
it occupies. Theseaverage concentrations of chemicals are used later in the
CELL reaction within the cellular model (seeFigure 2.2).

2.2 Protein Expression: The Cellular Model

2.2.1 Introduction

This sectionis included in order to explain how the cell cycle is simulated
in the program. We have not modi ed the behavior of this code, although
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we have optimized its use of memory asexplained further in Chapter 3.

CeLLs progressaccording to the cell cycle shown in Figure 2.1wherein
they divide through mitosis in the M phase,move through the rst growth
stageG1and arecombinant DNA phaseS,and then prepareto divide again
in phase G2. Once a cell develops past the G2 phase, it undergoes mitosis,
spawning a daughter cell, and returns to the beginning of the cell cycle
in phase G1. However, not all cells complete the entire cell cycle. Some
become quiescent, essentially getting “stuck” in the cell cycle. It has been
found that 85%o0f quiescent cells are stuck in the transition betweenthe G1
and S phase [Jiang et al., 2005]. As a simplifying assumption, cells within
the model canonly becomequiescentwhen they attempt to transition from
Glto S.

In order to model the cell cycle, the model's CELL contains a simpli-
ed protein regulatory network basedon the Kyoto Encyclopedia of Genes
and Genomes[Kyoto, 2005]. The protein regulatory network is outlined
in Figure 2.2. This network is controlled by the CELL's environment and
will govern its progressionthrough the cell cycle. The combination of this
protein network, its interaction with the growth and inhibition factors in
the environment surrounding the CELL, and probabilistic transitioning be-
tween cell phasesprovides a surprisingly accuratecomputational model of
the biological cell cycle.

2.2.2 Protein Expression Details

The protein regulatory network, which handles the phase progression of
the cell cycle, only considers quiescentand proliferating cells becausethey
are the only onesthat can move through the cell cycle. A cell that has be-
come necrotic is deadfor the rest of the simulation and will not actively re-
enter the cell cycle. For alive cell, if the concentrations of oxygen, nutrients,
and waste in the environment of the cell are above or below the necessary
thresholds for normal cell development, a proliferating cell becomesqui-
escentand a quiescent cell becomesnecrotic. If the chemicals are within
given thresholds, the algorithm then calculatesthe cell metabolic rates and
a “factor level” that describesthe ratio of growth factor to inhibition factor
the cell is receiving. Cellular metabolic rates are used for a number of pur -
poses. In order for normal cell division and growth to occur, a cell must
have the correctmetabolic rate. In relation to the chemical dif fusion model,
metabolic rates de ne the production and consumption rates of chemicals:
they are used to de ne the source and sink terms -a(x) for each chemical
within the dif fusion equation described in Section2.1.
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The protein regulatory network used to model protein interdependen-
ciesis a system of levels in which proteins are setto either oN or oFF and
are either stimulatory or inhibitory for proteins in the next level. In the
protein regulatory network, if a protein is stimulatory, the next level pro-
tein will beturned oN if that original protein is ON, and OFF otherwise. If
any number of proteins pointing to another protein are inhibitory , the next
level will be turned oFF if any of the inhibitory proteins are oN, and on
only if all of the inhibitory proteins are OFF (seeFigure2.2).

The factor level is calculated as

~ gF ihF !

Factor levd = 1+ exp a SiGE q ,
where gF and ihF are current local concentrations of growth and inhibitory
factors, respectively. Both are outputs of the extracellular chemical equa-
tions. initGF is the concentration of growth factors in the medium sur-
rounding the aggregate, while qis a factor level threshold, and a is a free
parameter (Jiang et al. [2005]). The factor level describesa transition prob-
ability that is used in conjunction with the protein regulatory network to
determine the expression of each protein. A protein may be either oN or
OFF. In order for a protein to make a transition between these states, the
protein network must rst allow for the transition. This is accomplished
when all proteins which inhibit the expressionof the protein of interestare
in the OFF state and at least one protein which stimulates its expressionis
turned oN. When these conditions are met, the factor level is used as a
probability for transition of the protein expressionstate.

Note that a higher growth factor concentration and a lower inhibitory
factor concentration result in a higher factor level, which in turn resultsin
a higher probability that a protein in the network will actually make a state
transition provided that the regulatory network conditions are satis ed.

In the code, two conditions must therefore be met in order for a certain
protein to turn ON - either a stimulatory link must be oN or all inhibitory
links must be oFF, and arandom number generated by the codeis lessthan
the factor level previously calculated, effectively making the factor level the
probability of transition.

If the cell makes it through the entire protein regulatory network and
meets a target level of growth, it will move onto the Sphase.Oncein the S
phase,if the factor level is high enough and the cellis “on track” to continue
growing atthe desiredrate, it will move into the G2 phase. Onceit is within
the G2 phase, it will becomequiescentif it has not grown enough within a
speci ed interval of time. If at any point, the cell does not move onto the
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next phaseor the necessaryprotein links are not turned on or off, a cell will
becomequiescent.

2.3 Monte Carlo Algorithm: Extracellular Model

2.3.1 Introduction

This section describes the algorithm used to model cellular growth over
the GRID. We have not changed this algorithm, though we have extended
it to handle the intercellular interactions of the CELL types that we incorpo-
rated, such asthe VASCULARCELL. We include the description to provide
amore complete explication of the simulation.

Monte Carlo algorithms describe a broad range of numerical methods
that use function of random numbers and whose accuraciesare bounded
statistically. Monte Carlo algorithms are used in many diverse elds, from
multi-variable integration to high-energy physics and game simulation. In
contrast to numerical discretization of partial differential equations mod-
eling the underlying physic of a system, Monte Carlo methods simulate
the physical system directly. Thus, there is no need to develop equations
describing the evolution of the system. Instead, Monte Carlo algorithms
proceedthrough random sampling of a probability density function to di-
rectthe behavior of the system.

Our Monte Carlo algorithm provides cells with a mechanism for cell
growth and movement. This algorithm, dubbed the Metropolisalgorithm,
is astochasticalgorithm. It proposesarandom changein asystemand then
determines whether to acceptor rejectthis changebasedon the system'sre-
sponse. The changein “energy” of the systemis used asto determine the
probability of acceptanceof a proposed change. Here, “energy” canbeany
intrinsic function of the system which one desiresto minimize. In our cel-
lular model, energy is determined from the cells' volumes and prede ned
coupling energieswith bordering cells. Natural systemstend toward lower
energy, but are subjectto stochasticvariation, allowing temporary and ran-
dom uctuations. The Monte Carlo algorithm incorporates theserealities
of nature.

In general, a physical systemis modeled with the Metropolis algorithm
by rst nding the current system's energy (determined from the intrin-
sic energies of the bodies being simulated and the energy of interactions
between these bodies) and compares this to the energy of the system af-
ter a small change. If this change causesthe total energy of the system
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to decrease,the changeis immediately accepted. Otherwise, if the change
results in a higher energy, the modi cation is acceptedwith a probability
determined from the Boltzmann factor, a probability density function de-
scribing many physical systems. In Chapter 3, we describe our changesto
the Monte Carlo algorithm to include support for the vasculature.

2.3.2 The Monte Carlo Algorithms

We explain how the Monte Carlo program allows for CELLS to move and
grow. First a random SITE is chosenwithin the GRID. The neighbors of
this SITE are tested to determine whether it is contained entirely within a
CELL or on a CELL border. If none of this SITE's neighbors are owned by
another CELL, the SITEis known to be internal and another random SITEis
chosenuntil aborder SITEis found. Onceaborder SITE is found, arandom
neighbor SITE owned by another CELL is chosen. This resultsin an original
grid SITE and a neighbor SITE, owned by a different CELL. The energy of
the original con guration is calculated asa function of the volume of each
CELL and its target volume, aswell ason amatrix Jdescribing the coupling
energy betweentwo CELLS:

Es = &9V Viaga)®+ &  Jsllil (2.2)
i j2f neighborsg

In Equation 2.2, sis the SITE for which the energy is being calculated, i
iterates over the two cells of interestat the border, g is some constant pre-
factor, and Jg][j] describesthe interaction energy between the type of cell
at sand the type of cell at j.

After this calculation, the algorithm assignsthe original SITE'S owner-
ship to that of the neighboring cell. The sameenergy calculation is made on
this modi ed con guration. If the energy is lower than that of the original
con guration, the changeis immediately accepted. If the energy is higher,
the Boltzmann factor is used:

factor = e PF/keT (2.3)

where DE is the changein energy between the initial con guration and the
nal con guration after the proposed change, kg is the Boltzmann constant
relating temperatureto energy, and T is the temperatur e of the system.
The result, factor, is the Boltzmann factor and representsa probabil-
ity of acceptance. A random number is then generated from the uniform
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distribution between 0 and 1, and the change is accepted if this random
number is lower than the Boltzmann factor. Note that the Boltzmann factor
depends on the two energies aswell asthe temperature, so a high change
in energy would result in alower Boltzmann factor and, therefore, a lower
probability of acceptance. A lower temperature results in a larger Boltz-
mann factor and therefore a higher probability of acceptance.If the change
is rejected,the ownership of the SITEin question reverts backto the original
cell, and if the changeis accepted,ownership of the SITE is unchanged.

Stochasticenergy uctuations are allowed in Monte Carlo algorithms
asis allowed by statistical mechanicsand observedin all nite temperature
systems.






Chapter 3

New Developments:
Streamlining, Vascularizing,
and Adding Chemotherapy

The team has extensively revised the avascular tumor model described in
Chapter 2. Support for simple vascular systems have been completely in-
tegrated into the code. We have created threedif ferent vasculature geome-
tries, and the code can be extended to support any three-dimensional vas-
culature. Additionally , these vasculaturesmay be inserted after the simu-
lation has beenrunning for a pre-speci ed amount of time. This automat-
ically createsnew Dirichlet boundary conditions at SITES designated to be
part of the vasculature.

3.1 General Code Improvements

Before implementing model changes, it was necessaryto streamline the
preexisting avascular code in order to impr ove the run-time, make more
ef cient use of memory, and x computational errors. The team changed
the CELL identi cation numbers to pointers, created new global constants,
streamlined memory usage,and corrected miscalculations.

3.1.1 CeLL IDs to CELL Pointers

We changed how CELLS are mapped to particular GRID SITES. The origi-
nal model generated a list of CELLS, eachone with a unique identi cation
number, or ID. Each Site on the GRID held the ID of the CELL in which it
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was contained. There were disadvantagesto using this method. In order to
nd the CELL corresponding to a given GRID SITE, the entirelist of CELLS
needed to be searched. This was inef cient becausethe simulation would

search through many unrelated CELLSevery time one of them neededto be
accessed. Additionally , extra memory was required to handle a variable-
length array such asthis list of CELLsaswell asmoretime sincethe CELLS
were being constructed on the stack, copied into the array, then deleted
from the stack. The team modi ed the entire code so that each Site in the
GRID storesa pointer to the CELL to which it belongs. This method requires
no additional memory overhead or additional CPU time. Also, this change
makes the code easierto understand without removing functionality . For
one, “magic numbers” or special CELL IDs were removed from the code.
For example, the C++ code below is acommon operation which nds acell
from a GRID SITE by extracting the CELL ID, searchesthe CELL array for
the ID to determine the CELL Index, and, if not in the array, setsthis index
to zero, which is understood to be a dead cell.

int 1D = grid(i,j,k).ID;
int cellindex = getCellindex(grid(i,j, K) .l D);
if (ID >0 &&cellindex < 0) cellindex = 0;

By changing the data structur e so that the grid contains CELL pointers, this
code translates to the following

Cell* cell = grid(i,j,k).getCell();

which hasthe samefunctionality since one may easily determine whether
the cell is necrotic, askfor its chemical concentrations, and modify it through
this handle.

Suchmodi cations make the code easierto read and causethe simula-
tion to run slightly faster when run on a single computer. However, these
changesmay needto be undone to parallelize the code soit canrun concur-
rently on multiple computers. When these modi cations were made, ease
of futur e parallelization had not yet becomeone of the goals of our project.

3.1.2 Constant De nitions

We modi ed the code to eliminate constants that were not used without
being prede ned, thus enhancing the readability and usability of the model
code. Whenever these constants need to be changed, it is now possible to
do soonly onceat the beginning of the code. Previously, it was necessaryto
search through every line to nd and modify all instancesof the constant.
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3.1.3 Boolean Storage

A limitation of the original codeis the amount of memory it uses.For large
GRID sizes, the amount of memory is larger than the amount of RAM.
When this occurs, the operating system will write the excessdata to the
swap spaceon the hard drive. When swapped data are needed, they are
moved backinto RAM, and another chunk of the data is moved to the hard
drive. However, accessingthe hard drive is several orders of magnitude
slower than any other operation of the program. When this occurs, the pro-
gram consequently spendsthe vast majority of its run-time simply reading
and writing to the hard disk. This is known as“thrashing,” and should be
avoided if possible. In its original form, the simulation would thrash on
any GRID size larger than about 220 sites on any computer with lessthan
a gigabyte of RAM. This is the reasonthat the program would take several
weeks to run on large GRID sizes, but slightly smaller simulations would
nish in a matter of hours.

The team worked to alleviate this problem by optimizing the code to
use less memory. The spacerequired to represent protein expression in
CeLLshasbeenreduced. In any given cell, aprotein caneither be expressed
or not expressed.In the CELL class,eachprotein was originally stored asan
integer, which requires 8 bytes of space. If the integer was a 1, the protein
was expressedin that cell. If it was a 0, the protein was not expressed. As
an example, the following code relatesthe expression of the TGFB protein
and the levels of growth and inhibition factor to the SMAD protein:

if (TGFB== 1 &&drand48() < factorLevel) {
SMAD= 1;

} else {
SMAD= 0;

}

To conservememory, the code now storesall proteins asbooleans,which
eachrequire only one byte of space. The above code has been changed to
the following:

if (TGFB&&drand48() < factorLevel) {
SMAD= true;

} else {
SMAD-= false;

}
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With our modi cation, the CELL code is now 87% more memory ef -
cient than the original code. Mor eover, the code is now syntactically easier
to read. If more memory ef ciency is necessaryit is possible to store each
protein in a single bit, resulting in another 87% savings in memory. How-
ever, this will result in code that is slightly (though insigni cantly) slower
and syntactically more convoluted. Theseand other changesto optimize
the program's memory usage enablesthe simulation to run more quickly
on larger data sets.

3.1.4 Incorrect Code

The team also made a small but important changein the code so that the
simulation matches what is described in [Jiang et al., 2005]. In the CELL
class, there is a function called calculateMetabolicRat es, which calcu-
lates the rates of production/consumption of each of the ve chemicals
used in the simulation. Originally , this function calculated the rate of waste
production asthe average of the rate of oxygen consumption and the rate
of glucose consumption, asshown here:

double perw = (perO2+pern)/2;

However, in the Parametersection on page 9 of [Jiang et al., 2005], it
is stated that the rate of waste production should be 1.5 times the rate of
glucose (nutrient) consumption. Moreover, it makes little senseto de ne
the waste production rate asthe average: this will break if the model is
extended to include other metabolic pathways that consume oxygen. The
code has been changed to be consistent with the paper. It now reads as
follows:

double perw = 1.5 * pern;

3.2 Addition of Vasculature

Our main task this year was to incorporate vasculatureinto the model. This
was a signi cant step towards accurate tumor modeling becausewe can
then simulate the tumor 's responseto chemotherapy interacting with the
tumor through the vasculature. In order to add vasculature, we needed to
extend the CELL classand createa new VASCULARCELL class. It was also
necessaryto impr ove the dif fusion solver sothat it supports boundary con-
ditions at the edgesof the vasculature. Lastly, we neededto createaway to
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insert the vasculature into the tumor after it had beengrowing avascularly
for severaltimesteps. (Recallthat the initial growth of a biological tumor is
typically avascular).

Theincorporation of vasculaturerequired modi cations to multiple seg-
ments of the code. The simplest changeinvolved inclusion of new global
constants to describe the concentrations of chemicals in the vasculature.
Theseare de ned in the de nitions le at run-time. We also implemented
a new classof tissue and a new PDE solver. The current implementation
of the vasculature inserts itself into the GRriD after a delay in which the tu-
mor grows avascularly. The following sectionsdescribe how thesechanges
were made. The Appendix includes further examples of altered source
code.

3.2.1 TissUE Class Addition

The preexisting CELL classsupported necrotic, quiescent,and proliferating

cells. In order to createthe vasculature, the team created a classof objects
similar to the CELL class. In order to createthese behaviors, a superclass,
TISSUE, was created, and CELL was changed to inherit from TISSUE. The
TissuE classful lls all of the generic functions of a cell on the GRiD, such
as supporting functions involving the center of mass of a cell, the storage
of chemical concentrations, and so forth. The CELL classhandles behavior
particular to CELLS. It implements the react() function that governs pro-
tein expression, as well asthe functions to make cells quiescent, necrotic,
and proliferating.

We createdthe VASCULARCELL class,which also inherits from the Tis-
SUE class. This has allowed us to keep the vasculature asakind of TISSUE
that can occupy SITES on the GRID, yet change some aspectsof the class
to give the desired functionality . For instance, protein synthesis does not
occur in the bloodstream, so the protein expression portion of the model
was modi ed to not changethe proteins expressedin the vasculature. The
functions which change the chemical concentrations in the TISSUE have
also beenoverwritten to not changethe concentrations within the vascula-
ture, which are intended to remain constant.

3.2.2 The Actual Creation of the Vasculature

In order to make the vasculature geometries asversatile as possible, we in-
sert the vasculature into the simulation using the VASCULARM AKER class.
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This classcan easily be extended to include more vasculature geometries
than the threewe currently provide.

To create a new vasculature geometry, one must create a new function
in the VascularMaker class,using the makeSiteVascular() function to ac-
tually add speci c Sitesin the GRID to the vasculature. One must then edit
layoutVasculature()  to call this new function and create a vasculature
with the new geometry. The function layoutVasculature()  createsall of
the dif ferent vasculature geometries, and choosesthe correct one basedon
the value of the global integer VascType speci ed in the de nitions le
passedinto the simulation at run-time. If the value of VascTypeis not a
valid form of vasculature, no vasculature is inserted. The classcurrently
supports the creation of a single linear blood vessel, a hexagonal mesh, a
rectangular mesh, or no vasculature. Thesevasculaturesare further speci-
ed using the global parameters VascRadius and VascLayers. VascRadius
speci es the radius, in SITES, of eachblood vessel. VascLayers speci es the
number of planar meshes (either hexagonal or rectangular) inserted into
the GRID; thesemeshesare evenly spacedthrough out the entire GRID.

3.2.3 Time-Delayed Addition of the Vasculature

Our liaison at LANL requestedthat we structur ethe code sothat the vascu-
latur e could beinserted after the tumor growth simulation hasbegun. That
is, the model should grow an avascular tumor for a given amount of time
before the vasculature is created. Separatecode simulating the angiogene-
sis stage of tumor growth is currently unders development at LANL. It is
anticipated that this angiogenesiscode and the code simulating vascular-
ized growth that we have developed will ultimately be combined to allow
for modeling multistage tumor growth.

To facilitate the delayed appearance of vasculature in the tumor, we
added anew parameter to the de nitions le, called VascDelay. It speci es
the number of days that the tumor is allowed to grow beforeinsertion of the
vasculature . When vasculature is inserted, the simulation iterates through
eachSITEin the GRID wherevasculaturewill beinserted and, if it is already
occupied by a cell, shrinks that cell so that it no longer occupiesthe SITE.
The vasculature is then inserted into the SITE.

A potential problem with this method is that it is theoretically possible
to cut a CELL into two separateparts by inserting the vasculature through
the middle of the CELL. However, the team believes that this situation is
suf ciently unlikely to occur, and if it does, suf ciently unlikely to cause
problems with the simulation. This may occur if a CELL grows in a barbell
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shapeand the vasculatureis inserted in the middle of the cell, but we have
not seenany such unusually shaped CELLS.

If the vasculature hasaplanar geometry, it may slicea CELL into halves,
but such a geometry would be biologically unfounded (though using such
a geometry may still causethis CELL slicing to occur). We suspect that
evenif sucha CELL is split, this would not make a signi cant difference:It
would affectthe dif fusion of chemicalsbecausethe concentrations of chem-
icals are averaged over all SITEs within a CELL, but if the CELL is close
enough to the vasculature for it to be cut into two parts the concentrations
of the chemicals within it should all be quite closeto the concentrations in
the vasculature itself, and therefore the concentrations should not be sig-
ni cantly affected.

There is one more casein which this “tunneling” method of inserting
the vasculature may have an unusual impact on the simulation. If tumor
CELLs are signi cantly larger than the vasculature, it is possible to “im-
pale” a CELL sothat the vasculature goesin one side of it and out the other.
However, this will not actually impact the CELL adversely, becauseit is still
a single piece. Although this situation is not realistic becauseit can result
in toroidal CELLS,it should not adversely affect the simulation.

3.2.4 Dif fusion Model Modi cations

The intr oduction of the vasculature required a restructuring of the original
dif fusion model, as described below. Sinceblood ow occurs at a much
faster rate than the diffusion modeled in the simulation, changesin the
concentrations of chemicals in the vasculature due to diffusion are over-
whelmed by changesdue to the circulation of the blood itself throughout
the rest of the body. The human heart pumps approximately 6 quarts of
blood per minute. This is equivalent to cycling the body's entire blood
supply once. Thereforein 45 minutes (the real time being modeled within
one diffusion step) the blood in a human body would have been cycled
almost 45 times through the vasculature. Consequently, the team decided
that the bestmodel would be for the vasculature to maintain constant con-
centrations of the 5 chemicalsinternally .

These constant concentrations are ideally implemented as a Dirichlet
boundary condition in the diffusion equation solver. However, the incor-
poration of such boundary values in a vasculature of arbitrary geometry
into the diffusion equation is dif cult becausechanging the geometry of
the vasculature changesthe boundary values of the PDE problem.

Initially , our liaison suggested we approximate the boundary condi-



22 New Developments:
Streamlining, Vascularizing, and Adding Chemotherapy

tions by solving the diffusion equation without the boundaries, and then
resetting the concentrations of the chemicals on the boundary itself. Un-
fortunately, this method did not produce the desired result. After further
consultation, we then rewrote the entire dif fusion solver to handle Dirich-
let boundary conditions in arbitrary geometries. This new solver gives the
correctbehavior. The two methods we tried are described below.

The First Method

Theteaminitially attempted to perform anapproximation to constantchem-
ical concentrations, instead of actually treating them as boundary condi-
tions. At the end of eachdif fusion calculation, the concentrations of chem-
icals within the vasculature were resetto their original values. This com-
putational technique allows the model to avoid solving for the computa-
tionally expensive non-symmetric boundary values that would otherwise
arise. This approximation had already beenused by our liaison to attempt
to keep the concentration of chemicalsin the medium surrounding the tu-
mor constant, and it proved useful in that instance. Although this approx-
imation gave slightly different results than a similar model in which the
concentrations in the vasculature were treated as actual boundary values,
this method made the equations solvable by the original PDE solver that
was already implemented in the code, and could therefore be seamlessly
integrated into the simulation.

Unfortunately , this approximation did not work as well as expected.
The team implemented this method and experimented with different fre-
guencies of resetting the concentrations, but the rates of production and
consumption of chemicalsin cells and the rates of diffusion of the chem-
icals overwhelmed this resetting, and the concentrations of the chemicals
within the vasculature were all but governed by the concentrations of the
chemicalsin the surrounding TissUE. Due to this setback,the team decided
to completely re-implement the PDE solver to support arbitrary Dirichlet
conditions.

The New Dif fusion Solver

We created a new diffusion solver that uses a backward-Euler nite dif-
ferenceapproximation to iteratively solve the dif fusion equation using the
Gauss-Seidelmethod. We outline the foundation of the technique below.
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Derivation of the Algorithm  The generalpartial dif ferential equation gov-
erning dif fusion is given by

flu(t, x)
It

where u(t,*) is concentration at location x and time t, k is a dif fusion con-
stant, and a(x) is a source/sink term.

In order to numerically integrate this equation in time, one must rst
discretize the systemin time and space.Thus, the spacial domain becomes
agrid of sizeX Y Z andushall berede ned over this domain:

= kr 2u(t,x) + a(x) (3.1)

u(t,x) 7 Uy, ax) ¥ axy. (3.2)

where0< x < X,0< y< Y,0< z< Zareinteger indices and X,Y,Z
are the dimensions of the grid. Writing t as a superscript is only out of
convenience.
Recallthe SecondCentral Dif ference Appr oximation is given by
t t t
ﬂz t ux+ ly,z 2uX,y,Z+ ux ly,z

Talye = 7 + O(4 x?) (3.3)

Substituting this approximation into the PDE yields

Tu(t,x) —_— Ux+1y,z 2Uxyz+ Ux 1yz +
qt 4 x2

+ ax‘yl (34)

and by using a cubic grid where4 x = 4 y = 4 z, one obtains
!

ﬂu (t ’ X) k t o t
ﬂ,t axyyvz —4 XZ GUX’y’Z XO?_O’ZO UXO,yO,ZO (35)

where x° y° z0are taken over the 6 adjacentneighbors of grid site x,y, z.
To achieve stability, the Backward Euler schememay be applied to yield
11

k

t+4t t+4t Q t+41 — ot

Uxyz 41 ayz S5 6Buxy; a Uy = Uyy, (3.6)
4 X XO,yO,ZO R

Theright hand side of Equation 3.6 can clearly be calculated explicitly . De-
ne

Ft u;y,z + 4 tagy., (3.7)

X,\y,z
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Then,
!
k4 t
t+at t+4t 2 t+4t _ t
Uxyz * 752 OUxyz @ Uogpo = Fiys (3.8)
x°,y0,z°

and therefore

k4 t t+4t k4t o t+4t  _ t
4 x2 xJ,ry,z 4 x2 oao Ouxo‘yqzo = F X,z (3.9)
xVy0z

1+6

which is simply a matrix equation with diagonal terms 1+ 6% and 6

off-diagonal terms X4}

The team choseto implement the Gauss-Seideliterative method to solve
the above sparse linear system. For a general linear system Ax = b, or
afLiajx; = by (where the matrix components &; should not be confused
with the forcing term ayy, of Equation 3.2), the Gauss-Seideliteration is
given by

k+1 1 i°1 k+1 ‘? k!
X; = — b a ajx a X (3.10)
i i=1 j=i+1

+

where xik representsthe kth iterate of the ith component of the vector x. In
our case,this iteration translates into
!

1 k4 t
Uxyz = ——— Fxyzt 12 a Ux0y020 (3.11)
1+ GW X x0y0z70

wherewe areupdating the iterate uyy , immediately while iterating through
the grid.

Boundary Conditions In the Gauss-Seideliteration, Dirichlet boundary
conditions may be enforced by setting

ugs, = u° (3.12)

where u? is a boundary value and ug§ , is a boundary site. In terms of the
matrix equation, this is equivalent to the row corresponding to site (x,Y, z)
consisting of only aone on the diagonal. Thus, by setting all boundary sites
UES"Z to the boundary value before the Gauss-Seideliteration and skipping
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the update from Equation 3.11of the Gauss-Seideliteration for just these
boundary sites, this constraint will be conserved.

Thus, we are able to treat arbitrary boundary geometries by applying
this strategy on a site-by-site basis. That is, non-boundary sites will obey
Equation 3.11,while boundary sitesobey Equation 3.12.

Convergence It is clear that our linear system s strictly diagonally dom-
inant since

kdt _ 3Kk4t

> alyi=0 o5 e

i6i

jaij = 1+ ?;kizt (3.13)
Therefore, the spectral radius of our linear systemmust be lessthan 1 sothe
Gauss-Seideliteration must converge for any initial condition u(?. (Saad
[1996])

Furthermor e, the backward Euler method is unconditionally stable with
error linear in step size. Therefore, the backward Euler method guarantees
convergenceto the exact solution as4t ! 0 and the Gauss-Seidelitera-
tion gauranteesconvergenceto the backward Euler method's approximate
solution for any given 4 t.

In implementation, the Gauss-Seidelmethod requiresabreak condition.
We use a vector residual condition given by

juttt ol < e (3.14)

wherejj jjisthe Euclidean norm and eis agiven tolerance level. Sincethe
number of components of u (the dimension of u) scaleswith the total grid
size XYZ, we choosee ﬁ to achieve error which is proportional only
to the step size 4 t, which orginates from the backwards Euler method.

3.2.5 The Monte Carlo Model

Finally, the Monte Carlo code needed to be extended to support vascula-
ture. The J-matrix (described in Section 2.3) which is used by the model
for energy calculations to determine the growth of cells was extended by
onerow and one column to contain relational constantsfor the vasculature.
To calculate these values, an example con guration of cells and cites next
to vasculature was considered. From this con guration, we calculated the
energy, which includes the unknown J-matrix energy for surface binding
energy between the vasculature and other cell type. We then solved this
equation for the previously unknown J-matrix entry. The energy equation
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contains two terms: avolume component, and a con guration component.
The con guration component in this calculation contains the unknown J-
matrix energy, and must be the same order of magnitude as the volume
component. So,a J-matrix value is determined which ensuresthat this is
the case.This processwas repeatedfor eachunknown J-matrix entry.!

Additionally , the team generalized the codeto support J-matricesof ar-
bitrary size. This will allow additional CELL types to be quickly and easily
added in the futur e. Mor eover, in our current implementation, vasculature
cells cannot become any other cell type and do not changein size or mul-
tiply . This has beenadded to the model so that the Monte Carlo algorithm
will not changethe vasculaturein any way.

3.3 Chemotherapy

One of the most commonly used chemotherapy drugs is cyclophospha-
mide. Cyclophosphamide is a non-cell cycle speci ¢ drug, which means
that cylophosphamide treatments can be modeled without modifying the
subcellular component of the model. Cyclophosphamide induces apopto-
sisin rapidly dividing cells by alkylating their DNA. This prevents DNA
replication and ultimately results in cell death. In order to model cyclo-
phosphamide treatments, we made several approximations. Due to the
structur e of the model, these approximations were necessary but may be
relaxed if certain changesare made to the model in the futur e.

3.3.1 Limitations of the model

Several aspectsof the model limit the accuracy of possible chemotherapy
modeling. First, the model contains no mechanism by which necrotic cells
can be removed. Becausechemical dif fusion and growth dynamics are af-
fected by the presenceor absenceof cells, this can negatively affect the
accuracy of chemotherapy simulation using this model. Secondly, the toxi-
city responsesof patients to particular chemotherapy doselevels are highly
variable (Gurney [2002]) and so a model which does not consider variable
toxicity effects will have limited use. Currently, there is no metric within
this model for measurement of patient toxicity, becausethe model was de-
signed for in vitr o tumor spheroids.

1The team would like to thank Amy Bauerat LANL for her explanation of this method.
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3.3.2 Cyclophosphamide Treatment Implementation

The reduction in tumor size in responseto a dose of cyclophosphamide is
governed by

N = No exp( KDy), (3.15)

where N is the number of non-necrotic cells presentin the tumor prior
to the treatment being administered, N is the number of non-necrotic cells
presentin the tumor after the treatment, K is a constant representing the
tumor -killing efcacy of the particular drug (for cyclophosphamide, K
5), and D, is the amount the drug administered, in grams (Osteen et al.
[2001]). A typical initial dose of cyclophosphamide is 1.6 grams (Gurney
[2002]). In practice, further dose amounts will typically be adjusted de-
pending on the patient's responseto the initial and subsequentdoses, but
as mentioned above, this is not within the scope of the model. So, D, will
be held constant at 1.6 grams.

A number of computational simpli cations are necessaryin order to in-
corporate this into the model. It is not clear how long it takesfor the tumor
cellsto be killed by a particular chemotherapy. As a simplifying assump-
tion, if a chemotherapy dose is to kill X tumor cells, and there are T time
stepsbetween doses,we assigneachcell a probability of death suchthat the
expected number of cellskilled during eachtime stepis X/ T. During each
time step, we calculate the total amount of cyclophosphamide that is found
in non-necrotic cells, D). Then, we assignto eachcell i a probability P, of
death:

R = Di(1 exp( 8)/ (TDwn)- (3.16)

The coefcient D/ D, assuresthat the probability of a cell dying is de-
pendant upon the amount of cyclophosphamide it contains. Becausethe
sum of these coefcients over all cellsis identically 1,the expected number
of cellskilled is correct.

3.3.3 Implementation

We implemented a stochastic model to simulate the chemotherapy. Che-
motherapy, and in particular cyclophosphamide, hasbeenadded asa new
chemical in the model, and it diffuses from the vasculature and medium
into the tumor like all other chemicals. We have added the global con-
stants ChemoPeriod and ChemoDuration to describe dosesof chemother-
apy. ChemoPeriod is the time from the beginning of one doseto the begin-
ning of the next, while ChemoDuration is the time from the beginning of a
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dose to the end of that dose. The rst dose starts when the vasculature is
inserted, and dosesbegin at regular intervals after that.

The First Implementation

In our original implementation of the chemotherapy model, eachCELL has
a probability of being affected by cyclophosphamide based on the global
constant ChemoDeathFactor. This constant holds the value of (1 e kDo),
which is the fraction of the tumor that will die each dose. At each step,
every proliferating cell hasa probability of dying from chemotherapy. This
probability is proportional to the relative amount of chemotherapy in the
cell, the ChemoDeathFactor, and inversely proportional to the length of the
dose. If acell is killed, all of the chemotherapy in it is “used up” and the
concentrations of cyclophosphamide within the cell are setto 0. The SITES
in the CELL then becomepart of the medium again, which is analogous to
the cell being swept away by the bloodstream or otherwise absorbed into
the body.

This model re ects the empirical behavior of actual tumors (Osteen
et al. [2001]). However, it leads to some counterintuitive results: the frac-
tion of the tumor that dies is equal to the ChemoDeathFactor, but the frac-
tion of it that survives is slightly more than the remaining amount. This
occurs becausethe cells that are not lysed are still dividing. As a simple
example, it is possible for half the cells to die, half of them to divide, and
the total number of proliferating cellsin the tumor to remain the same. Un-
fortunately, this behavior is realistic and is the reasonmost patients require
multiple dosesof chemotherapy.

The Second Implementation

Although this model exhibited the desired properties of chemotherapy, it
did not exhibit this behavior independently. Instead, one of the parame-
ters given to the model was the toxicity of the cyclophosphamide in the
form of the expected porpotion of cells that were to die each step. What
we actually desired was a simulation which exhibited this asan emergent
phenomenon.

Apoptosis  Consequently, we created another stochastic model of cyclo-
phosphamide. In this new model, each CELL hasa probability P, of under-
going apoptosis de ned asfollows:

PI = 1 e Cl Co (317)
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where C is the concentration of cyclophosphamide within the CELL, and Cy
is a referenceconcentration (SeeCHEMOREFCONC in the parameters input
le). Note that when C = Cy, the cell has approximately a 63.2%chanceof
entering apoptosis.

Additionally , we have implemented a model of cell apoptosis. When a
CELL is affected by cyclophosphamide, it becomesan apoptotic cell, which
has been implemented asa new CELL type. When a CELL becomesapo-
totic, it will remain apoptotic for atime specied by AACTIVATIONTIMER
from the parameters le before undergoing phagocytosis, when the cell's
constituent SITEsturn backto medium. Apoptotic cells have their own sets
of metabolic rates separatefrom other CELL types. At this point, we have
set these metabolic values to those of queiscent cells, though this is likely
an overestimate of an actual apototic cell's metabolic rates. These values
are also easily changablefrom within the input parmeters le passedto the
program at execution.

Furthermor e, CELLsSnow metabolize cyclophosphamide evenwhen they
are not apoptotic. However, due to time constraints, we could not ob-
tain clinical data concerning rates of cyclophosphamide metabolism. Cur-
rently, we have assignedvalues for theserates which we believe are of the
correct order of magnitude based on the values given for growth factor
metabolism.

Chemotherapy Schedules Schedulesof chemotherapy treatmentsinvolve
anumber of factors such asthe amount of chemotherapy chemicalsadmin-
istered in a single dose and the amount of time between doses. Both of
thesefactors have beenincluded asparametersin the input le. CHEMO-
CoNc speci es the maxmimum concentration of chemotherapy concentra-
tion within adose period. CHEMOPERIOD speci es the time from the start
of one dose to the start of another. A chemotherapy dose is composed of a
chemical pro le goverened by

C(t) = Cobtel Pt*1) (3.18)

where C(t) is the concentration of chemotherapy chemicals at time t, Cy is
the maximum value of C(t), and bis atime scaleparameter calculated from
CHEMODURATION suchthat C(CHEMODURATION) = .05Cq. This yeilds a
chemical pro le similar to that which isfound in AUC curves (Bardelmeijer
etal. [2000]).
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3.4 Matlab Imaging

The imaging code used to view the experimental results was created using
Matlab (Mathworks [2006]). The functions were inspir ed by code given to
us by Los Alamos, though most of the current imaging routines have been
written mainly from scratch. The following is a description of eachtype of
image available to the user aswell ashow the tool might be used. A more
detailed description of how to run each le is included in the Appendix
along with the code.

The rst plot type is a simple 2-D slice of the tumor at one instant in
time, made using TumorSlice.m. The user speci es in which plane the
slice is taken (x-y, y-z or x-z) and at which depth. The user can also specify
which chemical (or cell types) to image. The output for this m-le is two
images. The rst is a color map of concentrations or cell types.? It shows
in a simple and directway the chemical concentrations or cell types in the
tumor asa function of location. The secondimage is a height map of the
concentrations or cell types over the 2-D slice. This plot hasbeenespecially
useful for debugging any changesto the diffusion code but can also be
used to view the effect on chemical concentrations with the addition of the
vasculature.

The secondplot type is amovie which shows a seriesof 2-D slicespass-
ing through the tumor. Theseare made using TumorPassthrough.m The
user speci es the axis which he or she wishes to travel through as well
as which chemical (or cell types) to image. This is the bestway to get a
complete view of the tumor at one instant in time. This movie, aswell as
others, can be savedin MPG format using the MATLAB plug-in MPGWRITE
Once saved, it is easy for the user to scroll through the tumor using any
MPG viewer. This image type is also useful when determining the effects
of chemotherapy on the tumor. One may look at the layers in the tumor
just above and just below the vasculature in order to seeits effects.

The third plot type is a movie that shows a series of 2-D slices as the
tumor grows over time. Theseare made using TumorGrowth.m The user
speci es in which plane the slices are to be taken (x-y, y-z or x-z) and at
which depth. The user can also specify which chemical (or cell types) to
image. This image type hasto open up anew le to output eachframe in
the movie, and consequentially it takes a fair amount of time to completely
render the movie (several minutes for large movies). However, this is the
only way to seehow the cells move and divide over time.

2For examples, seeFigure 4.1and Figure 4.2.
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The last plot type is a plot of chemical concentrations along an x, y or z
line in the grid and is created using A2dchemplot.m This plot shows a ver-
tical cross-sectionof the height map generatedwith the le TumorSlice.m.
The user speci es which line of sitesto look at by giving the depths of the
other two axes. The user also speci es which chemical should be plotted.
This plot is the bestway, other than simply looking at the numbers, to dis-
play chemical concentrations in the grid.






Chapter 4

Experimental Results

We rst conducted a run with no vasculature insertion. This provides us
with base-levelresults for comparison with vasculature insertion and che-
motherapy results. We conducted experiments on three dif ferent types of
vasculature in order to demonstrate the adaptability of our section of the
model. The threetypes of vasculature are: a single line through the tumor
and the grid, a hexagonal lattice throughout the entire grid, and a square
lattice throughout the entire grid. For each of these types of vasculature,
we have implemented two distinct experiments: one in which the vascu-
latur e was in place before the tumor was grown and the secondin which
the vasculature was tunneled into the tumor at a delay of threedays. The
experiments without the delay resemble data collected from histocultur e
growth within a laboratory, and the experiments with the delay resemble
data collected from in vivo tumor growth. This delay would approximate
angiogenesisif we were able to grow the tumor to a detectable growth size.
In the experiments with the single line vasculature (Figure 4.3(C),4.3(D)),
we seean interesting dif ferencebetween the delayed vasculature insertion
and the non-delayed vasculature insertion. It appears that the tumor is
larger in the non-delayed vasculature insertion case, which is what we
would expect as a longer time of growth with vasculature would result
in more nutrients and therefore quicker growth of the tumor aswell asa
larger number of healthy, proliferating cells. In the experiments with the
square grid structure (Figure 4.3(E),4.3(F))and the hexagonal grid struc-
ture (Figure 4.3(G), 4.3(H)), we do not observe as noticeable a dif ference
between the growth with delay and the growth without delay. However,
we do observe more proliferating cells in the non-delayed vasculature as
expected. It should also be noted that the oxygen levels for each of these
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experiments are plotted in Figure 4.4.

In Figure 4.4(C),the number of quiescentcells vs. time for the line vas-
culatur e without delay shows an interesting plateau during the beginning
of the second day but then rebounds to a steepincrease.The dip in quies-
cent cells in the vasculature with delay (Figure 4.5(C))occurs at the begin-
ning of day 3asthe vasculatureis added, which is aswe would expect. The
increasein nutrients to the cellswith the added vasculaturewould slow the
rate of proliferating cells becoming quiescentcells.

The experiments with the square grid structure depict another inter-
esting plateau in quiescent cells growth (Figure 4.6(C)),from early in the
simulation through to the middle of the secondday. Once that point is hit,
the growth of quiescent cells grows similarly to that with line vasculature
without delay. The square grid vasculature with delay growth curves (Fig-
ure 4.7(C))look similar to the line vasculatre with delay growth curves.

Interestingly enough, the hexagonal grid structurewith no delay shows
no quiescent cells until somewhat into the second day at which point it
resumessimilar growth asthe other vasculatures,asseenin Figure 4.8(C).
The growth curves for the vasculature with delay (Figure 4.9(C))resemble
the square grid vasculature with delay.

In Tables 4.1-4.3one can note the small amount of variation between
the growth of tumors for delayed or non-delayed vasculature and a non-
vascularized tumor. We would not expecta large dif ferencebetween these
numbers asa small tumor would receivea large amount of nutrients from
the medium so that the added nutrients from the vasculature only make a
small impact on the growth of the cells.

In the runs with chemotherapy, we ran two experiments that considered
dif ferent levels of chemotherapy being administer ed to the tumor. Each of
these experiments was conducted on delayed line vasculature. The high
dose is 2.0 grams of the chemotherapeutic agent and the low dose is 1.2
grams of the chemotherapeutic agent 1. The chemotherapeutic agent is
added to the vasculature at the sametime asthe vasculatureis added. Once
the chemotherapeutic agent is added, a majority of the proliferating cells
become apoptotic and soon dissolve into the medium. Shortly thereafter,
tumor growth resumesas we would expect. Note the signi cant differ-
encesin total and proliferating cell counts, displayed in Figures4.10and
4.11.

It is apparent from Figure 4.10aswell asFigures4.11and 4.12that the

1For cyclophosphamide, an averagedose ascalculated by the body-surface areamethod
is 1.6grams (Gurney [2002])
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amount of chemotherapy dose makesa signi cant dif ferencein the growth
of the tumor. The growth curve depicted in Figure 4.11(C)shows a smaller
dip in the proliferating cells than in Figure 4.12(C)with a high dose. The
tumor volume and radius depicted in Figure4.11(A,B)and Figure4.12(A,B)
alsoshow signi cant differencesin the size and extremities of the minimum

and maximum but similar patterns of growth.

Tables4.4and 4.5denote cell counts of tumors for the non-chemotherapy
runs at several dif ferent time steps. Tables4.6and 4.7 show counts for the
high and low dosesof chemotherapy, respectively. Note that the number
of proliferating cells at 64 time steps with no chemotherapy ranges from
6196to 6652cells and is 3121with alow dose of chemotherapy and 1204
with a high dose of chemotherapy. Although the chemotherapy runs are
only one experiment at eachdose, the variation between the chemotherapy
vs. non-chemotherapy runs is large enough to be deemed signi cant. Also
note that the quiescent cell counts have an even larger disparity with non-
chemotherapy runs ranging from 6331 cells to 6557 cells and a low dose
chemotherapy count is 1533and a high dose chemotherapy count is 256.

It is important to keep in mind that theseresults only re ect the effect
on the tumor and not on the patient, and that theselevels of chemotherapy
are not necessarily possible with many patients. Many drugs are known to
have a wide coefcient of variation, and one must couple this knowledge
with the differencesin the responseof the tumor in the high dose and the
low dose of chemotherapy. With this coupled knowledge, it is clearly nec-
essaryto add more featuresto the model to allow for incorporation of the
demonstrated coefcient of variation.
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Figure 4.1: Cell types of tumor after 64 Monte Carlo steps (5 days 8 hours)
grown with no vasculature (A,B), line vasculature (C,D), square grid vascu-
latur e (E,F), hexagonal grid vasculature (G,H). In the delayed vasculature
(B,D,EH), the line of vasculature was added through the center along the x
axis at the beginning of day 3. Images are an x-y crosssection at a z eleva-
tion of 100GRID SITES. The length of one SITE is equivalent to 4.2E-4cm or
4.2 mm. Dark blue representsmedium, blue representsproliferating cells,
light blue representsquiescent cells and red representsthe vasculature.

Grid Sites

Grid Sites

Grid Sites

Grid Sites

Girid Sites

50 100

Grid Sites

150

Grid Sites

50 100

Grid Sites

150 200
200
180
160
140
120
100
80
60
40
20

Grid Sites

50 100

Grld Sites

150 200
200
180
160
140
120
100
B0
G0
40
20

Grid Sites

50

100
Grid Sites

150

200
160
160
140
120
100
8o
G0
40
20

50 100

Grid Sites

150

200
180
160
140
120
100

50 100

Girid Sites

150

50 100

Grid Sites

150

50

100
Grid Sites

150 200



37

A B
C D
E F
G H

Figure 4.2: Oxygen levels of tumor after 64 Monte Carlo steps (5 days 8
hours) grown with no vasculature (A,B), line vasculature (C,D), square grid
vasculature (E,F), hexagonal grid vasculature (G,H). In the delayed vas-
culatur e graphs, (B,D,FH), the vasculature was added through the center
along the x axis at the beginning of day 3. Images are an x-y crosssection
at a z elevation of 100 GRID SITES. The length of one SITE is equivalent
to 4.2E-4cm or 4.2mm. The color bar at the right of eachimage describes
oxygen levels, with high concentrations in red and low concentrations in
blue.
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Figure 4.3: Growth curves for no vasculature. (A) Log plot of tumor vol-
ume (cm?3) vs. time (days) of tumor grown. (B) Tumor radius (cm) vs. time
(days). (C) Log plot of number of cells vs. time (days) of a tumor grown.
Red representstotal number of cells, greenrepresentsnumber of prolifer-
ating cells, blue representsthe number of quiescent cells and there are no

necrotic cells
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Figure 4.4: Growth curves for line vasculature without delay. (A) Log plot
of tumor volume (cm?®) vs. time (days) of tumor grown. (B) Tumor radius
(cm) vs. time (days). (C) Log plot of number of cells vs. time (days) of a
tumor grown with aline of vasculature through the center along the x axis
at the beginning. Red representstotal number of cells, green represents
number of proliferating cells, blue representsthe number of quiescentcells
and there are no necrotic cells.
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Figure 4.5: Growth curves for line vasculature with delay. (A) Log plot of
tumor volume (cm3) vs. time (days) of tumor grown. (B) Tumor radius
(cm) vs. time (days). (C) Log plot of number of cells vs. time (days) of
atumor grown with aline of vasculature added through the center along
the x axis at the beginning of day 3. Red representstotal number of cells,
greenrepresentsnumber of proliferating cells, blue representsthe number
of quiescentcells and there are no necrotic cells.
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Figure 4.6: Growth curves for square grid vasculature without delay. (A)
Log plot of tumor volume (cm?3) vs. time (days) of tumor grown. (B) Tu-
mor radius (cm) vs. time (days). (C) Log plot of number of cells vs. time
(days) of atumor grown with a square vasculature through the entire grid
at the beginning. Red representstotal number of cells, green represents
number of proliferating cells, blue representsthe number of quiescentcells
and there are no necrotic cells.
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Figure 4.7: Growth curves for square grid vasculature with delay. (A) Log
plot of tumor volume (cm?) vs. time (days) of tumor grown. (B) Tumor
radius (cm) vs. time (days). (C) Log plot of number of cells vs. time (days)
of atumor grown with square vasculature added through the entire grid at
the beginning of day 3. Red representstotal number of cells, greenrepre-
sentsnumber of proliferating cells, blue representsthe number of quiescent
cells and there are no necrotic cells.
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Figure 4.8: Growth curves for hexagonal grid vasculature without delay.
(A) Log plot of tumor volume (cm?®) vs. time (days) of tumor grown. (B)
Tumor radius (cm) vs. time (days). (C) Log plot of number of cellsvs. time
(days) of atumor grown with ahexagonal grid vasculature added through
the entire grid at the beginning. Red representstotal number of cells,green
representsnumber of proliferating cells, blue representsthe number of qui-
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Figure 4.9: Growth curves for hexagonal grid vasculature with delay. (A)
Log plot of tumor volume (cm?) vs. time (days) of tumor grown. (B) Tumor
radius (cm) vs. time (days). (C) Log plot of number of cells vs. time (days)
of a tumor grown with a hexagonal grid vasculature added through the
entire grid at the beginning of day 3. Red representstotal number of cells,
greenrepresentsnumber of proliferating cells, blue representsthe number
of quiescentcells and there are no necrotic cells.
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Step Dose Dose Dose
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Figure 4.10: Cell types of tumor with line vasculature with delay at time
steps 37 (A-C), 40 (D-F), 50 (G-l), 60 (J-L), and 64 (M-O). No chemother-
apy was added for (A,D,G,J,M), a low dose of chemotherapy, 1.2g, was
added for (B,E,H,K,N), and a high dose of chemotherapy, 2.0g,was added
for (C,FI,L,0). Images are an x-y crosssection at a z elevation of 100 GRID
SITES. The length of one SITE is equivalent to 4.2E-4cm or 4.2 microns.
Dark blue representsmedium, blue representsproliferating cells, light blue
representsquiescent cells, yellow representsapoptotic cells, and red repre-
sentsthe vasculature.
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Figure 4.11: Growth curves for a delayed linear vasculature with a low
dose of cyclophosphamide (1.2g). (A) Log plot of tumor volume (cm?3) vs.
time (days) of tumor grown. (B) Tumor radius (cm) vs. time (days). (C)
Log plot of number of cells vs. time (days) of a tumor grown with aline
vasculature added through the entire grid at the beginning of day 3. The
chemotherapy dose also started at the beginning of day 3. Red represents
total number of cells, green representsnumber of proliferating cells, blue
representsthe number of quiescent cells and there are no necrotic cells.
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Figure 4.12: Growth curves for a delayed linear vasculature with a high
dose of cyclophosphamide (2.0g). (A) Log plot of tumor volume (cm?3) vs.
time (days) of tumor grown. (B) Tumor radius (cm) vs. time (days). (C)
Log plot of number of cells vs. time (days) of a tumor grown with a line
vasculature added through the entire grid at the beginning of day 3. The
chemotherapy dose also started at the beginning of day 3. Red represents
total number of cells, green representsnumber of proliferating cells, blue
representsthe number of quiescentcells and there are no necrotic cells.
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MC No Vascular Delay Delayed Vascular
Step | Linear Grid Hex | Linear Grid Hex | None
37| 98815 166586 99179| 97834 96828 97760| 99019
40 | 126875 127714 127653| 126457 126019 126654| 126801
50 | 269653 273136 271508| 273072 272866 273010| 268202
60 | 552392 559235 551658| 556439 558100 556730| 543727
64 | 691866 701410 692846| 700412 698885 697847 | 684429

Table 4.1: Volumes of tumors, measured in SITES, plotted at various time
stepsof interest. Vasculature is added during time step 36.

MC No Vascular Delay Delayed Vascular
Step | Linear Grid Hex | Linear Grid Hex | None
37| 57.35 57.22 57.43| 57.16 56.97 57.16| 57.39
40| 62.34 62.48 62.47| 6227 6220 62.31| 62.33
50| 80.15 80.49 80.33| 80.49 80.47 80.49| 80.01
60| 101.80 102.21 101.75| 102.04 102.15 102.07| 101.26
64 | 109.73 110.23 109.78| 110.18 110.10 110.05| 109.33

Table 4.2: Diameters of tumors in millimeters, plotted at various time steps
of interest. Vasculature is added during time step 36.

MC No Vascular Delay Delayed Vascular
Step | Linear  Grid Hex | Linear  Grid Hex | None
37 1670 1658 1673| 1667 1657 1664| 1680
40 2282 2286 2293| 2266 2275 2273| 2259
50| 4685 4788 4746| 4805 4779 4791| 4665
60 | 10125 10312 10127| 10230 10313 10251| 9936
64 | 12952 13138 12981 | 13066 13124 13065| 12703

Table 4.3: Cell count of tumors, plotted at various time steps of interest.
Vasculature is added during time step 36.



MC | No Vascular Delay Delayed Vascular
Step | Linear Grid Hex | Linear Grid Hex | None
37 1469 1537 1478| 1414 1396 1413| 1337
40 1845 2010 1887| 1978 1980 1978| 1702
50 2886 3029 2965| 2928 3068 3030| 2726
60 5307 5478 5394| 5313 5442 5455| 5078
64 | 6446 6585 6650| 6440 6567 6652| 6196

Table 4.4: Proliferating cell count of tumors, plotted at various time steps
of interest. Vasculature is added during time step 36.

MC | No Vascular Delay Delayed Vascular
Step | Linear Grid Hex | Linear Grid Hex | None
37 201 121 195 253 261 251 343
40 437 276 406 288 295 295 557
50 1799 1759 1781| 1877 1711 1761| 1939
60 4818 4834 4733 4917 4871 4796| 4858
64| 6506 6553 6331| 6626 6557 6413| 6507

Table 4.5: Quiescent cell count of tumors, plotted at various time steps of
interest. Vasculature is added during time step 36.

MC | Tumor Tumor Total Proliferating  Quiescent
Step | Volume Diameter Cell Count Cell Count Cell Count
37 98168 57.23 1642 984 254
40 | 114711 60.28 1847 442 256
50 89175 55.43 1419 212 256
60 61757 49.04 1017 756 256
64 85534 54.67 1460 1204 256

Table 4.6: High chemotherapy dose information. The high dose is 2.0
grams, beginning on step 36, with concentration obeying the chemical pro-
le produced by equation (3.18).
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MC | Tumor Tumor Total Proliferating  Quiescent
Step | Volume Diameter Cell Count Cell Count Cell Count
37 98275 57.26 1650 1125 253
40| 118440 60.93 1970 814 256
50 | 142355 64.78 2240 886 405
60 | 192790 71.67 3364 2406 958
64 | 260225 79.21 4654 3121 1533

Table 4.7:Low chemotherapy doseinformation. The low doseis 1.2grams,
beginning on step 36, with concentration obeying the chemical pro le pro-
duced by equation (3.18).



Chapter 5

Future Work

This Harvey Mudd Mathematics Clinic project has focued on developing

one important component of the larger model being constructed by the
team at LANL. As the year has progressed,the dir ection of the project has
evolved. We have discovered through the wealth of literatur e on chemother-
apeutic measures, myriad possibilities for futur e impr ovements upon the
model. A few of thesepossibilities will be discussedin this section, some of
which include reconsiderations of assumptions of the current model, while

others involve changesonly possible when considering the entire model

at once. We also discuss the incorporation of additional variables into the
current model. Thesevariables could allow the model to more accurately
simulate biological conditions. Lastly, different chemotherapeutic models
are considered.

5.1 Modifying Basic Assumptions

One assumption to reconsider is the values of the diffusion constants of
each modeled chemical. Currently the constants are setto equal values,
although it seemsfeasible to create a variable diffusion constant that is a
function of the chemical aswell asof the cell type in which it is dif fusing.
Making the dif fusion constants functions of the chemicals under consider-
ation would involve calculations based upon properties of the chemicals,
such as molecular weight and dipole moment. Also, it should be kept in
mind that chemotherapeutic agents dif fuse and convect at different rates
depending on the permeability of the vasculature (Janget al. [2003]) The
effect of changing these values is unknown to us, although on a funda-
mental level, the changewould be more biologically accurate,becausethis
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variability isignored by the current model. However, it is also possible that
the source and sink terms within the model will override any dif ferences
accounted for in the change of the dif fusivity constants.

Another assumption that could be reconsidered is that of simpli ed
blood ow . Recall that the chemical concentrations were given constant
values to approximate an average over time. Although the blood ow
works well with the non-vascularized, non-chemotherapeutic trials, the
transport of chemicals within the blood vesselsis one that can be modeled
and might beintegral to the correctnessof the transport of the chemother-
apeutic agents. Also, many of the experiments run by outside reseachers
consist of measures of plasma blood concentration levels versus toxicity
or survival levels. Modeling the blood ow with an incorporation of the
plasma drug concentration curves would be an interesting course of study
that might elucidate properties of transport that could not be measured
within alaboratory.

5.2 Restructuring for Additional Treatment Types

With the implementation of chemotherapy, some of the basic structur es of
the model need to be re-evaluated for a more accurate responseto che-
motherapy in vivo. In the caseof the necrotic cells, a major assumption
from the original code was that upon cell death, the cell remains xed
to the grid instead of being carried away. This assumption, while per-
fectly valid in spheroids which contain concentric rings of cell types which
do not shed, is of limited value in a vascularized chemotherapy model.
Biologically, tumors may shrink as cells are lysed and carried away, al-
though the current model hasno such shrinking capability. Futhermore, in
many caseschemotherapeutic drugs induce apoptosis rather than necrosis.
While “necrosis is the death of cells or tissues due to chemical or physical
injury ,” apoptosis is “biologically programmed cell death. Necrosis leaves
extensive cellular debris that need to be removed by phagocytes, whereas
apoptosis doesnot” (Jr. et al. [2005]). Becausethere is quicker transport in
interstitial spaces,the type of cell death (in which the induction is depen-
dent upon type of drug aswell as strength and regimen of drug) is quite
important in modeling the transport of the chemotherapeutical agents. Ei-
ther changewould allow more accurate measuresto validate our model.
An additional step in the implementation of chemotherapy would be
creating a general structure in which different kinds of chemotherapeutic
agents (whether of one type or multiple) could be modeled within the sys-
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tem. This would not only allow the model to respond to dif ferent types of
chemotherapy, but also allow chemotherapy cocktailtreatmentsto be mod-
eled. Combination chemotherapy is a very common treatment approach,
soit isimportant to be ableto simulate the results of using this method. The
codewe have written is structured to be exible and to allow for additional
chemotherapy types to be added if the appropriate parameters are known.
New chemicals can dif fuse and be consumed by cells in the sameway that
other chemicals are modeled. Additionally , depending on the type of che-
motherapy, a more complicated cellular reaction could be modeled using
components of the protein expressioncode.

5.3 Alternate Models

Our current chemotherapy model only handles chemotherapeutic agents
which do not depend upon cells being in a particular phase of the cell cy-
cle. An addition could be made to allow for cycle-speci ¢ drug treatments.
Five main criteria have beenidentied to characterize a drug's pharma-
cokinetics. Theseare the route of administration, dose administer ed, dos-
ing interval, plasma drug concentrations, and collection times relative to
drug administration (Undevia et al. [2005]). Our model only considersthe
dose administered and the dosing interval. In order to account for the
plasma drug concentrations, the model should utilize the common area
under the curve (AUC) measurement in which plasma concentration lev-
els are plotted against time. Also, the ratio of the dose administered to
the AUC can be used to measure the body's ability to remove the drug
(Undevia et al. [2005]). Interestingly, the route of administration has been
shown to affect the coefcient of variation. This coefcient for oral versus
intravenous administration hasbeenshown to vary between 28%and 58%,
respectively (Undevia et al. [2005], Bardelmeijer et al. [2000], EI-Kareh and
Secomb[2000]).

There already exist several models that simulate in various ways the
drug pharmacokinetics, e.g. Parker and Il [2001], Gallo et al. [2004], Mori
et al. [2002], and Zhang et al. [2001]. It should be possible to incorporate
some of theseinto our current model aswell.

5.4 Further Considerations

Of the ve main variables that in uence drug uptake, each can be in u-
enced by other factors, such as age, gender, ethnicity/race, etc. It has
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been determined that the differencesin pharmacokinetics (drug uptake,
metabolism) cannot simply be extrapolated from studies conducted with

adults (Groninger et al. [2004]). Furthermor e, there is a possible dif ference
in toxicity levels depending upon the age of the adult (Yancik [1997]). Race
and ethnicity have also shown signs of being factors in the pharmacody-
namics and pharmacokinetics of a drug (Johnson[1997]).



Chapter 6

Conclusion

Becausecanceris the second leading causeof death in the United States,
this disease has obvious societal impacts, including those that affect our
economy and our health care system. Cancertreatmentsvary signi cantly
in their levels of success. Common types of treatment, including chemo-
therapy and radiation therapy, destroy healthy cells along with cancemus
cells. Becauseof this, cancertreatment is an extremely painful and risky
endeavor. By impr oving mathematical tumor models and studying cancer
treatment, it is possible to more fully understand thesetreatments, and, in
turn, impr ove them.

Although arealistic cancermodel may not dir ectly lead to a cancercure,
it will elucidate our understanding of cancerand its treatments. Conse-
quently, reseachinvolving tumor growth models hasthe potential to affect
the quality of life for millions of people eachyear, if it canassistin develop-
ing better cancertreatmentsand permit the assessmeniof the effectiveness
of current treatments.

This paper has presentedan overview of the HMC clinic team'’s efforts
to expand and enhanceatumor model developed at LANL. The simulation
contains three models within it: a subcellular model governing the dif fu-
sion of chemicals through the tumor environment, a cellular model gov-
erning the reproduction of cells, and an extracellular Monte Carlo model
governing the interaction and growth of cells.

The inclusion of a blood vesselsystemin a previously avascular model
required many changesto the existing code. To do this correctly, the team
carried out extensivereseach into how this particular model functions and
how tumors develop. The team then made changesto the model to include
vasculature. Each section of the model required some modi cations. The
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team made background changesto allow for blood vesselcell types to be
represented, altered the dif fusion calculations to account for the presence
of vasculature, modi ed the Monte Carlo component so that the vascula-
turewould not be encroachedupon by growing cells, and determined that
the protein expressionstep should not be affected by the vasculature. The
team streamlined the code for ef ciency , impr oving the run-time. This was
achieved by converting Cell ID numbers to pointers aswell asoptimizing
memory use and processingtime.

We have added to the model the ability to simulate treatments using
non-cell cycle speci ¢ chemotherapy drugs. In particular, the model now
simulates treatmentsusing cyclophosphamide, which alkylates the DNA of
proliferating tumor cells. By doing so, it induces apoptosis, which results
in tumor shrinkage immediately following the administration of the dose.
In the experiments that we ran, higher dosesof chemotherapy better served
to inhibit tumor regrowth.

However, in considering the results of our experiments, it is important
to keepin mind that due to hardwar e limitations, we were unable to run ex-
periments wherethe tumor reacheda detectablesize beforethe rst dose of
chemotherapy was administer ed. Furthermor e, the time allowed to elapse
between chemotherapy doseswas shorter than is typical in medical prac-
tice (Gurney [2002]). This adjustment was required becauseof hardware
limitations, but canbe relaxedin futur e experiments using this model.

We have adapted the code provided by LANL so that a vascularized
tumor can be modeled. We have also laid groundwork for including che-
motherapy treatment in simulations, and run preliminary chemotherapy
experiments. As such, we hereby provide to LANL all of the deliverables
speci ed in the work statement for this project.
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Source Code

Thefollowing les are given asexample sourcecodein the simulation. The
clinic team has added support for a vasculature into the CELL classand
changed the cell ID's to pointers in order to impr ove ef ciency and main-
tainability . The code has also been optimized for memory usageto reduce
the problem of thrashing with large data sets. Thrashing occurs when the
computer spends most of its time moving large amounts of data into and
out of RAM, rather than actually manipulating the data and running the
simulation.

Cell.h and Cell.cxx implement the CELL class. Each CELL is either
proliferating, quiescent, necrotic, or part of the vasculature. Eachproliferat-
ing CELL hasa seriesof proteins that are either expressedor not expressed
at each step in the simulation, and these proteins determine whether the
CELL divides or becomesquiescent. Each cell also contains a pointer to
its parent cell, and the concentrations of oxygen, nutrients, waste, growth
factor, and inhibition factor within it.

Site.h implements the SITEs that make up the GRiID. Each site has
concentrations of the ve chemicals in them (oxygen, nutrients, etc.), as
well asapointer to the cell in which it currently resides.

A.1 TumorSlice.m

%%rTiffany Head HMQmathematics clinic  Sp2006

%%adapted from matlab scripts provided by LANL

%%This function creates 2d slices of the tumor

%%which show concentrations of chemicals or the cell types
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%%be sure to unzip all .gz files before begining
function  TumorSlice(prefixti me chemx yz, dept hPer,co n)
% prefix is the file prefix found on all output files

%time is the cycle number at which the tumor snapshot has been taken
% note, this should be a 3 digit string imput

% chemis either the chemical being profiled or ‘cells' which

% will display the different cell types
% cells will display cell types

% gf will display growth factor

% 02 will display oxygen

% w will display waste

% n will dsiplay nutrients

% if will display inhibitory  factor

%xyz is either an 'X,
% cross-section

y' or x depending on the desired

% depthPer is the percentage in the x y or z direction which describes the
% depth or the cross-section

%con is true if contours of cell types are to be added in the chemical
profile  plots and false if not

if (strcmp(chem,'cells")= =1)
filename=[prefix, Typ  es', ti me],
else
filename=[prefix,/Che  m't ime,” C',c hem];
if(con)
filename2=[prefix,' Ty  pes',ti mé,
end
end

load(filename);

tumor=eval(filename);
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len=length(tumor(1,:)) ;
depth=round(depthPer/1 00*le n);

if (xyz =='2

for(i=1:len)
A=tumor((i-1)*len+1: len *i ,d epth) ;
tumor2d(:,i)=A,;

end
elseif (xyz ==
for(i=1:len)

tumor2d(i,:)=tumor((i -1)* le n+depth ,: );
end
else
tumor2d=tumor((depth -1) *| en+l.de pt h*le n,:);
end

if (strcmp(chem,'cells")= =0 && con)
load(filename?2);
tumor2=eval(filename 2);

len2=length(tumor2(1 ) );
depth2=round(depthPer/ 100*l en2);

if (xyz =='2

for(i=1:len2)caxis([cm in cmax])
A=tumor2((i-1)*len2+ 1:| en2*i, depth 2);
tumorCon(:,i)=A;

end
elseif (xyz ==y
for(i=1:len2)
tumorCon(i,:)=tumor2( (i -1)* len 2+dept h2,) ;
end
else

tumorCon=tumor2((depth2 -1)* le n2+1: dept h2*le n2,: );

end

end



60 SourceCode

length(tumor2d);

figure;

pcolor(tumor2d);  shading flat; caxis([-1 5]) ;
xlabel('Grid Sites");

ylabel('Grid Sites");

hold on;

if (strcmp(chem,'cells’)= =0 && con)

colorbar;

thing=contourc(tumorC on,5);

left=1;

while(left>0)
numpts=thing(2,1);
plot(thing(1,2:numpts  +1)+.5, thin g(2,2:nunpts+1)+.5," k');
hold on;
thing=thing(:,numpts+ 2: end);
left=length(thing);
hold on;

end

%figure;
%contour(tumorCon,5);
%hold on;

figure;

surf(tumor2d);
end

%figure;
%pcolor(tumor2d); shading flat; cax = caxis; colorbar;

A.2 TumorPassthrough.m

%%rliffany Head HMOmathematics clinic  Sp2006
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%%adapted from matlab scripts provided by LANL

%%rhis function creates a serries of 2d slices of the tumor

%%which show concentrations of chemicals or the cell types in a movie
%%which passes through the tumor on the axis specified

%%be sure to unzip all .gz files before begining

function [M,moviefile|=TumorPas sthrough(prefi x, ti mec hemx yz)
% prefix is the file prefix found on all output files

%time is the cycle number at which the tumor snapshot has been taken
% note, this should be a 3 digit string imput

%chemis either the chemical being profiled or ‘cells' which

% will display the different cell types
% cells will display cell types

% gf will display growth factor

% 02 will display oxygen

% w will display waste

% n will dsiplay nutrients

% if will display inhibitory  factor

%xyz is either an 'X,
% cross-section

y' or x depending on the desired

%%This section loads the file

filename=";
chem;
if (strcmp(chem,'cells’)= =1)
filename=[prefix, Typ  es', ti me]j,
else
filename=[prefix,Che m',t ime," C',c hem];
end

load(filename);

tumor=eval(filename);
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len=length(tumor(1,:) );

% This determines the maxand min vaules in the data so that the
% colors can normalized over all cross-section plots

cmax=max(max(tumor));

cmin=min(min(tumor));

% This for loop creates the slices of tumor and then captures them
%into a movie

for (j=1:len)
depth=j;
if (xyz =="'2
for(i=1:len)

A=tumor((i-1)*len+1:le  n*i, depth);
tumor2d(:,i)=A,

end

elseif (xyz ==

for(i=1:len)

tumor2d(i,:)=tumor((i- 1)* le n+dept h,: );

end
else

tumor2d=tumor((depth-1 )* le n+1.d epth *| en,:) ;
end

pcolor(tumor2d);  shading flat; caxis(fcmin cmax]); colorbar;

M(j) = getframe;
end

% Plays the moive
movie(M);
% Saves the movie as MPGf MPGWRITE installed

%moviefile=['PassThro ugh',” ',chem 'xyz ' ' ti me'. mg'];
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%mpgwrite(M,hsv,movief ile );

A.3 TumorGrowthMovie.m

%%rTiffany Head HMOmathematics clinic  Sp2006

%%adapted from matlab scripts provided by LANL

%%l his function creates 2d slices of the tumor

%%which show concentrations of chemicals or the cell types
%%taken over a time interval and then shownin a movie
%%be sure to unzip all .gz files before begining

function [M,moviefile]=TumorGro wthMwi e(prefi x, ti meec,c hemxyz, depth)

%prefix is the file prefix found on all output files

%timevec is a vector of numbers of cycles at which each movie frame

% is taken. Example: [1,3,5,7,9] will  produce a movie which
% displays slices of the tumor after 1, 3, 5, 7 and 9
% cycles.

%chemis either the chemical being profiled or 'cells’  which

% will display the different cell types
% ‘cells' will display cell types

% 'gf  will display growth factor

% ‘02" will display oxygen

% '‘w' will display waste

% 'n' will dsiplay nutrients

% it will display inhibitory  factor

Wt -1

%xyz is either an 'X,
% cross-section

or 'z depending on the desired

y

%depth is the percentage in the x y or z direction which describes the
% depth or the cross-section
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tlen=length(timevec);
% This loop collects all

for (j=1:tlen)
if (timevec(j)>99)

of the slices

into one large matrix

time=num2str(timevec( j)) ;

elseif  (timevec(j)>9)
time=['0',numz2str(tim
else
time=['00',num2str(ti
end

if (strcemp(chem,'cells")=
filename=[prefix, Typ
else
filename=[prefix,'Che
end

load(filename);
(j/tlen)*100

tumor=eval(filename);
len=length(tumor(1,:) );
if(j==1)

evec(j) )] ;

meec(j )) I,

=1 )
es' ,t ime];

m', ti mg" C', chenj;

depth=round(depth/100 *le n);

end

if (xyz =='2
for(i=1:len)

A=tumor((i-1)*len+1:le

tumor2d(:,i)=A,

end
elseif (xyz =='"
for(i=1:len)

tumor2d(i,:)=tumor((i-

end
else

n*i, depth);

1)* le n+dept h,: );

tumor2d=tumor((depth-1 )* le n+1.d epth *| en,:) ;

end
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tumormov((j-1)*len+1: j* le n,:)= tu ma2d;
clear(filename);
end

% This determines the maxand min vaules in the data so that the
% colors can normalized over all cross-section plots

cmax=max(max(tumormoy)
cmin=min(min(tumormov));

% This loop re-separates the large matrix into separate snapshots so
% and then captures them into a movie.

if(cmax==cmin)

M=0;
disp(No data to make movie";
return;
else
for (j=1:tlen)

tumor2d=tumormov((j-1 )* len +1;j *l en,:) ;
pcolor(tumor2d);  shading flat; caxis(fcmin cmax]); colorbar;
M(j) = getframe;
end

end

% Plays the moive

movie(M,2);

% Saves the movie as MPGf MPGWRITIE installed

st=num2str(timevec(l)) ;

en=numa2str(max(timevec));

dep=num?2str(depth);
moviefile=['Growth_',c  hem' ' ,xyz,dep,' ', st, 't 0o',en,'.mpgd] ;
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%disp(‘writing...")
%mpgwrite(M,jet,movie fi le);
%disp(‘done")



Appendix B

Glossary

During the literatur e search, the team composed this list of commonly used
biological vocabulary found in many of the research papers.

anastomosis: The surgical connection of separate or severed tubular hol-
low organsto form acontinuous channel, asbetweentwo parts of the
intestine. Source: dictionary .com

angiogenesis: The formation of blood cellsfrom a preexisting vasculature.

annulus: A ringlike gur e, part, structure, or marking, such as a growth
ring on the scaleof a sh. Source: dictionary .com

apoptosis: When cellsthat are super uous or that could harm the individ-
ual undergo atype of "cell suicide”. Leadsto the death of cells that
are no longer required in adult (Karp [2002]).

carcinogenesis: The production of cancer. Source: dictionary.com

chemotaxis: The characteristic movement or orientation of an organism or
cell along a chemical concentration gradient either toward or away
from the chemical stimulus. Source: dictionary .com

desmosomes: disk-shaped adhesive junctions 1 (mu)m in diam (Karp [2002]).

epithelial:  Of or relating to Membranous tissue composed of one or more
layers of cells separatedby very little intercellular substanceand form-
ing the covering of most internal and external surfaces of the body
and its organs. Source: dictionary .com
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embryogenesis: The development and growth of an embryo. Source: dic-
tionary.com

endogenous: Produced or growing from within. Source: dictionary .com

endothelial: A thin layer of at epithelial cells that lines serous cavities,
lymph vessels,and blood vessels.Source: dictionary .com

extracellular: Outside the plasma membrane (the functional barrier be-
tween the inside and outside of a cell) (Purves et al. [2001]).

extracellular matrix: plant cell wall for animals. Composed of br ous pro-
teins. Holds things together, lets materials passthrough, etc. (Purves
etal. [2001]).

metastasis: The spread of atumor within the body (Karp [2002]).

metastatic cells: Cancer cells that are able to initiate the formation of sec-
ondary tumors.

oncogenes: Genesimplicated in carcinogenesis,encode proteins that pro-
mote the loss of growth control and the conversion of a cell to a ma-
lignant state (Karp [2002]).
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