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Abstract
A Computational Model of Chemotaxis-based Cell Aggregatio

Manolya Eyiyurekli
Advisor: David E. Breen,PhD

We present a 2D computational model that successfully captes the cell be-
haviors that play important roles in cell aggregation. A vitual cell in our model is
designed as an independent, discrete unit with a collectiai parameters and actions.
Each cell is de ned by its location, number and position of reeptors, chemoattrac-
tant emission and response rates, age, life cycle stage,lifeoation rate and number
of attached cells. All cells are capable of emitting and seng chemoattractant
chemical, moving, attaching to other cells, dividing, agig and dying.

We validate and ne-tune our model by comparing simulated 24our aggregation
experiments with data derived from in vitro PC12 cell expements. Quantitative
comparisons of the aggregate size distributions from the owexperiments are pro-
duced using the Earth Mover's Distance (EMD) metric. We comgre the two size
distributions produced after 24 hours of in vitro cell aggmation and the equivalent
computer simulated process. Iteratively modifying the moel's parameter values
and measuring the di erence between the in silico and and initwo results allow
us to determine the optimal values that produce simulated agegation outcomes
closely matched to the PC12 experiments. Simulation resslicon rm the ability of
the model to recreate large-scale aggregation behavioremsén live cell experiments.

Through simulation studies important factors a ecting cel aggregation, such

as a cell's proliferation rate, response rate to chemoatictant gradient, length of
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the quiescent stage after cell division and up/down-regui@n of chemoattractant

emission based on the number of attached cells, are identie






1. Introduction

Chemotaxis (CTX) is the phenomenon where cells detect gramtits of chemicals
(growth factor, cytokine) and respond to the chemical stims by moving either
towards (positive CTX) or away (negative CTX) from the soure. Multicellular
aggregates and eventually tissue-like assemblies are fedrwhen individual cells
attach to each other and when this aggregation leads to sulggent cellular di er-
entiation. Understanding the in uence of the many compones of CTX on overall
cell aggregation should lead to a more detailed understamgj of the mechanisms
involved in tissue assembly and organogenesis, and alsaliiate the development
of novel technologies for tissue engineering based on cotitng or directing these
underlying biological processes. Cell-cell aggregatiom ects fundamental biological
processes occurring during in vivo tissue assembly. Moawgjicell aggregates and
their assembly/di erentiation into functional tissues has implications for the mech-
anistic understanding of this process in vivo, as well as féin vitro embryology".

As a rst step towards modeling aggregation in 3D, we have deloped a compu-
tational model that is capable of simulating CTX-based celhggregation in 2D. Our
model captures the cell behaviors needed for aggregationcls as chemical di u-
sion/detection, motility, proliferation, aggregation ard life cycle stages. Our model
uses appropriate approximations/assumptions with e ciem and e ective algorithms
to create a robust and extensible simulation environment. e environment has been
employed to study and identify the critical components of deinteraction that most

in uence aggregation outcomes.



In our simulations each cell is de ned by a collection of physlogically relevant
parameters and actions, such as the number and position ofchical receptors on the
cell surface, location of the cell, age, life cycle stage,ethoattractant emission and
response rates, di usion radius, proliferation rate and nmber of attached cells. Our
virtual cells are able to emit chemoattractants, sense thénemoattractant gradient,
move in the direction of the gradient, proliferate, adhered other cells, age and die.

The model's parameters were re ned and simulation resultsexe validated by
comparisons with in vitro cell-cell aggregation data obtailed from a 24-hour study
of PC12 cells. In this study a cell culture concentration of @&/ml was allowed to
aggregate over a 24-hour period. The sample was imaged at ttart and end of
the study. The images were manually examined to produce theumber of cells,
the number of aggregates and the number of cells in each aggee. Given the
experimentally-derived aggregate size distributions, wieave shown that our com-
putational model is capable of reproducing PC12 aggregatidoehavior. This was
accomplished by systematically modifying the parameterd the model, performing
24-hour aggregation simulations, and comparing the resudg in silico aggregate size
distributions with the in vitro distributions. The model's parameters were adjusted
until the simulation results matched the in vitro data.

With our model we are able to address important questions coarning cell ag-
gregation. The simulation studies showed that parametersich as proliferation rate,
guiescent period, chemoattractant emission and chemotactresponse rates, as well
as up/down-regulation cell behaviors are key factors that@minate cell aggrega-
tion. We observed signi cant changes in aggregation behaviwith respect to these

factors.



Further contributions of this research includes identifyag the fundamental cell
level features/processes to simulate chemotaxis, demaorading the e ects of param-
eters such as chemotactic response and aggressivity ofs;edind processes such as
proliferation and apoptosis on cell aggregation, validatn with comparisons to in
vitro experiments and optimization of model variables to ppduce speci ¢ outcome.

The remainder of this document is outlined as follows: Chagt 2 presents related
work in computational cell modeling and chemotaxis. Chapte8 describes our model
of chemotaxis-based cell aggregation in detail. Chapter 4sdusses computational
aspects of the model. Chapter 5 explains the experimental ohel and Chapter 6
shows the results of the simulations. In Chapter 7 we discuise results we have
demonstrated in Chapter 6. Chapter 8 has the concluding reme and Chapter 9

shortly explains the work we propose to carry on in the future



2. Previous Work

Related work in cell modeling and simulation may be placed ithree broad

categories,

1. simulation software systems that model the internal workgs of a single cell,

such as cell proliferation and apoptosis, deformation andihesion,

2. 2D grid-based models based on cellular automata, ordiyadi erential equa-

tions, or a combination of the two, and

3. a hybrid representation of cells as discrete units that nve in a continuous

space.

The grid-based approach has been used to simulate cell sogi the morphogenesis
of numerous cell-level biological structures, and tumor @elopment. It has recently
been extended to 3D. The hybrid approach has been used to siate morphogenesis,
organism motility, and chemotaxis. It also has been extenddo 3D to create simple
geometric structures, and has found limited use in modelingore complex biological
processes and systems.

There are several single cell based computational modelsatisimulate dynamic
behavior of single cells under the e ect of intra-cellular mlecular interactions. These
models analyze changes in proteins and other chemical corapds within a cell [38]
to predict cellular behavior such as growth, signaling, ptiberation, di erentiation
and death [5,35]. These approaches have been used to sineisgveral intracellular

processes such as bacterial chemotaxis [9], energy producand phospholipid syn-



thesis [38], and to simulate intracellular calcium dynamg and nucleocytoplasmic
transport [35]. A more detailed approach to modeling and sinfation of gene-gene,
gene-protein and protein-protein interactions has been deloped in [1] including
sporulation, metabolismic activity, signaling, sensing rad apoptosis. A more gen-
eral approach to modeling cell simulation is explained in 73, providing a modular
meta-algorithm that can incorporate any time-driven simuition algorithm. An im-
plementation of this meta-algorithm can be found in [38].

2D and 3D grid based models focus on inter-cellular processich as signaling,
motion and attachment to an extracellular matrix. Some of tlese models also com-
bine the internal workings of individual cells with externdprocesses. These models
treat cells as particles collectively moving on a rectilireg grid.

The Cellular Potts Model (CPM) [15], a lattice-based stochstic framework, has
been used to model adhesion driven motion created by varyisgirface energies of
di erent kinds of cells in order to simulate cell sorting. CMM has been used as a
part of other models to simulate the rearrangement of cellsudng morphogenesis
[4,13] and to model avascular tumor growth [23]. A discussiof how cell-centered
simulations like CPM can help to explain aspects of develomntal biology can be
found in [27]. Some models in this category [18,19, 39] uséutar automata [20,41]
to model cell motility and di erentiation in order to simulate tumor growth [8, 30]
and embryogenesis [25].

There are other models that use a 2D-grid based approach, daimed with en-
vironmental forces, to simulate the deformation and aggregjon of red blood cells
in a blood ow [3]. Monte-Carlo models, non-deterministic radels that simulate a

solution by random assignments to uncertain model varialde using only Brownian



Motion [36] and a combination of Brownian Motion and cellulaautomata [2] have
been developed to simulate tumerogenesis.

The third approach utilizes hybrid models that contain bothdiscrete and contin-
uous components. These models de ne cells as independergcrete units that can
move in response to continuous forces and in uences. This@pach has found use
in simulating multicellular pattern formation [12], studying the chemotactic motility
of individual cells [22,29] and the computational modelingf cell adhesion [28]. Our
model simulates chemotaxis, where chemical-based cell-sggnaling is the main
source of communication. A similar use of cell-cell signag§ can be found in [12,22],
which investigated cell motility with respect to chemotacic forces.

Some models integrate two or more of these approaches in oimautation sys-
tem. COMPUCELL-2D [21] and 3D [6] are two simulation systemghat have been
developed with both CPM and di usion-based continuum modsal They are able to
simulate cell-cell signaling and cells moving in response &dhesion forces.

There has been some use of Genetic Algorithms (GAs) [14] witloth grid based
and hybrid computational models for simulating cell di erentiation [18, 19], mor-
phogenesis [24], organogenesis [4] and embryogenesis [25]

Our model clearly falls into the third category of hybrid moels. While it con-
tains many of the elements from previous e orts [6,10{12,222], such as the discrete
cells that move, divide and attach, our model also includesé e ects of apoptosis.
More importantly our work \closes the loop" on the study of c# aggregation by
comparing the results from a simulated cell environment wlt actual cell aggrega-
tion outcomes observed in live experiments. Iteratively epling simulations and

in vitro experiments has allowed us to validate and ne-tunghe model, as well as



identify the critical components of cell interaction that aect large-scale cell aggre-
gation behavior. On reproducing the outcomes observed in viitro experiments we

demonstrate the beginning of a predictive cell simulationapability.



3. Methodology

3.1 Theoretical Model

We present a 2D simulation system for chemotaxis-based aggation that cap-
tures the large-scale characteristics of PC12 cell aggréga behavior. Our com-
putational model of chemotaxis-based cell aggregation costs of individual cells
existing in an environment that contains and di uses a chenattractant chemical.
Each cell detects the state of the environment, and responds the environment
based on a pre-de ned \program" and its own internal state. ie model is hybrid
in nature as it includes both discrete and continuous compents. The cells are dis-
crete processing units that are located on a grid, exist in sirete states (e.g. active
or dying) and perform discrete tasks (e.g. divide and attagh but they also con-
tain and are a ected by continuous quantities (e.g. chemo#tactant concentrations,

gradients, age and velocities).

3.1.1 Cell Life Cycle

The life cycle of a cell is depicted in Figure 3.1. Every cel in the Active stage
at the beginning of a simulation run. Cells enter thd&Newstage after cell division and
return to the Active state after a quiescent time period. If a cell remains unatthed
after 18 hours it enters theDying phase. A cell in theDying phase progressively
decreases its interaction with the environment and other g, and eventually dies.

Our virtual cells emit and sense signaling chemicals, folochemical gradients,

proliferate, adhere to neighboring cells when they come iromtact, age and die.



End of

.}EQ?

Cell dies

Figure 3.1: Life cycle of a cell: Cells experience four maimgses - New (Quiescent)
after division, Active, Dying (apoptosis) and Dead.

During its lifetime a cell passes through di erent stages. \Wen a cell is created
by cell division it enters a quiescent phase where its biolegl machinery is not
fully functional. Quiescent cells do not emit or sense chemibractants. These
cells only move randomly and cannot attach to other cells. Howing this period
a cell becomes most active, and is able to emit a chemoattract chemical, form
aggregates and/or divide to create new cells. If a cell faile either divide or attach
during the active period the cell moves into a programmed daleath (apoptosis)
phase. During apoptosis a cell begins to shut down, resulgrin a decrease in the
secretion rate of chemicals and a lowered response to chatsdn the environment.
Cells undergoing apoptosis are still able to attach to othesells, but will not divide
to create new cells. Once apoptosis begins the cell dies witla certain time period,

and no longer participates in the simulation.

3.1.2 Chemoattractant Emission

All virtual cells live ona w h m grid representing a 2D cross-section of a

petri dish. Each cell has a radius of 6 m. Chemoattractants are secreted from
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Figure 3.2: Four cells and their elds of inuence. A cell seses the chemicals
emitted from other cells when it enters their in uence elds The extent of the eld
is de ned by a chemical concentration threshold. The threeetls on top are a ected
by each other's chemoattractant. The fourth cell is outsideheir in uence elds,
and therefore is una ected.

the cell's surface symmetrically and di use within a xed ralius of in uence. The

concentration of chemoattractant initially secreted by a imgle cell at its surface is
Co molecules= m?. The concentration is up/down-regulated by a number of fac-
tors, including age and number of attached cells. Di usionfothe chemoattractant

decreases the chemical concentration in the region arounigetcell as a function of
distance from the cell's surface. We assume that a cell's ession of chemoattractant
maintains a constant chemical concentration at the cell'susface, creating a static
chemical concentration eld around each cell. Given this asmption, the chemoat-
tractant concentration within the eld drops o as 1=r, wherer is the distance from
the cell surface [7].

The chemoattractant chemical emitted from a cell's surfaces a function of its
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state and is controlled by two constantk; and k,. The function used to calculate

the chemoattractant concentration around a cell is

ki ko Co

C(r)y=A+ 4T

(3.1)

k; decreases a cell's chemoattractant output if it has begun aptosis (See Sec-
tion 3.1.6), andk, up- and down-regulates chemoattractant emission based ohet
number of neighboring cells attached to the current cell. Wassume that once the
chemoattractant concentration falls below a certain valuecells in the environment
can no longer detect its gradient. This assumption createsa@rcular eld around
each cell with a radius ofRy .« . Any cell within a distance of Ry to another cell
is in uenced by the other cell's chemoattractant. A cell tha is further away than
Rwax from an emitting does not detect its chemoattractant and theletecting cell's
motion is not a ected by the emitting cell. For example, the wo cells on the left
in Figure 3.2 are within each other's eld of in uence, and tley move toward each
other. The third cell is not a ected by the other two and movesrandomly.

The constant A allows us to set the chemoattractant concentration aRyax . If
we assume thaitC(r) is some percentage of the initial chemical concentratiomdhe

cell surface percent Cp) whenr = Ryax, We can solve foA,

Co
A = _ 2
Co percent 1+ Ruw (3.2)

Note that this de nition of A givesC(Ruax) = Co percent We solve this equation

for a single cell wherdRy.x = R and percentis G:01 (1%). The values forCy and
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Table 3.1: Constant parameter values used in the computatal model

Parameter | Description Value
t Time step for simulation| 60 s
state update
d Grid discretization 1 m
Dim Grid dimension 2155 2155 (2155n ?)
Co Chemoattractant concentra-|| 90
tion at cell surface molecules/m ?
[33]
Ro Initial radius of in uence 100 m [34]
re Cell radius 6 m [40]
Tapoptosis Start time of apoptosis 18h [17]
Tpeath End time of apoptosis. All| 24h [17]
remaining single cells die.
No Initial cell count 885

Ro for single cells can be obtained from the literature (see Tbh3.1). Setting Cy
and Ry to these initial values andk; = k, = 1:0 in Equation 3.2 produces the value
of A for a single cell. Once the value foA is calculated for the initial conditions of
a single cell it remains constant throughout the simulation

With A held constant, Ry is calculated for each cell at each time step. As
C(r) changes with the changing values df; and k,, a newRy.x must be calculated
to determine the maximum size of the detectable chemical @) i.e. the distance
where the chemical concentration i€, percent Substituting Equation 3.2 into
Equation 3.1, settingC(r) equal to C, percent, and solving forRyax produces the

equation shown in Equation 3.3.

kl k2 Co
R = 1 .
Max = C, percent A (3:3)
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Figure 3.3: kp: Chemoattractant emission scale factor. The emission of emoat-
tractant is up/down-regulated as a function of the number ofttached cells.

The number of neighbors attached to a cell a ects its secre process. As
a cell acquires more neighbors, its emission of chemoattiaat increases until it
reaches a maximum. The chemoattractant is down-regulatedsamore and more
attachments are made. When a cell is completely surrounded beighboring cells,
it no longer emits chemoattractant. This behavior is modebtkwith the scale factor
k, in Equation 3.1. The values ok, used in our simulations are presented in Figure
3.3. Initially k; is 1, increases to its maximum valu&y . (1.5), and then steadily
decreases to zero as three or more cells attach to the curreal. Uy, is part of

the model's parameter set and may be modi ed by the user (Tabl6.2).

3.1.3 Chemoattractant Sensing

Chemical signals from cells in the vicinity are sensed via goate receptors lo-
cated symmetrically on each cell's surface. The chemoattt@nt concentrations

sensed at these receptors are used for the gradient calcidat We assume that
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Figure 3.4: A virtual cell has eight receptors on its surface::rg. The chemoattrac-
tant emitted from the cell surface di uses within a radius ofRpax -

each cell has eight receptors evenly distributed over its dace, with a distancer,
from the cell center. The placement and numbering of the regtrs, within the
local coordinate system of the cell, begins at 45 degrees hetupper right of the
cell and proceeds clockwise (see Figure 3.4).

If ; refers to the chemical concentration detected at receptor of a single cell,

the gradient is calculated as:

+ 1 g5 7t 3
2 6 >

X =
2 e
.
y: 8 4+ 7 :_lpzs 3
2 re
rC=(xyy)

jr Cj:px2+y2

( r C)= atan(y=x) (3.4)
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3.1.4 Cell Motility and Attachment

The chemoattractant gradient is used to determine the dir¢gion and magnitude
of a cell's velocity. A cell's motion is usually in the direabn of this local gradient,
however one percent of the time a cell will take a random steg length one m to
three (equal to 60-180 m/hour) instead. We assume that cells travel at a terminal
velocity through the viscous uid environment, therefore avirtual cell's velocity is
directly proportional to the chemical gradient ¢ C) detected at the cell's surface.
When a cell moves in the direction of the chemical gradienttsi velocity is calculated
with Equation 3.5.

Velocity = ky r C; (3.5)

where is a constant that determines the magnitude of a cell's respse to the
gradient and k; decreases the response during apoptosis. At each simulatiome

step ( t) the displacement of the cell/aggregate is calculated witEquation 3.6

X = Velocity t: (3.6)

When two cells collide they attach to each other. Since all ke have the same
radius and move within a hexagonal grid, there are six xed dlecell binding sites
on a surface of a cell (See Figure 3.5). We assume that once #achment is made
it cannot be broken; thus creating aggregates of increasisige. Once cells attach
to each other and form an aggregate a single velocity is calated for the aggregate

by averaging the gradients calculated for each of its indidual cells. The aggregate
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Figure 3.5: The cell at the center can move in one of the six dctions. The small
black circles represent the cell centers and large circlespresent the cells.

then moves in the direction of the average gradient (C,,4) with a velocity equal to

(=M) r Cay; (3.7)

whereM is the mass of the aggregate, i.e. the number of cells in thegaggate.

3.1.5 Cell Proliferation

A cell in the Active phase can divide to create two new cells. Cell division ocsur
by randomly adding a new cell to one of the open six binding s on the dividing
cell's surface. The probability of proliferation is a ectel by the number of attached
cells. As the number of a cell's attachments increase it deases its productivity.
The probability of cell division is approximately e ", where n is the number of
attached neighboring cells. See Figure 3.6.

A cell with six attachments is considered fully surroundedrad can no longer
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Figure 3.6: k3: Change in probability of proliferation as a function of thenumber
of attached cells.

divide. This feature makes single cells and cells on the outayer of an aggregate
have higher rates of proliferation compared to cells foundside of an aggregate and
surrounded by other cells. The probability of proliferation during a simulation time
step is

Poiv = ks Pgi\,; (3.8)

where P§;, (see Table 6.2) is the probability that a single cell will diide during a
simulation time step. ks lowers the probability of proliferation as the number of at-
tachments increasesPy,, is set during initialization and stays constant throughout
the simulation for every cell.

Once proliferation (cell division) occurs daughter cells ay not necessarily stay

attached. There are three attachment scenarios.

If a singe cell divides, its daughter cells do not attach to ea other and

randomly move through the environment.

If a dividing cell has one attachment, there is a 10% chancedahone of the
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TApoplosis TDeah Age

Figure 3.7: k;: Change in chemoattractant emission and response, and theopa-
bility of living for apoptotic cells, as a function of age.

daughter cells will detach after division.

If a dividing cell has two or more attachments both daughter @ls will stay

attached to the aggregate.

All daughter cells created via proliferation enter the inative state in their life
cycle. In this phase newly created cells are not fully funanal in that they neither
emit chemoattractant, respond to chemoattractant gradiets, attach to other cells,
nor proliferate; they simply move randomly in the environmet. Single inactive
cells move with a velocity of 60 180m=hour (1to 3 m per 1 minute time step).
Inactive cells attached to other cells/aggregates move at slower rate, which is
determined by the velocity of aggregate to which they are atthed. Once theNew
period ends, the cell begins to emit and respond to chemoattitants, becomes able

to attach to other cells and once again becomes able to divide

3.1.6 Cell Death

Cells are more likely to survive, i.e. stay alive, when theyra part of an aggregate.

If a cell is still unattached after Tapoptosis » It Degins apoptosis (cell death). During
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apoptosis a cell's chemoattractant emission and responsgeas begin to signi cantly
decrease over time, and proliferation stops completely. €ha ect of apoptosis on
a cell is implemented with the scale factok;. k;'s value is always 1 in theActive
phase, and goes to zero for single cells as a cosine functifiarar apoptosis » Which is

18 hours in our simulations. The exact function, as seen indgtire 3.7, is

8
3 1 Age < 18h
kl = S
“ F(Age) 18n Age 24

(3.9)

I:(T)=% cos(( (T 18))=6)+0:5

In the Dying phasek;, because of its inclusion in Equations 3.1 and 3.5, prograsty
reduces the amount of chemoattractant emitted by the cell ahslows the cell's
response to chemical gradients.

The actual time of cell death is also controlled by the paranter k;. k; can be
interpreted as the probability of living for a single cell asa function of age. The
probability is 1.0 up to Tapoptosis (18 hours), after this time an unattached cell has
an increasing probability of dying, up t0Tpean (24 hours in our simulation), when
all remaining apoptotic cells die. A cell can still attach toother cells during the
Dying phase, however, forming an attachment after entering thBying phase does

not prevent a cell from dying by Tpeath -
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4. Computational Aspects

The simulation system is implemented in C++ using OpenGL lilbary. It consists
of two classes with a total of 3123 lines of code. The cell dasontains the variables
and methods which de ne a virtual cell. Table 4.1 and 4.2 sumarizes these vari-
ables and methods respectively. The main class implementsetsimulation system
that performs the simulation with a number of cells. The ow & the simulation
system can be seen in Figure 4.1.

A cell aggregation simulation is comprised of a series of tarsteps. At each
time step the actions outlined in Figure 4.1 and Table 4.2 arexecuted for each
cell. Newly proliferated cells remain in a quiescent stateif a user-de ned period
and randomly move within the simulated environment, perfaning no other actions.
Once active, a cell is capable of attaching to other cells up@ollision. If the state of
the complete environment is to be saved for visualization pposes, the cell emits and
stores its chemical eld in the chemoattractant array. Baseé on the chemical elds
of nearby cells a gradient is calculated and the cell/aggrate moves in response to
it. If the cell is apoptotic, a check is then done to determind the cell should die.
If in the Active stage, the cell determines if it is time to divide. If it divices, its age

is set to zero, otherwise its age is incremented.

4.1 Implementation Details

In this chapter we will discuss the assumptions we made dugnmplementations

and the algorithms developed for the model.
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Table 4.1: Variables a virtual cell has

Variable Description

ID Cell's unique identi er

Coordinates|[2] 2D grid coordinates de ning the location of the cell

Age Age of the cell

lifeCycleStage One of the Active, New, Dying, Dead

AggregateNumber || Aggregate's identi er number for each cell
in the aggregate

Sensors[8] Stores amount read from sensors

Gradient[2] Stores the gradient vector

dieFlag Cell dies if set to 1

divideFlag Cell divides if set to 1, reset once the qui-
escent time period ends

NumberOfNeighbors|| Number of neighbors a cell has

New Cell h

Rardom
Motion

Attach

v ‘f Catulate Folow
'k Gradient Gradient

I

Dead

Daughter
Cels

Figure 4.1: Computational ow of cell aggregation simulatbn per time step per cell.

Age



Table 4.2: Actions taken by a virtual cell

Function

Description

emit()

Emit chemoattractants from surface

sense(Coord x,Coord y)

Sense chemoattractant concentration a
surface sensors

calculateGradient()

Calculate the chemical gradient using the
values read at 8 surface receptors

followGradient()

Move in the direction of the chemoattrac-
tant gradient

randomMotion()

Take a random number of steps in a rant

domly chosen direction

attach(Cell c1,Cell c2)

Attach to another cell after a collision

t

proliferate(Cell c)

Divide and create two new cells

age

Increment internal clock

die(Cell c¢)

Shut down receptors and stop responding.

22
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Algorithms 4.1.1 and 4.1.2 presents the main procedure antid initialization

function respectively.

Algorithm 4.1.1:  Main (void)

ParameterSet CommandLineArguments

Initial SizeDistribution READ (\ SizeDistribution:txt %
CreateW indow(P arameterSet(\ Width°y; P arameterSet(\ Height®9)
Init (void)

MainLoop (void)

Algorithm 4.1.2:  Init (void)

for each gridpoint(x;y)
do Grid[x]ly] O

PlaceCells (void)
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Algorithm 4.1.3:  PlaceCells (void)

for N_  BiggestAggregateSizedownto 1

=aggregates of sizesl::MaxSize respectively
for M_  NumberOfAggregategN ] downto 1
Pick one aggregate of size N randomly
repeat
Choose coordinates randomly

8
% =NumberOfAggregate$l.:MaxSize] has the number of
§ until The aggregate can be placed without in-

VWY AN C0

tersecting any others

The number of cells and aggregates at the beginning of a simtibn run is based
on aggregate size distribution data derived from in vitro gxeriments. The size dis-
tribution of the aggregates found in the 0-hour images are egd to set the initial
conditions for the simulations. The distribution determires how many aggregates
of the varying sizes should be de ned at the beginning of theénsulation. At initial-
ization time cells/aggregates are randomly placed in nomtersecting locations in
the simulation environment (see Algorithm 4.1.3 for placig cells randomly in the
simulation environment). Before this is done, a number of ggegate con gurations
for each size aggregate present in the experiments are padcalated. This input
data is created by performing several simulations and reabng the geometry of the
resulting aggregates for the di erent sizes. The aggregat®n gurations are stored

in les, each containing several random arrangements. Eaelggregate is represented
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by the coordinates and number of neighboring cells for eachits cells. During ini-
tialization the needed number of aggregates are read frometbe les and placed in
the simulation environment.

The main loop of the simulation runs the algorithms descrilgkin this chapter

in a speci c order. (See Algorithm 4.1.4 for the main loop offte simulation.)

Algorithm 4.1.4:  MainLoop (void)

while SimulationTime < 24hr
DetectCollisions()
if Save§taté> == true
then iEmlt 0
- SaveStatd)
if Divid%? == true
g for each Cell 2 CELLS
then do if CanDivide(Cell)
then Divide (Cell)
CalculateGradient()
Move()
AgE()

SimulationTime + = SimulationStepTime

|
%

In an e ort to simplify movement, collision, attachment and cell division com-
putations, we discretized the environment in which the cedlexist and move into a

hexagonal grid with a toroidal topology. While each cell cdains a Cartesian loca-
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tion Pc4r, having the cells positioned in a hex-grid ensures equal @iaces between
each grid point and its six neighboring grid points. The tormlal topology connects
the left side of the nite environment to the right side, and the top edge to the
bottom edge. So as cells move over an edge in the underlyingdghey are placed
at the opposite side of the grid. The conversion from hex-gricoordinates Pye

(1)) to cartesian coordinatesPc, (X,y) is shown in Equation 4.1, in whichd is the

distance between grid-points (1m for our simulations).

PC? = Myex2car PHGS

2 d
Muex2car = (4-1)

0 -3d;

Therefore, a cell can only move in one of the six directions asen in Figure 3.5.
The cell moves in the direction which is closest to its veldgi vector. The closest
direction is determined by the smallest angle between thexspotential directions
and the velocity vector. The number of steps taken is calcuked from the cell's
velocity and the simulation time step. The details to this ae shown in Algorithm

4.1.5.
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Algorithm 4.1.5:  FindDirection (Gradient)

if =6 Gradient:Angle< = 2
then Direction 1
else if =2 Gradient:Angle< 5=6
then Direction 6
else if 5=6 Gradient:Angle or Gradient:Angle< 5=6
then Direction 5
elseif 5=6 GradientAngle< =2
then Direction 4
else if =2 GradientAngle< =6
then Direction 3
else if =6 Gradient:Angle Oor O Gradient:Angle< =6
then Direction 2
else Direction Random direction 1to 6

return (Direction)

An unattached cell moves in the direction of the chemoattraant gradient with
a velocity proportional to the gradient. If a cell is a part ofan aggregate, its
gradient-based velocity is combined with the velocities taulated for the other cells
in the aggregate to produce an averaged velocity for the wigolggregate. The
number of steps taken is calculated from the cell's velocignd the simulation time
step. Algorithms 4.1.6 and 4.1.7 describe how cells/aggeggs can move with the

gradient.
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Algorithm 4.1.6:  CellMove (void)

for each Cell 2 CELLS
do if Cell is single
then if8 Cell:active == true
V elocity = k; Cell:Gradient(Equation 3:5)
Displacement = V elocity SimulationStepTime
if Displacement > 1
then Direction FindDirection (Cell)
then NewLocation = Cell:center + Direction Displacement
if Moving Cell to NewLocation does not cause a collision
then Move Cell to NewLocation

Cell.Gradient -= gradient vector needed to

" do the movement
else Move Cell randomly 1to 3 with 1% probability
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Algorithm 4.1.7:  AggregateMove (void)

for eaé:h Aggregate2 AGGREGATES
AverageGradient  Average gradient of cells in Aggregate
Velocity= =M  AverageGradient
Displacement = V elocity SimulationStepTime
if Displ%cement> 1
Dir FindDirection (AverageGradient)
if Every Cell in Aggregate can move towards Dir without

do colliding with any other cells or aggregates

for each Cell 2 Aggregate
then § ggreg

NewLocation = Cell:center + Dir Displacement

do Move Cell to NewLocation

% Cell.Gradient -= gradient vector needed to

" do the movement
else Move Aggregate randomly1

The minimum distance a cell can move i’l m. It is possible that the x
produced by a particular chemoattractant gradient and celaggregate mass is less
than d. When this occurs, the x is stored and accumulated until the length of the
accumulated vector is greater thard. At that point the cell/aggregate is moved.
It is also possible that x is not a multiple of d, i.e. x=a d+ Db b<d. In
this case the cell/aggregate is moved steps and the amountb is saved for future

accumulation.
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Algorithm 4.1.8:  Age (void)

for each Cell 2 CELLS
do if %ell is single or Cell:active == false or Cell:isDying == true
Cell:Age + = SimulationStepTime
if CeII:agtive == true and Cell:Age >= Tapoptosis
%Cell:isDying = true
then then Cell dies with probability k; (Figure 3:7)
if Cell dies
then Remove Cell from CELLS

else if Cell:active = false and Cell:Age >= QuiescentTime

then Cell:active = true

Each cell has an age which is initially set to zero and is updad with every time
step. Unattached cells have an increasing probability of dyg as they age past 18

hours. Once a cell dies it no longer processed(See Algoritidni.8).

Algorithm 4.1.9:  CanDivide (Cell C)

if C:active== true and CelliisDying == false
then return ( true )

else return ( false )
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Algorithm 4.1.10:  Divide (Cell C)

Poivising = getK;(C:Age) getKs(C:NumberOfAttachments) Ppoiiteration
Dir direction chosen randomly betweenl to 6 (Figure 3:5)
==Division occurs with probability P robabilityOfDividin g
if C de%des to Divide

while direction chosen is occupied

do Dir =(Dir +1) Mod 6
Put a new cell Gy to (C:center + Dir)
then _ ¢, separates fromC with probability

getRyandering (C:NumberOfAttachments)
C:active false

- Cy:active false

All active cells may probabilistically divide, with their proliferation probabilities
being a function of age and number of attached cells. Once thdivide the age of
both daughter cells is set to zero. Algorithm 4.1.10 explasnhow proliferation is
implemented. See Algorithm 4.1.9 for the details on how to dele whether a cell
can divide or not at a given time step.

Collisions are detected by checking if any cell centers aratmn a 2 Radius

distance. Once a collision is detected three scenarios am@sgible:

both cells are singles, and they form a doublet;

one of the cells is single, the other belongs to an aggregaded the single cell

joins the aggregate;
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both cells belong to aggregates, and all of the cells in onegaggate join the
other. The aggregate with the smaller mass joins the other ggegate to save

computation time.

No two cells are tested against each other more than once chgicollision detection.

(See Algorithm 4.1.11 for details).



Algorithm 4.1.11: DetectCollisions  (void)

for C;, 1to NUMCELLS
do if %ell:active == true
for C, C;+1to NUMCELLS
do if CELLS|[C,].active== true and CELLS|[C,]

ang CELLS|C;] does not belong to same aggregate
Dist Distance between CELLS[C;] and CELLS[C;]

if Dist <82 CellRadius
Aggregatel CELLS [C;]:AggregateNumber
Aggregate?2 CELLS [C,]:AggregateN umber
if Both cells are single

then Form a new doublet
then

else if80nly one is single

then 2 ==Assume CELLS[C,] is single
then

then ? CELLS [C,] joins Aggregatel

==Assume Aggregaté has more cells
All members of Aggregate2 joins

else
Aggregatel

VWA A 00

Aggregate is destroyed
CELLS [C;]:NumberOfAttachments + +
: - CELLS [C,]:NumberOfAttachments + +

33
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Algorithm 4.1.12:  Emit (void)

for each GridPoint (x;y)
do ChemoGrid[x][y]=0
for each Cell 2 CELLS
do fgr each GridPoint (x;y) Cell:Rya away from Cell
% d Distance between Cell and GridP oint
do _ Amount DiffusionEquation  (d; Cell:EmissionRate)

- ChemoGrid[x][y] + = Amount

Algorithm 4.1.13:  DiffusionEquation  (Distance; EmissionRate)

EmissionRate  Co
return (A + 1+ Distance )

After collision checking and possible attachment, every @ige cell emits chemoat-
tractants into the environment. A 2D Cartesian grid is used ¢ store the chemoat-
tractant concentration in the environment. The amount of clemoattractant con-
centration at a grid point is calculated from the di usion function (Equation 3.1)
and added to the grid point. (See Algorithm 4.1.12 and Algofim 4.1.13 for de-
tails). We use these values to visualize the chemoattractareld around the cells.
Chemical concentrations are emitted into the chemoattraeint grid only for visual-
ization purposes, and therefore are calculated only at a usgpeci ed sampling rate.

For example, while the simulation time step may be 1 minute, mimage captur-
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ing the locations of cells and the chemoattractant concerdtion distribution in the
environment may only be generated once every simulation hou

The set of cells that might have some in uence on a cell is citlal information
for the simulation, and is relatively expensive to calcul&. At each time step each
cell determines what subset of the cell population may intact with it, either via
collision or chemical eld. This process creates two neigbbsets, one which includes
all cells that signal the cell, i.e. the distance between theell and any cell in this set
is less than or equal tdRyax Of the signaling cell, and one with all the cells that are
within a distance of 2 r. from the cell. In order to calculate the neighbor set for
a cell we process every other cell and compute the distanceMzen them, placing
each processed cell in the appropriate set if necessary. éfthe sets are created,
the cells in the second set are designated colliding neighb@and are attached to the

current set. (Algorithm 4.1.11)
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Algorithm 4.1.14:  CalculateGradient (void)

for C;, 1to NUMCELLS
do if %ELLS [Ci]:active == true
for C, C;+1to NUMCELLS
do (if CELLSIC;].active== true and
CELLS[C;] and CELLS|C,] does not

be@ng to same aggregate)
then % Dist Distance between CELLS[C;] and CELLS[C;]

if Dist CELLS [C,]:Rmax
then then CELLS [C,]:NeighborSet:adqC,)
if Dist CELLS [C1]:Rmax
then CELLS [C;]:NeighborSet:addC,)
for ea80h Cell 2 CELLS
Initialize values of all receptors to zero
if Cell:active == true
then for each OtherCell 2 Cell:NeighborSet
do fgr each R; 2 Cell:Receptors
do E Distance Distance between OtherCell and R
do 3 RitValuer =

" DiffusionEquation (Distance; OtherCell:EmissionRate )
Cell:Gradient  Calculate gradient from Equation 3:4

* Cell:GradientAngle  Calculate theta from Equation 3:4
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When calculating chemoattractant concentrations gradids we employ a more
accurate approach that does not utilize the values stored the chemoattractant grid
(Algorithm 4.1.14). At every time step and for each cell, theells that can in uence
the current cell are marked, i.e. added to a neighbor set. Walculate the distance
from the current cell to every other cell. If the distance bateen the two is less than
the other cell'sRya Vvalue, the other in uencing cell is added to the current cel
neighbor list. We do this check and set creation for both csllto avoid unnecessary
calculations once it is the turn for the second cell to build p the neighbor set. If
the rst cell is in uencing the second, then it is also added @ the neighbor set of the
second cell at this stage and this pair of cells is not procestfor distance calculations
further in the same simulation step. Once we determine whiatells may a ect the
current cell with their chemical elds, the chemoattractan concentration emitted
from each of these cells is calculated, via Equation 3.1, dtd eight receptors on the
current cell's surface, and used to calculate the overall emical gradient (Algorithm
4.1.13). This pre-processing saves signi cant chemicalrmentration computations.
Cells do not self-stimulate nor are they in uenced by the cH in their aggregate,

i.e. cells in the same aggregate are not added to the neighbist.

4.2 Complexity Analysis

The simulations were run on a 64-bit linux cluster running Dal-Opteron nodes
with 1GB of RAM, and Gentoo 2.6. The individual execution times mostly depend
on number of cells in the simulation. The average running tien per simulation for
the computational experiments was approximately 30 minute

The computing time depends on the number of cells being presed. The dom-
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Table 4.3: Running times with respect to initial number of cés

Number of cells| 1 10 | 100| 1000 | 10000
Running time | 3s| 10 s| 90 s| 2520 s| 23820 s

inant methods in the complexity analysis are the functionshat detect collisions
and calculate gradient. Both these functions perform a chieavhere everyActive
cell is checked against every othekctive cell. As we previously stated, no two cells
are checked twice against each other. First cell is checkedgaenst N 1 cells wort
case, i.e. if all cells are active, wherl is the total number of cells. Second cell is
checked againstN 2 cells worst case as it has already been checked against the
rst one. Equation 4.2 gives us the total number of checks pfarmed in any of these
functions.

Xt (N 1) (N 2
k= 2

k=1

O(N?) (4.2)

The increase in running time due to the increase in number oélts is worst case
guadratic. The running times with 10,100,1000,10000 celise given in Table 4.3.
The grid size is 2155 m x2155 m for each run. The running times shown in Table
4.3 are better thanO(N 2?) because of the increasing inactive population throughout

the simulation.
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4.3 Evaluation Methods

We used Earth Mover's distance (EMD) [32] to calculate the siilarity between
the results of our simulations and in vitro experiments. EMDis a well-established
method for computing the distance between two distributios. It is de ned as
the minimum amount of work required to transform one distrilution into another,
assuming that bin indices are equivalent to distance and thbin quantities are
equivalent to mass. EMD provides us with a scalar measure thguanti es the
similarity between the simulated and in vitro aggregate se distributions.

The EMD is based on the solution of a transportation problem tich is a linear
optimization problem. If the cost for moving a single featw unit in the feature space
is de ned based on the ground distance, then the distance lweten two distributions
is given as the minimal cost to transform one distribution tathe other, where the
total cost is the sum of the costs needed to move the individlgeatures. The two
distributions that are to be compared are represented by sigtures. The signatures
are sets of weighted features. We used size of the aggregates the mass of the
aggregate, as features and number of aggregates of relevsize as weights in our
implementation. Euclidean distance is used as the groundstiance to calculate the
distance between features.

Several dissimilarity measures are compared in [31]. We eeoEMD as our
measure because of its ability to compare distributions thaare not necessarily
the same size and also its ability to do partial matches wherhé total weight of
the features do not create an exact match. However, the biggedrawback of this

algorithm is that it is not as e cient as others in terms of conputational complexity.
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Table 4.4: Running times of EMD algorithm with respect to inpit size

N 10 100 500 1000
T(N) | 0:06ms | 1481ms | 1780ns | 13400ns

Time complexity of EMD is O(N?3) for histograms with N bins [16]. In Table 4.4
N stands for the size of the feature array passed to EMD as inputn our model
this would be the mass of the largest aggregate. Considerihg was less than 200
in our simulations, and< 1s running time for this input size, the e ciency of EMD
was not a major concern in our model. In Table 4. is the size of the feature
array passed to EMD as input. In our model this would be the masof the largest
aggregate. Considering thalN was less than 200 in our simulations, and requires
less than 1 second of execution time for this input size, theceency of EMD was

not a major concern in our model.
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5. Experimental Model

The PC12 cells used for experimental validation were cultad in T- asks, in
high glucose (4.5 g/L) Dulbecco's modi ed Eagle's medium (MEM), supplemented
with 7.5% fetal bovine serum, 7.5% equine serum and L-Glutane, in a 5% CO2
incubator as previously described [26]. The in vitro experients were carried out by
Prakash Manleyin Tissue and Cellular Engineering Lapled by Dr. Peter I. Lelkes.

At hour zero PC12 cells were removed from a culture ask and 1guspended
vigorously to break up aggregates. The cell suspension sdadbed was seeded in a
petri dish through a 20 m cell strainer. This allows us to state with some degree of
con dence that the sample, in the initial condition (t=0) consisted mostly of single
cells or aggregates consisting of 2 or 3 cells. For the valida experiment, the cells
were seeded at a concentration of 50000 cells per ml of cuiunmedium. The cells
were allowed to settle to the bottom of the petri dish before mroscopy. Some of
these cells and small aggregates clump together instantlyjth a rate dependent on
the initial seeding concentration (Fig 5.1 left).

Images were captured as soon as the cells settled, providthg initial data point
(t = 0). The petri dishes were then placed back in the incubatoand allowed to
aggregate and proliferate for 24 hours before images wergttaed again (t = 24
hrs). The experimental data shows a changing trend in favorf éarger aggregates
over time, which correlates with the behavior of the model. file images after 24
hours still do show some single cells rather than a populatigourely consisting of

aggregates, which could indicate active proliferation ofetls in the culture.
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Expeimental Data Sinulation Results

Figure 5.1: Comparison of live and simulated data. (left) Miroscope image from in
vitro experiment. (right) Visualization of simulated aggregation.

The experimental data were gathered by manually analyzingnelve images
taken, without overlap, of di erent randomly located areasof a petri dish. The
images were acquired in a way to best represent the overallgudation of cells in
the dish. The eld of view captured in each image is 720m x 534.5 m. Single
PC12 cells are approximately 11 m in diameter with a standard deviation of about
4 m. Manual analysis of the images consisted of counting the mber of cells in
each aggregate and tallying the aggregates with the samela@®unt. This produced
aggregate size distributions for the Oth and 24th hours of #in vitro experiment,

as listed in Table 6.1 and seen Figures 5.2 and 6.2 (blue bars)



43

JANNBE AN B

T T T
1 2 3 4 5 6 7 8 9 10 11
Aggregate Size

Figure 5.2: Initial size distribution of aggregates gathed from the in vitro exper-
iment. The X axis is the number of cells per aggregate. The Y &xis the number
of aggregates of a particular cell count.
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6. Results

An extensive number of simulations were performed with theomputational
model in order to determine which of its components are mostitical to producing
the aggregation behavior of PC12 cells. In the process we eehined the parameter
values that recreate the specic results from an in vitro agggation experiment.
Our parametric studies initially used values from the liteature for the parameters
listed in Tables 3.1 and 6.2. We systematically altered thesparameter values, ran
simulations, identi ed the most critical of the parameters and the value ranges for
each that would produce a close t to the data derived from thén vitro aggregation
experiment. As we found a promising range for a particular pameter we conducted
additional simulations at a higher sampling resolution wiiin the range in order to
pinpoint the optimal value, i.e. the parameter value that poduced the best t to
the in vitro experimental data.

Starting with an initial cell/aggregate distribution derived from the O-hour in
vitro experiment (see Figure 5.2), we performed in silico ggegation experiments
(simulations) equivalent to the 24 hour in vitro experimentdescribed in the previous
section. The simulations were performed in a 4,644,026 2 (2155 2155m ) virtual
petri dish, with this area being equivalent to the total areacovered by the twelve
images of the in vitro experiment. At the end of each simuladin the size distribution
of the resulting aggregates is saved and compared with thegaggate size distribution
derived from the in vitro experimental data. We also save thstate of the simulation

system and a representative image of the virtual petri dishtaegular intervals (see



45

t=0 t =6hr

t=12hr t=18hr

t =24hr

Figure 6.1: Visualization of simulated cell aggregation. Ae state of the system (cell
locations and chemoattractant concentration) can be stodeand viewed at any time
step.
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Figure 6.1).

The rst twenty entries of the 24th-hour size distribution from the simulated data
are compared to the in vitro data using Earth Mover's Distane (EMD). Optimizing
this measure provided us with the simulation parameter vaks that produced the
best ttoin vitro experimental data. While aggregates conaining more than twenty
cells were formed in both the in vitro and in silico experimes, most of the cells
belong to the smaller aggregates. It was deemed more impaortdo recreate the
large-scale trend found in the smaller aggregates, rathdran attempt to match the
fewer and e ectively randomly distributed larger aggregags.

The process of adjusting simulation parameters to best t mults to in vitro
outcomes allowed us to perform a sensitivity analysis thatlenti ed those parame-
ters that most in uence the aggregation outcomes. Each laegseries of simulation's
within the study utilized a range of values for a small subsedf the model's parame-
ters (See Table 6.2), keeping the majority of parameters vads constant (See Table
3.1). For a particular set of parameter values nine simulains were calculated, each
using the same initial aggregate size distribution, but wit di erent, randomly gen-
erated con gurations/locations for the individual aggre@tes. After running nine
instances of a single 24-hour simulation a representativeze distribution for the
tested parameter set was produced by averaging together ttestributions furnished
by the individual simulations. By comparing the simulated esults with the in vitro
results using EMD and focusing our simulations on those pareeter values produc-
ing the best match between the two, we manually searched thegameter space of

our simulations to solve this non-linear optimization prokem.

consisting of 150 runs
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Table 6.1: Size distributions for initial, 24-hour in vitroand equivalent simulated ex-
periments. Values represent the percentage of the total polation where aggregates
are of the relevant size.

Aggregate Initial (O-hr) Experimental | Best Average|| Best Single
Size (24-hr) Simulation Simulation
(24-hr) (24-hr)
1 0.3064 0.1468 0.1775 0.1753
2 0.2548 0.1258 0.0973 0.0995
3 0.1419 0.0979 0.0841 0.0805
4 0.1225 0.0839 0.0704 0.0853
5 0.0741 0.0559 0.0693 0.1090
6 0.0354 0.0419 0.0652 0.0473
7 0.0161 0.0699 0.0521 0.0616
8 0.0258 0.0419 0.0521 0.0331
9 0.0096 0.0629 0.0429 0.0473
10 0.0096 0.0489 0.0481 0.0379
11 0.0032 0.0419 0.0395 0.0426
12 0 0.0279 0.0303 0.0236
13 0 0.0209 0.0252 0.0142
14 0 0.0209 0.0326 0.0473
15 0 0.0349 0.0234 0.0284
16 0 0.0069 0.0246 0.0142
17 0 0.0279 0.0160 0.0189
18 0 0.0069 0.0200 0.0094
19 0 0.0209 0.0120 0
20 0 0.0139 0.0177 0.0236
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Figure 6.2: Blue bars represent the aggregate size distriimn observed in the in
vitro experiment. The red bars are the size distribution prduced by the average
simulation with the best t to the in vitro result.
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Figure 6.3: Size distribution from the single simulation ra (red bars) that produced
the best t to the in vitro result (blue bars).

Table 6.2: Critical parameters a ecting cell aggregationParameter values investi-
gated. Optimal parameter values for best average simulatiaun.

Parameter | Range Tested| Value

0.01-0.1 0.04
PS, 0.01-0.1 0.039
Unax 1-3 15

Q 30 min-4 hr 40 min
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Table 6.2 presents the parameters identi ed as most criti¢dor reproducing PC12
cell aggregation behavior, with the parameter ranges testeduring our study and
optimal values found at the conclusion of our study. Figure.8 presents the distri-
butions from the best average simulation run and the in vitrexperiment. The best
single simulation was contained in this series. Its distrition is presented in Figure
6.3. Additionally the cell counts in these simulations als@rovided a good match
with the in vitro experiment. Both the in vitro and in silico experiments started
with 885 cells. After 24 hours the in vitro experiment contaied 1595 cells. The
best average simulation run had an average of 1654 cells af2d simulation hours.
The best individual simulation completed with 1640 cells. dble 6.1 contains the
size distributions for the best average and best single sitations in comparison to
the in vitro (after 24 hours) and initial size distributions. These results demonstrate
that our model is capable of reproducing the large-scale aggation behavior, as

represented by cell population size and aggregate size distitions, of PC12 cells.
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7. Discussion

The rst set of parameters to be evaluated in our sensitivityanalysis was
(chemotactic response factor)Ryax (radius of in uence), and Uyax (Mmaximum at-
tachment up-regulation factor). After a number of experimets with these parame-
ters it became clear that the bestyy o« value was 1.5. We came to this conclusion by
observing that the EMD for the aggregate distributions assmated with Uy =1:5
was a local minimum (i.e. optimal) over a range of acceptabl@lues for the other
parameters. We also concluded thaRy.x should not be an independent parame-
ter, but instead should be a function ofCy, k; and k;, as de ned by Equation 3.3.
Therefore it was removed from the tested variables in our pametric studies and
calculated accordingly.

After removing Ryax and Uyax from our variable test set we addedP$;, , which
clearly plays an important role in the number of cells prodwd during the 24-hour
simulation. Another parameter that was modi ed and studiedwas Q, the quiescent
time period for newly created cells. Our nal series of compational experiments
involved modifying the , P3,, and Q parameters in order to nd their values
that would produce an optimal t between the in silico and in vtro aggregate
distributions.

is the coe cient that a ects a cell's speed in response to a @mical gradient.
The speed of a cell a ects the number and size of the aggregafermed. The faster
the cells move in response to a chemical gradient the moredik they are to collide

and attach before the apoptosis phase; thus lowering the niver of dead cells at
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Figure 7.1: E ect of chemoattractant gradient response onggregation.
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Slower

cells ( = 0:01) (left) form fewer and smaller aggregates while fasterltse( = 0:1)
(right) form larger aggregates after 24 hours.
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Figure 7.2: E ect of proliferation rate on aggregation. Thecell proliferation rate
directly a ects the total number of cells. (left) Lower rates decreases the number
of large aggregates and increases the number of smaller agattes. (right) Higher
rates dramatically increases the number of single cells, &sll as overall population.
The rst distribution contains 1170 cells and the second cdains 4320 cells after 24

hours.
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Figure 7.3. E ect of Uyax On aggregation behavior. Uy, the maximum up-
regulation factor based on the number of attached cells, @ictly a ects Ry ax . (left)
Uvwax = 1:0, i.e. no up-regulation. There are more singles and fewerda aggre-
gates. (right) Uyax = 3:0, i.e. a cell may signal other cells at a distance 3 times
greater than a cell with no up-regulation. With an increasig Uyax the number of
single cells decreases as larger aggregates are formed.
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Figure 7.4: E ect of quiescent period length on aggregatidmehavior. As Q increases
fewer aggregates are formed. Results shown for Q = 10 min fJednd Q = 2hr

(right).
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the end of the simulated 24-hour period. We further observethat larger and more
numerous aggregates form in a shorter period of time with amdrease of the
parameter. In Figure 7.1, the graph on the left shows the sizistribution after 24
hours using slower cells (= 0:01), while the graph on the right shows the same
experiment with faster cells( = 0:1). As seen from the gure slower cells formed
fewer and smaller aggregates while faster cells formed largaggregates after 24
hours.

PJ., directly a ects the size of the cell population since it detenines how often
cells proliferate. As the proliferation probability increases the environment becomes
more crowded in a shorter period of time. For example, we stad two sets of
simulations with 885 cells, one withP3,, = 0:01 and other withPS,, = 0:1, keeping
all other parameters the same. After 24 hours, the one with @wer proliferation
rate had its population grow 32%, ending up with 1170 cells. e set with a higher
proliferation rate had its population grow almost 400%, endg up with 4320 cells.
Both distributions are shown in Figure 7.2. ThePJ, parameter also has an e ect
on the size distribution of aggregates. ARS,, increases, the number of single cells
increases dramatically, leaving fewer aggregates. Thiscocs because more and
more individual cells divide before they are able to attachat other cells. Decreasing
PJ., lowers the number of larger aggregates, but allows for theeation of smaller
aggregates.

Uvax aects the strength of a cell's chemoattractant emission, rad therefore
Rwax , its e ective range of inuence. As Uy (and Ryax ) increases more cells
are attracted to each other over longer distances, and attaments occur more fre-

guently; thus producing a higher number of large aggregated-igure 7.3 demon-
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strates how increasindJyax @ ects the size and number of the aggregates.

The Q parameter speci es how long a newly created cell remains ttave before
being able to form attachments. Longer quiescent periods k& it less likely that
cells will form into aggregates, leaving more single celladfewer large aggregates.
If this time period becomes too short, an aggressive proliggion behavior and in-
creased aggregation is observed. In this case after 24 hotlvs number of smaller
size aggregates decreases and more large ones are formea €léct of quiescent
period length on aggregation behavior is shown in Figure 7.4

Figures 7.5, 7.6 and 7.7 demonstrates how we optimized the B\Mby keeping one
of the , PJ, and Q constant while changing the other two parameters. In Figure
7.5, Q = 40 minutes for all experiments, has a range [0.036:0.046] arfefd,, has a
range [0.036:0.041]. We obtained the best EMD when= 0:04 andP$,, = 0:039.
In Figure 7.6, P8, = 0:039 for all experiments, has a range [0.036:0.046] ar@
has a range [30:55]. We obtained the best EMD when= 0:04 andQ = 40. In
Figure 7.7, =0:04 for all experiments,PJ, has a range [0.036:0.041] ar@ has a
range [30:55]. We obtained the best EMD wheRj,, = 0:039 andQ = 40. In these
three gures, we show that the parameter sef P3, = 0:039, =0:04,Q = 40g is
indeed the one that gives us the optimum EMD. In all three gues a change in one
or more of these parameters result in a worse EMD, i.e. a worgdo the in vitro

experiments.
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Figure 7.5: Change in EMD with respect to changes in and P3, . Q = 40. The
EMD is optimum, i.e. the simulation results are closest to i@ experiments when
=0:04 andPS,, =0:039.
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Figure 7.6: Change in EMD with respect to changes in and Q. P§, =0:039.The
EMD is optimum, i.e. the simulation results are closest to i@ experiments when
=0:04 andQ = 40.
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Figure 7.7: Change in EMD with respect to changes iRJ, and Q. =0:04.The
EMD is optimum, i.e. the simulation results are closest to i@ experiments when
PJ, =0:039 andQ = 40.
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8. Conclusion

In this thesis, we have presented a 2D computational model ah successfully
captures the cell behaviors that play important roles in célaggregation. A virtual
cell in our model is designed as an independent, discrete uwith a collection of
parameters and actions. Each cell is de ned by its locatiomumber and position
of receptors, chemoattractant emission and response ratexge, life cycle stage,
proliferation rate and number of attached cells. All cellst@ capable of emitting and
sensing chemoattractant chemical, moving, attaching to ber cells, dividing, aging
and dying.

We validated and ne-tuned our model by comparing simulated4-hour aggre-
gation experiments with data derived from in vitro PC12 cellexperiments. Quan-
titative comparisons of the aggregate size distributiongdm the two experiments
were produced using the Earth Mover's Distance (EMD) metricWe compared the
two size distributions produced after 24 hours of in vitro deaggregation and the
equivalent computer simulated process. Iteratively modifng the model's parame-
ter values and measuring the di erence between the in sili@nd and in vitro results
allowed us to determine the optimal values to produce simukd aggregation out-
comes closely matched to the PC12 experiments. Results sinaw Section 6 con rm
the ability of our model to recreate large-scale aggregatidoehaviors seen in live cell
experiments.

Through our simulation studies we were able to identify impant factors a ect-

ing cell aggregation such as the cell's proliferation rateesponse rate to chemoat-
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tractant gradient, length of the quiescent stage after celtlivision and up/down-

regulation of chemoattractant emission based on the numbef attached cells.
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9. Future Work

In this work, we have run an extensive number of simulationsnal compared the
simulated and the in vitro results using EMD. Focusing on thee parameter values
that produced the closest t to real data, we manually searctd the parameter
space to solve this non-linear multi-dimensional optimizeon problem. In order to
make these parametric studies more e cient we propose to delop an automated
optimization system in the future. This system would use angiimization technique
to converge on a parameter set that gives us the closest sizstiabution to the in
vitro experiments.

After implementing automated optimization, we will use ths 2D model to study
the aggressivity of breast cancer cells by simulating the ggegation of tumor cells
with di erent aggressiveness in breast cancer tissue.

We have chosen to create our model in 2D to use the advantageaasimpler ap-
proach. While it was su cient to have a 2D model so far, this wil not be adequate
for further studies where we want to incorporate 3D forces,otlisions and attach-
ments. We will extend our model to 3D while maintaining its curent functionality
and adding additional features. Further additions to the mdel will include simu-
lating a bioreactor environment, which will analyze the célaggregation behavior
under hydrodynamic forces. This model will require 3D forsg motion, collisions

and attachments.
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