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In this study, the proliferatioaf adiposederived stroral cells was modelled and compared
to experimental measurement$he fundamental characteristis of contacinhibited
proliferation wereinvestigated by implementing a reductionist cellular automata model that
assumed spaamnstraints atheonly limiting factor of proliferation. Theellular automata
were measureth terms of confluency and tlemitotic fraction which mean that the
influence of various factorsould beinvestigatedindependentlyof the cell count and
simulated matrix sizel'he seeded confluency atite migrationof cellswere found to have
important effects on the mitotic fracti, andit was discovered thahis effectcould be
summarised by calculating a measure of spatial dispergitile the cellular automata
modelis based ompreviouslypublished modelsherelationship that was discovered between

themitotic fraction corfluency and spatial dispersiamnew



A Markov population modehatdescibes the number of cells as a function of cell cycles
and the mitotic fractionvas derivedrom first-principles A population model with a time
or cycle varying mitotic fraction has notgwously been formally described in the literature.
Two modek for the variablamitotic fraction werederived fromtwo well-known population
equationsithe Verhulstand generalised logistiequations The Verhulstmodel provided
reasonable appkimations for the cellular automata simulasphut could not accurately
describe very low or high seeding densiti#ge generalised logistic model included
parameterghat had o previously defined biological meaningA relationship between
spatial dispersioandtheundefined parametevgas discoveredand by including measure

of spatial dispersiarthe generalised logistic model moaecuratelydescribedhe cellular
automatasimulationsthan the Verhulst modellhe relationship between the undefined
parameters in the generalised logistic model and confluency and spatial dispersion has not

been previously described in the literature.

The population model was converted to a function of time to allow comparison to
experimental measurementhe Verhulst and generalisémbistic mitotic fractionmodels
performed similarly when describing and predigtithe experimental data, and no
statisticdly significant difference was found between tlmdt-meansquare erroof each
model. This could either indicate that spatial dispersion is not a causal prefiexigqpose
derived stromal/stem celAGC) proliferationin vitro, or that the comparativelgw spatial

dispersion thatvasmeasuredhad aminimal effecton proliferation

Cells from the same patient that were seeded at different densities were found to have
different population limits. Confluency wasantified for the lower population limignd it

was found that a plateau was reached at less than 60% confluency. This indicates that space
constraints may not the only limiting factof proliferation and that other factors, such as

cell-to-cell interations, may influence the proliferation ASCs.

The population models were tested for their predictive capacity, but it was found that
accurate estimates of the population limit required the inclusion of measurements of slowing
growth. When consideringdhslowing growth usually occurs when gptation approaches

confluency, this limits the predictive utility of the models in a clinical setting.
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CHAPTER 1 INTRODUCTION

1.1 PROBLEM STATEMENT

1.1.1 Context of the problem

TheUnited States Food and Drug Administratiannounced eegenerative medicine policy
frameworkin 2017 and it stated h a t AWedbre at the beginning
medicine with the promise of being able to facilitate regeneration of parts of the hungan bod
where cells and tissues can be engineéreahd adult stem cells can generate replacements

for cells that a& lost to injury or diseasdl].

Adipose tissue is a source of two important cell populations used in regensraticre:

stromal vascular fraction (SVF) cells that are isolated from adipose tissue via collagenase
digestion, and adiposéerivedstromalstemcells (ASCs), a plastiadherent population that

is isolated by culturinghe SVF.

ASCscontain a sulpopulaton of adult stenilike cells that have promising applications in
cell-based therapy and regenerative medicamelmay beexpanded to greater numbans
vitro, before use in treatments. There is substantial-iatet intrapatient variability in the

in vitro proliferation characteristics of ASCs, which is likely to be due in part to the

heterogeneity of the SVF.

In clinical practice, it is important to predict when ASCs will reach therapeutic numbers for
many logistical reasons, such as scheduling patigodintments and allocating laboratory
resources. Predictive proliferation models for ASCs also have applicatioresearch
laboratoriessuch as optimising culture conditions. In clinical applications, it is envisaged

that a set of featusecan be meased from newly isolatedASCs after which their
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proliferationcan bepredicted. If additional accuracy is required, further measurements can
periodicallybecarried outA mathematical model that has a sufficient number of measurable
features to define hASC population at the beginning of culture is needed to predict cell

proliferation.
1.1.2 Research gap

Predictive capability refers to how well a model can predict the proliferation characteristics
of a population of ASCs with only a set of initial measureselmportantly, prior
characterisation of the cell population should not be required, i.e. the model should be

applicable to new annseerpatients.

The model will need to be applied to primary cells, i.e. cells that have not been cultured
before. Primarycdls are more heterogeneous and are not typically used to validate
mathematical models, which usually relyestablisheaell lines[2].

The parameters and features of exissitagn celbroliferation models are comparedTiable
1.1. A feature is synonymous with an independent or explanatory variable, while a parameter

refers to a castant (which may still be measurable).

Table 1.1 A comparison of existing stem cell proliferation models

Number of Measurable Requires prior
Model parameters and| parameters and . .p :
characterisation
features features
Modified Sherley equatiof3] 4 2 Yes
Generaksed logistic[4], [5] 6 2 Yes
Population balance equati¢fl 14 4 Yes
H3 model[6] 5 0 Yes
Randm walk algorithn{7] 5 0 Yes
Threedimensional moddB] 22 0 Yes
Confluency curve fif9] 2 0 No
Department oElectrical, Electronic and Computer Engineering 2

University of Pretoria
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As can beseen inTablel.1, all existing models, except tkenfluency curve fif17] require

full prior characterisation of aetl population, before proliferation can be predicter
subsequent experiments. This approach is knoviratah processingvhich contrasts with
so-calledonline methodsthat can incorporate new data as it becomes availatiteough
theconfluency curvdit can beconsidere@nonlinemethod, it only utises a simple second
order curve fitthat is then extrapolated. This implies that the model has no biological

meaning; consequently, the predictive capability of the model has very limited practical use.

Thegeneralsed logisticand thepopulation balancequatiorwere tested for their predictive
capability [18]; however, this was for a population of cells that was already fully
characterised prior to expansion. Fertinore, only a single parameter (the initial seeding

density) was varied to test predictive accuracy.

Considering the typically large inteand intrapatient variability of extracted adipose tissue
[15], the lack of featuree and parameters that would allow for predictiorthat start of

expansion, is a significant limitatiaf existing models

1.2 RESEARCH OBJECTIVE AND QUESTIONS

Existing cell proliferation models have limited predictive capability, because they require a
full set of observations before parameters cassbimated. Additionally, these models show

poor generalisation; they do not incorporate enough measurable features to be applicable to
different patients.

The following research questions will be answered:

1 Whengiven a measured set Mffeatures, fortim@& 18 &, what is the
accuracy by whiclthe proliferation of a population &SCscanbe predicted for
o) G p OTQwhereQis atime in the future.

1 How is the accuracy of prediction affected wiNerit and™Qare varied?

1 Cancellsin nondividing states benodelled and can this be used to more
accurately predict proliferation?

Department oElectrical, Electronic and Computer Engineering 3
University of Pretoria
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1.3 APPROACH

If static and reproducible culture conditions are assumed, thenwite expansion of ASCs

is a closed systenidence the variability in the system is only gemed by the initial cell
population (i.e. the initiadtatg. It is reasonable to assume that a certain set of features can
be measured at (or near) the start of the culture that will allow the prediction of stem cell
growth in vitro. This hypothetical geof features will be investigated by performing
simulations ofindividual cells. The interaction of the features with the underlying
popul ationds proliferation wil!/ then be de.

measured experimental data.

1.4 RESEARCH GOALS

The primary research goal is to develop a predictieelel for the proliferation of ASGs
vitro. The secondary research goal is to apply the model in a waguthlatbe feasible in
clinical settings by only observing cellsin situ through masurements that are non

destructive and do not affectll viability.

1.5 RESEARCH CONTRIBUTION

This research contributes two approachethéamodellingof ASC proliferation a cellular
automata model, and a population modéle cellular automatanodel was dvelopedas an
in silico simulation platformof ASCs throughwhich the fundamental characteristics of
contactinhibited cell proliferation could be investigated. It was found toaifluency and
spatial dispersiomreimportant measurable features witlegictive capability which has

not previouslybeendesribedin the literature

A discreteMarkov population model was adapted frdimst principlesas a function of cell
cycles and converted to a function of time to allow comparison to experimental
measuementsThe Markov assumption requd@a model for thenitotic fraction which was

implementedusingthe Verhulst and generigkedlogistic equations The Verhulst equation

Department oElectrical, Electronic and Computer Engineering 4
University of Pretoria
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was found to describe the mitotic fraction as only a function of confluency, wigle t
generalised logistic equation included various pest@rs with no biological meaning.
relationship between the undefined parameters and spatial dispersion was disandered

described mathematically

1.6 RESEARCH OUTPUTS

The following article was submitiieto a peereviewed and ISI accredited journal.
9 DeBruin, K.J.F De Villiers, AMedsurechSpdtial Bisppreonr |, M.
Summarises the Effect of Migration and Seeding Density In &ilicoAgentBased
Model of Contactnhibited AdherentCés0 , submi tted for publ i

1.7 OVERVIEW OF STUDY

A literature studyn Chapter 2ntroduces the most important concepts related to ASCs and
the modellig of ASCs It was found thaASCs are a highlydterogeneous population, and
that inter andintra-patientvariability of growth kinetichave been observethe limitations

of existing modelsand approachesr predictionin a clinical settingare discussd

A reductionistcellular automatanodel is presentedin Chapter 3that consides space
constraintsasthe only factor that determis@vhether a cell wouldemain within the cell
cycle anddivide. Within this framework, ti was found that the initial seled density and
migrationstronglyinfluence theesulting growth characteristics. The combined effect of the

seeding density and migration were summarised by measuring spatial dispersion.

A population model ipresentedn Chapter 4hat was derived from first principles. The
effect of spatial dispersn on growth kinetics is modelled mathematically and is compared
the simulated results of Chapter 3.

In vitro measuremertechniques and the results of experiments are described and presented

in Chapter 5Thedescriptive and predictivability of the poplation modelis compared to

Department oElectrical, Electronic and Computer Engineering 5
University of Pretoria
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in vitro measurementsiChapter 6Concluding remarkend recommendations for future

work arepresentedn Chapter 7

Department oElectrical, Electronic and Computer Engineering 6
University of Pretoria



CHAPTER 2 LITERATURE STUDY

2.1 CHAPTER OBJECTIVES

A survey of the relevant literature is presented in this chapter. Toetiobs of the survey
are to present ASC research within the broader context of clinical stem cell research, list the
defining characteristics of ASCs that could be important for ffindeanddiscussexisting

approaches to stem cell modelling.

2.2 STEM CELLS

Stem cells are broadly characsed by their ability to selfenew (i.e. divide to create
additional stem cells) and to differentiate (i.e. become more specialised cells). These tw
characteristics, collectively referred tosismnesgLO], make stem cells a promising clinical
tool.

The two nain types of stem cells are embryonic, obtained from embryos, and non
embryonic, which comprise of mostly adult stem cdlld]. Embryonic stem cellsare
associated witmumerousethical and legl concerns, while adult stem cells, such as those
found in bonemarrow, adipose tissue, and peripheral blood, circumvent many of these

concerng12].

Transplantation of hematopoietic stem cells (HS@wnfbone marrow, peripheral blood,
and cord blood is perhaps the most vkelbwn and clinicallyproven stem cell therapgs
illustratedby the one millionth transplant performed in 2Q13] and the contined growth
in the number of annual transplafigl]. Other clinical applications of stem celismain

mostly nascent and experimentib].
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The most abundant and accessible source of adult stem cells is adiposgl&ksbeen
though bone maom is an important source of adult stem cells, adipose tissue harvesting via
liposuction is safer, easier, and cheaper when comparasptmation from bone marrow
[17], [18].

2.3 ADIPOSE-DERIVED STROMAL/STEM CELLS

Adipose tissue was historically considered an inert energy [i®felt hashowever also
been shown to provide important ecdne functions and is an active participant in immune
response$20], [21]. Adipose tissue consists primigrof adipocytes, but also contains a

variety of other cell types that are collectively referred to as the[32]F

The SVF was first isolated in 19683], but a distinct population cells within the SVF that
could be expandeek vivowas only isolated in 2001, known as processed lipoaspirate (PLA)
[24]. A year later, the steiike characteristics of a subset oélls from PLA was

demonstrated, and these cells were called adigeseed sem cellg[25].
2.3.1 Nomenclature

Bone marrow is most frequently used as a source of HSCs, but it also contains a population
of multipotent mesenchymal stecells (MSCs)[26]. The population of sterhke cells
isolated from adipose tissue initially seemed very similar to MSCs, and both were frequently
referred to as MSCR7]i [30].

The International Society for Cellular Therapy@®B), in a 2006 paper, defined MSCs by
their ability to adhere to plastic, express specific surface antigens, and differentiate into
multiple lineageg31]. This definition includd cells from adipose origin, which were
referred to as adiposkerived MSCs.

A revised position was published in 2013 by the ISCT and the International Federation for
Adipose Tlerapeutics and Science (IFATS), in which adipdegved stromdstemecells
(ASCs) were defined abeing distinct from MSCs[22]. Isolated ASCs are defined as

Department oElectrical, Electronic and Computer Engineering 8
University of Pretoria
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adiposederived stromal cells, until setenewal and muklpotency is proved, after which

that they could potentially be referred to apadederivedstemcells[22].

2.3.2 lIsolation procedure

Once harvested, adipose tissue is washed and didestie@dn enzyme such as collagenase)

to release the individual cell components, and then centrifugation is used to isolate the SVF,
which forms a pellet at the bottom of the centrifugation {ab§ [22]. Various commercial
systems have been developed to isolate the SVF with minimalahatervention19],

[32]. The SVF can then be culturedvitro in a suitable growth medium to isolate the plastic
adherent ASCsThisprocess can also be automated using commeraadilable systems

[33].

2.3.3 Therapeutic ability and methods of treatment

ASCs have demonstrated regenerative propesiesar to other sources of adult stem cells
andare alsammunomodulatory34]i [37]. These characteristics have underlined A%€

a potentially useful therapy for treating various injuries, diseases and did@&le[42].

The SVF is frequently transplanted directly into patients, especially for orthopaedic
therapies, since it was initially considere
be safer and required less regulatory scruf88), [43]. However, the number of ASCs
contained in the SVFsigenerally not considered sufficient for use in thefdf}, and the

inclusion of an uncharacteeid mix of cells contained in SMR& additionto stem cellgould

be potentially detrimental to treatmeotitcomes[44]. Therefore, before using ASCs in
treatments, the cells are isolated andasded to therapeutic numbers in a process known

as serial passagirid5], which is describeth Figure2.1.

Department oElectrical, Electronic and Computer Engineering 9
University of Pretoria
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Passage 0 Passage 1 Passage n
Extract fat Plate and grow Dissociate Plate and grow Plate and grow Dissociate
and isolate to desired into to desired to desired into
SVF confluency suspension confluency confluency suspension

@ N’ @ NP N @
| N

Conical Flask Y e
tube ST Tl @
/ 1
Varying Varying \
number of number of T o
flasks passages NoiTTT 'f",r'j

Figure 2.1. The process of producing therapeutic numbers of ASCs via serial passaging, adapted
from the description of the procesq46]. Each passage entails plating cétio flasks a period of

growthto allow the cells to reach a certaianfluencyfollowed by dissociationf the cellsinto a

suspensionThe dashed symbols indicate that the numbéasks can vary depending on the cell

yield, and that various numbers of passages can be performed.

Once transplanted into a patient, various mechanisms though which AS@sdaéased

cells and tissues have been propdgéd, [48].

1 ASCs are multipotent, and they differentiate and replace damageuh clis
1 ASCs act through the release of growth factors that stimulate tissue repair, and/or
1 ASCs secrete immunomodulatory factors to supgressune andnflammatory

respnses, thereby enhancing recovery.

Clinical trialsthat apply ASC treatments éowide array of diseases and disorders are still in
progres449], and the efficacy of ASCs in the clinic is stdrgelyunproven. Encouraging
resuls have been reported in reconstructive surgery, where cultured ASCs improved the
viability of fat grafts[50].

The exact mechanisby whichASCsprovide aclinical benefitmay be important to consider

when optimising an ASC yield fa specific treatment for future theraf®i], yet at this

Department oElectrical, Electronic and Computer Engineering 10
University of Pretoria
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nascent stage it is sufficient to note that ASCs hmwenising applications, and it is likely

that ASCs will continue to be expandex vivobefore use.
2.3.4 Serum

Several consumables are used in the process of isolatirexpadding ASCs, and many of
these are animalerived[52]. ASCs are typically expanded in foetal bovine serum (FBS),
which carries the risk of transmitting zoonotic diseases, or causing immune reactions when

cells are transplanted into a pati¢s@)].

In order to cicumvent this, ASCs need to be expanded using human alternatives for serum,
such as pooled human platelet lysate (pHBB), [54]. Different sera used during expansion
affect the characteristics of ASCs such as prolifergddh Thus when @mparedo those
expanded in FBS, a significaimcrease in cell viability and proliferation rate was reported
when ASCs were expandedpHPL[56].

2.4 CHARACTERISTICS OF A DIPOSE-DERIVED STROM AL CELLS

2.4.1 Proliferation

Most human cells from solid tissues are adhesdr@n grownn vitro, and expand as a single

layer on the culture flask substr§®].

ASCs are in a suspension when seeded, but adhere to the substrate andisgmead
cytoskeleton onto the sade before they enter the cell cy[@&]. The period during which
this occurs is characterised by low or no proliferation.

Once atached to the substraite vitro, ASC proliferationoccurs according to the same cell
cycle as all eukaryotic cells. The cell cycle, and the states outsidecedlthgcle, are shown

in Figure 22.
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Figure 2.2. TheASCcell cycle, and states outside the cell cycle, adapted[#t6nwith
permission. Additionleannotationsvereadapted froni3]. The cell cycle consists dfiegap 1
(G1), synthesis (S), gap 2 (G2), and mitosis (M) phases. At the end of the Matelbdivides
into two daughter cells through cytokinesis. Quiescence or Gap 0 (GO0) refers fmeatgnexit
from the cell cycle, while differentiation, senesceand apoptosigesult in a permanent exit from

the cell cycle.

Mitotically active (i.e. dividing) cells are considered as being within the cell cycle, and
iterate through phases G1 to M, whthe cell divides into two daughter cells through
cytokinesis. Ogm or both of the resulting cells can then eitheemter the cell cycle, or exit

the cell cycle temporarily into a quiescent (GO) state, or permanently into a differentiated,

senescent, apoptotic stat¢3].

Quiescence refers tthe state otcells that have temporarily stopped proliferating, while
differentiation refers toa process through which | have differentiated into more
specialised cells and subsequently lost their proliferative ability. Both these fates are
generally determined during G1 atcalled restriction pointpt6]. Apoptoss refers to cell

death when the cell cycle is halted as a result of the integrity of DNA, specifically during

checkpoints in the S and G2 phapé8]. Senescence refers to cells that have permanently
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lost the ability to divide as a result of a genetic limit to the number of divisions that have
occurred46]. ASCs expanded in FBS reached senescence after a mean of 179 days and 22
doublings; and féer a mean of 94.8 days and 43 doublings when expanded in [E8PL
Therefore, the authors noted that long term culture of ASCs is only minimally affected by

senescencis8].
2.4.2 Contact inhibition and population limits

Adherent cells that are culturedvitro are usually seeded at relatively low densjtwdsich
leaves the edges of ceflee Thisallows spreading of the cytoskeleton, and permits entry
into the cell cycld46]. As cells reach higher densities, proliferation is inhibited though
conta¢ with other cells, until confluence is reached (i.e. all available space is utilised). At
this point, a certain culture area will reach a population limit where the number of additional
cells added over time approaches zero. In general, the proportspacefutilised can be

expressed as a percentage of confluency.

ASCs are characterised as plasiiherent and contagthibited when expandeéh vitro
[15], [17], and remain so when panded in pHPL55], [58], [59]. Therefore, when grown
in a twodimensional flask, cdactinhibition implies that an ASC population limit exists
where cells cease to dividaving to space constraintshis was confirmed by a gene
expression study, where ASCs at low densities highly expressed prolifexdtited genes,
while ASCs at higldensities did nof60]. Zhu et al. reported ASC proliferation that did not
seem to reach confluency, although slowingwgh was observed aft@0 dayq34].

2.4.3 Population growth kinetics

Adherent cell proliferabn can be described by a succession of three ppjesvhich is

often referred to as growth kinetics. The three phases are shown inE&jdrke first phase

is known as thé&ag phase, during wbin cells attach to the substrate airtlially no increase

in cell number is observed. This is followed by a log phase where cells expand exponentially
at a rate that is frequently referred to as the doubling time. As cells becomeaontiuent,

they reab the saturation phase, when the growth rate approacheg@pn®1].

Department oElectrical, Electronic and Computer Engineering 13
University of Pretoria



CHAPTER 2 LITERATURE STUDY

Lag Log Saturation
+—r <« > 4 >

]

Cell count

Population
- /1 doubling
C[ 1 time

Iﬁ\\ll\ll

Days

Figure 2.3. An example of the growth kinetics of adherent cell proliferation with the three phases
that are typically observed in culture, adapted fféij, with permission. The vertical axis is

logarithmic. An example of the population doubling time is depicted during the log phase.

Growth kinetics are typically quantified using proliferation as4d¢$ that measure cell
counts daily. The counts are usually displayed on a-ksgarithmic plot, which aids in

visually identifying the different phases.

ASCs expanded in FBS were reported by Ketlal [55] to have approximately no lag

phase, a log phase of 16 days, asdtaration phase for the remiag time (measurements

were taken up to 43 dayf)5]. In the same study, ASCs that were expanded in pHPL
exhibited no lag phase, a much shorter log phase of 6 days, and a saturation phase from day

7 up to the last daily measurement on thé d&y[55].

Another proliferation assay of ASCs, performed by Zhal, identified a lag phase of 3
days anda log phase between days 4 ar{@4]. Multiple logarithmic phaseserereported
in the following days; however, the coumshibitedhigh variability andcould instead be
interpretedas a single logarithmic phase until day 1Bhe 3™ reportediogarithmic phase
presented steadily increasing doubling times that couldatelia plateau.
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2.4.4 Division time and population doubling time

Division can be broadly characterised by two different measures: the cell cycle time (also
known as division time) antthe population doubling time (PDT). The cell cycle ti[46]

can be calculated as the time it takes from a certain point in the cell cycle, until the same
point in the cell cycle is reachedbyaéel pr ogeny. Si mi [63]oflay, t he
cell refersto the time elapsed between the cell originating as a daughter cell, artélth

itself divides again. This can be measured per cell using live cell imaging, and results in a
distribution of division times for a population of cells.

Usinglive cell imaging, two distinct populations of MSCs were identified that manifested
in a bimodal distribution of division times: a sleshviding population with a median
division time of 16.8 hours, and a fastBviding population with a median division time of
12.8hours[62].

The second measure, PDT, is frequently usedhéwacterise the log phase of a population
of cells, and is defined §46]

boY O o 11 @8 (2.1)

The PDT is calculated between two time poiotsandO, using tke cell numbers at those
time points,0 and 0 . An example of the population doubling time on a graph, when the
cell count is represented on a logarithmic axis, is shown in FR@r&his is equal to the
average division time of the individuatls that comprise the population, if it is assumed
thatall cells in the population are mitotically active. If this assumption is not accurate, then
the PDT will be prone to underestimate therage division time, since it includes Ron
dividing cells duing that period34], [46].

It has beemeported that ASCs expanded in FBS have a PDT of 123.9 hours, while those
expanded in pHPL have a much shorter PDT of 29.6 H&6ils Rogulska et al. reported
FBS-expanded PDTs with a mean of 89.2 hours, and pédplanded PDTs with a mean of

42 hourd56]. Agostni et al. reported similar findings, where ASCs (at passage 0) expanded
in pHPL had doubling times between 34 and 39 h{@8k
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ASCs expanded in FBS have PDTs that appear to be dependent on passage number, where
a doubling time of 36 hours reported at passage 3 increased to 96 hours at pags#ge 25
Cryopreservation does not appear to have a significant effécGPDT [56].

2.4.5 Migration

Many adherent cells in culture can migrate across the subgtéitd he distance travelled
by cells in a certain period ksiown as motility. The amount of militly seems to depend on
the confluency of the cells, with a lower density of cells associated with higher njd8lity
Motility can be quantified using live cell trackifg6], [62].

2.4.6 Heterogeneity and influencing factors

Differentadipo® tissue harvesting proceduf@4], methods of isolatiofi8], initial seeding
densities[60], and the composition of cell culture med&b] significantly affect the
characteristics of the resulting isolated ASC population. In addibidhis$ variability, the
defining criteria of isolated ASCs are not considered to be sufficiently spg2ficand

have been frequently revisgRil], [66].

Compounding the variability in technical procedures, there is substantial amigrintra
patient variability in the yield of cells obtained7], as w# as the proliferation
characteristics of ASCs, even with precisedgulated culture condition€8]. This may

likely be a consequence of the heterogeneity of the [BYF[72].

2.5 MODELLING STEM CELL PROLIFERATIO N

The majority of existing approaches to modelling stem cell proliferation havesbleeoc
curve fitting [6], [9], while biologically meaningful models have required full
charaterisation & a specific population of cells prior to modelling them in subsequent

expansion$3], [73].

Biological population growth is often modelled with an exponential function that considers

the entire population as perpetually mitotically active; however, adherent stem cell growth
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in vitro does not conform to this simplified asgpion [3]. This can be attributed to
proliferation constraints, such as limited space arbaustion of nutrients igrowth
medium. Because of these constraintstagercells n the population enter negividing

growth states outside of the cell cycle. These heterogeneous cell populations can be
incorporated into growth models by modelling the size of the mitotically active population
[3], where any cell within the cell cycle is seerbagmgmitotically active, while cells that

exit the cell cycle do not contribute to proliferation. As discussed in Section 1.4.2, ASCs are
adheent when exandedn vitro, and demonstrate contaotibition. Therefore, in a limited

area (such as a plate or flask), there is a limitation on the maximum population size.

One of the first models to incorporate a limiting factor to population growghy/grhulst
logistic equation, slows the population growth rate as the population increases towards a
limit (often referred to as the carrying capacify]. The Verhulst equation is widely
applicable, and is still frequently utilised to model population growth; recent examples
include modelling the population growth of aquatic mpbsges|[75], [76], and myoblasts

[77]. The Verhulst equation has also been extended with additional parameters as the
Richards equatio[¥8], and other s@alledgenealisedlogistic equationg79].

Other strategies of modelling population dynamics have attempted to model the interaction
of individual cells. Cellular automata are computational models of cells in afgriditiple
dimensions that follow certain rulg80], and are useful representations of {iaear
dynamics[81]. When the rules that each cellular automaton follow are probabilistic, they
can be used as simplified models of biological phenomena, and have bddn osadel

stem cell proliferon [7], [29].

The proliferation of endothelial cells, which are also adherent and comt#aited like

ASCs, has been modelled using cellular autorf&h Cell lines (which areharacterised

by repeatable results) were expanded, yet it was observed that the lag time (as described in
Section 2.4.3) varied considerably between cells. After accounting for the lag time, and when
provided with measurememnof the cell line (such asatility data and cell division times),

the model could accurately predict the means of normalised cell counts. However, the

accuracy was not quantified, and more problematically, only a single realisation of each
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predicted grath curve was shown. Thereforéhe variability of the model was not

quantified, nor displayed on validation graphs.

Cellular automata have been used in the context of ASC research by Clatlalha
however, their simulations were only used to garneiglrs, and no validation using
experimental data was attempt@]. Other limitations of this study were that only the
number of doublings were modelled (not cell counts), and that simulations were only
performed for longerm culture (longer than 60 days). The model highligtiteceffects of
seeding densityand migration: a lower seeding density resulted in higher variation in
doublings, while migration resulted in less contact inhibition and more doublings. The same
model was used in a separate study to model ASC cdtwmying units; however, onlhad
hocexperimental validation was performed, and it was arbitrarily assumed that cells had 12
hour division times and a total absence of migrafj.

2.6 CHAPTER SUMMARY

In this chapter a description of AS@as beerprovided in the context of stem cells and
clinical applications. In Section 2.2dltoncept of a stem cell wastroducedand a brief
description of the clinical landscape was presented. In Section 2.3 a historical perspective of
ASCs was provided and the change in nomenclature was listed. The basic principles of the
ASC isolation proedure and therapeutic abilityere discussed, and the importance of
clinical-grade serum such as pHPL was emphasiSkdracteristics of ASCthat may be
relevant to modellingvere highlightedn Section 2.4such as growth kinetics and typical
division ard population doubling times. eStion 2.5 provided existing approaches to
mathematical modelling of stem cells and ASCs, and insights and limitations of these studies
were identifiedThis chapter provided a theoretical foundation on which new models can be
based, and the characteristithat weredescribedcould guide the assumptions of these

models.
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3.1 CHAPTER OBJECTIVES

Complex phenomena can be investigated by simulating the interaction of various entities

that each follow certain rules. This is often referred togastbased modelling.

The objective of this chapter is to developimarsilico agentbased model to gain sights
about the fundamental characteristics of ASC proliferation. The simulation model should
assess the effects on population dynamics, while esigohg variables and parameters that

can be measured experimentally.

3.2 INTRODUCTION

ASCs are characterised adherent and contaatibited; this implies that as the number of
cells increase in a constrained area, proliferation slows as more cells tocentact with
adjacent cells. A reductionist model of ASCs can be implemented by considering space
constrants as the only factor that determines whether a cell will cease to divide. Furthermore,

the following assumptions are made:

on a simulated substmta static, limited surface area is available,
each cell occupies an equal surface area,

the same areaanonot be occupied by more than one cell, and

= =4 2

symmetric cell division occurs, i.e. two identical daughter cells are produced when a

cell divides, andoth retain the ability to divide if space is available.
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In probabilistic cellular automata moddlg], a certain cell in a simulated matrix will
duplicate itself to any open adjacesgace with equal probability. Adjacent spaces are
defined as either within the Moore or Von Neumann neighbourhoods, as seen in Figure 3.1.

Von Neumann

9 Neighbourhood
Moore
. Neighbourhood
<P
Cell

Figure 3.1. Each cell on the simulated substrate hasighbourhood of adjacent spaces that can

be defined by either the Von Neumann or Moore neighbourhoods.

Let and & matrix 6lof binary elements represent the existerof cells on a two

dimensional substrate

w E w
of €& E & ~ nips (3.1)
® E ®
At a cetain epoch the number of cells on the substrate is given by
i @ 8 3.2)

Each element has a Von Neumamaighbourhood of 4 adjacent elements that comprise the

set within unity Manhattan distance

W © o R phop 8 (3.3)
A cell will then divide in epocl  p into any open adjacent space with equal probability
_P &
Bp & (3.4)

for eachin the setw.
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The divisor in (3.4)denotes the number of adjacent spaces that are open (i.e. that do not
containcells) in the defined neighbourhood. If at least one empty adjacent space exists, then
a cell is certain to dide.

A set of 8 elements that comprise a Moore neighbourhood of cells within unity Chebyshev

distance can be similarly defined as

D ® O ph f Ry RO p o gl 5 Oy O ;8 (3.5)
A cell undergoing simulated mitosis is considered for various scenarios of available adjacent
spaces in Figure 3.2, with arrows indicating the possible locations divided daughter
cell. There are 16 permutations of adjacent cell locatioad/on Neumann neighbourhood,

of which 5 are considered in Figure 3.2.

. Cell undergoing mitotis

U S S SRR

............................................

(@) (b) (€) (d) (e)

Figure 3.2. A cell undergoing mitosis (solid black), has a Von Neumann neighbourhood (grey)

with: (a) 4 open adfent spaces, and will divide into each space with probapfity (b) 3 open

adjacent spaces, and will divide into each space with probgitflity(c) 2 open a@dcent spaces,
and will divide into each space with equal probability; (d) 1 open adjacer#,sgpad can only

divide into this particular space; (e) zero open adjacent spaces, and cannot divide during this epoch.

The model can be generalised by considgtime number of cells as a fraction of the matrix
size. Consider a matrix of size ¢ as deined in (3.1) which implies a population limit
of

O &¢8 (3.6)

At a certain epockhlet the matrix contaii cells. Confluency at that epoch can then be

defined as
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+ Vg (3.7)
U

The confluency at epoch zefo, will be referred tas the seeded confluency. It should be
noted that although (%) is conceptually similar to seeding density (celljent is

dependent on a c eUl,andnohonpudgeelatea.t i onds | i mit

A mitotically active cell at epocty is defined as cell that will divide at epocts  p. Each
cell that is mitotically active during epocbis counted towards the mitotic fraction,, and
is defined as

b s 3.8
5 (3.8)

This is illustrated in Figure 3.3, where at a certain bpe® cells exist, of which some are
mitotically active during that epocl ( ) and divide in the next epoch. Mitotically active

cells are indicated in grey.

Epoch 0 Epoch 1 Epoch 2
[: .
.
|: e — O
— - @
-~ @

Mitotic cell @ Non-mitotic cell

Figure 3.3. An example of cefl thatare counted towards the mitotic fraction (grey) that divide in
the next epoch, and nanitotic cells (black) that remain undivided during the next epoch. The

scenario is considered across two epochs after seeding.

A realisation of the model for@ m p tTmatix, seeded with 3 celld)(  0) is shown in
Figure 3.4.
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- Non-mitotic cells Mitotic cells

Figure 3.4. An example of the probabilistic cellular automata model for cell proliferation in a
p T p Tmatrix at0 o, proliferating until confluent. Nomitotic cellsare indicated in black,

and mitotic cells that will divide in the next epoch in are indicated in. gre

3.3 PRELIMINARIES

3.3.1 Neighbourhood

The Von Neumann neighbourhood of adjacent cells defined in (3.3), or the Moore
neighbourhood that includes the additionabdisal spaces defined in (3.5), can be used to
determine if an open space exists for division. Thaler of cells per epoch are compared

at different seeded confluencies, for Von Neumann and Moore neighbourhoods, in Figure
3.5.

The different neighbourhosdesult in similar numbers of cells per epoch initially, but the
Moore neighbourhood then resultsa greater number @klls andreaches the population
limit more quickly. This can be attributed to the additional spaces that are available for
division in the Moore neighbourhood, which mitigates the limiting effects of increased

confluency.
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The limiting effects of contact inhibition are important to consider in this study, and this is
more evident in the Von Neumann neighbourhood; therefore, the Von adeum
neighbourhood is used in all simulations in the subsequent sections.

5

[ | o | | [ I I | | | | | | | [
2 3 4 5 6 7 8 9 10
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Figure 3.5. The number of cells per epoch for Von Neumann and Moore neighbourhoods of
populations seeded at 1%, 5% and 20% confiyeBtandard deviations were less than 0.2% of the
mean at all points and 1000 simulations of eatwere performed.

3.3.2 Matrix size

Given that confluency, as defined in (3.7), and the mitotic fraction, as defined in (3.8), are
independent of the matrix &zthen a smaller matrix could be used to simulate cell
populations that are orders of magnitudegbig However, since cells on the boundaries of
the matrix are limited by space constraints that are not caused by other cells, this
disproportionally affect smaller matrix sizes. Therefore, the simulated matrix needs to be a
certain minimum size in ordéor the boundary effects to not skew the results. The effect of

the population limih on the population characteristics is considered in Figure 3.6.

The median number of cells in Figure 3.6 i&3imilar, but the variance of the number of
cells is grear in smaller matrices, as seen in Figure 3.6 (b). An empirical probability
distribuion estimate of the number of cells at epoch 7, using a normal kernel function, is

shown in Figure 3.7.
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Figure 3.6. Cells seeded at 5% confluency are considered across 10 epochs in matrices with
population limitsp 1, p Ttandp 1. The (a) the median number of cells and (b) individual

realisations of 1000 simulations per population liané shown.
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Figure 3.7. The empirical probabilitglistributionsof the number of cells at epoch 7 are shown for
matrices with population limits 1, p Ttandp 1t Thedistributionswere estimated usirgnormal

kernel approximation of 1000 Monte Carlo simulations.
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Considering that the boundary efteshould be minimed, all subsequent sections simulate

matrices witha population limit ob  p Tt

3.4 CHARACTERISTICS

3.4.1 Seeded confluency

The effects of multiple epochs can be simplified by only considering cells for a single epoch.
Considerd cellular automata that are easbeded randomly (uniformly distributed) in a
matrix of size0, with a corresponding seeded confluehcyOut of the set of seeded cells,

a cell is chosen randomly, and if there are one or more open spaces adjacent to the cell, then
that cell is considexd mitotically active. In the case of this scenafib, 1t i.e. he mitotic
fraction is only calculated for a single epoch. If the cell is mitotically active, it divides into
an adjacent open spa@sssibly preventing cells not yet considered in the ranskelection

from dividing. This is repeated until each originadlgeded cell is considered exactly once.
Figure 3.8 (a) shows the relationship between the seeded confluency and the mitotic fraction,
which implies that for a given seeded population ammegé for the initial mitotic fraction

can be readily inferred. Alitionally, an upper limit exists for the mitotic fraction at a certain

seeded confluency, when considering a purely spaastrained model for a single epoch.

It cannot be assumed that sallill remain uniformly distributed across multiple epochs. A
staistical dependency exists between the previous position of a dividing cell, and whether
its descendants will be mitotically active in future epochs: if a cell divided in the previous
epoch nto an adjacent space, its daughter cells are less likely taotdigceadly active as a

result of space constraints.

The previous scenario of randomly seeding various confluewaigsxtended to allow each
seeded population to divide until fully conflueihe relationship between the confluency
at each epoch and thmitotic fraction of that population is shown for various seeded
confluencies in Figure 3.8 (Iells that are seeded at a lower confluency result in a mitotic

fraction that remains lower aiss multiple epochs when compared to cells seeded at a higher
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corfluency. This can be expected when considering that cells are seeded uniform randomly,
but cannot migrate.

100 < 100 70MQ% -
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Figure 3.8. The mitotic fraction as a function of confluency for cellular automataeskand
considered for (a) a single epoch, seeded uniform randomly into a matrix of size 1, and (b)
multiple epochs seeded at 1%, 5%, 10% &t 2onfluency andivision was simulatedntil
confluent. The dotted line represents the maximum mitotic fraction for each seeded confluency
(abbreviated as SC Max.) of the data in (a).

3.4.2 Migration

Adherent ASCs have the ability to migrate when proliferatingitro [83]. This can be
simulated in the cellular automata model by using a similaresespicompared to division:

if there are one or more adjacent open spaces in the defined neighbourhood, a cell migrates
into them After each cell is allowed to migrate, division occurs as ptskodescribed.

Figure 3.9 shows the effect of division on tindotic fraction of a given confluency and
seeded confluencyis seen in Figure 3.9nancrease in migration results in an increisse

the mitotic fraction for a given confluency and seededfluency which approaches the

maximum mitotic fractiorpossible for a certaiseeded confluency.
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Figure 3.9. The influence of migration on the mitotic fraction of a population dé@elacertain
confluency, for cells seeded at (a) 1%, (b) 5%, (c) 10% and (d) 20% confluency. In each case,
curves for no migratio(0 Migr.), 1 migration per epocfl Migr.), and 5 migrations per epo¢h
Migr.) are shownAdditionally, the maximum mitioc fradion for each seeded confluency
(abbreviated as SC Max.) is indicated by the dotted line, which represents the maximum of the data

shown in Figure 3.8 (a).
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3.4.3 Spatial dispersion

Sections 3.4.1 and 3.4.2 indicated that the mitotic fraction is not arfiyncton of
confluency, but also of the seeded confluency and migration. The effect of the seeded
confluency and migration on the underlying population of cells can be visualised by the four

scenarios at the same confluency shown in Figure 3.10.

I Non-mitotic cells Mitotic cells
O
. [ L]
i . . - -
- . [ L]
. - o
=" : L -
] & | .
0 Migr. 1 Migr. 5 Migr. Uniform
33% mitotic 63% mitotic 93% mitotic 99% mitotic
(@) (b) (c) (d)

Figure 3.10. Representative samples of cell populations at approximately 20% confluency that
illustrate the effect of the spatial grouping of cells on the mitotic fraction-mitatic cells ae

shown in black and mitotically active cells are shown in giey. 1 cellswere seeded i), (b)
and (c) and allowed to expand until approximately 20% confluency, with 0, 1 and 5 migrations
(abbreviated as migrper epoch respectively. The cell#) were seededniformrandomly at

20% confluency and considered for a singpech.

Figure 3.10 (a) indicates that a low seeded confluency and no migration results in cells that
form colonies that limit proliferation, where only the outer edge of ealdnyg is able to

divide. This results in a low mitotic fraction of only 33%g#iie 3.10 (b) and (c) have the

same seeded confluency as (a), but cells were allowed to migrate each epoch (once, and five
times, respectively). This resulted in cells that wepeead out more evenly, therefore
permitting higher mitotic fractions of 69% @ 93%, respectively. Figure 3.10 (d) represents

an instance of cells that were seeded at 20% confluency, which resulted in a mitotic fraction
of 99%.
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Therefore, cells that armaore evenly distributed across the matrix result in a higher mitotic
fraction. Higher seeded confluencies, and more frequent migration result in cells that are
distributed more evenly, which explains the effects observed in Sections 3.4.1 and 3.4.2.

The manner in which cells are arranged on the matrix can be quantified by meagatiiag)
dispersion If the matrix is divided into equaized areas called quadrats, and the number of
cells in each quadrat is counted, then an index of dispersion can tireeddes the ratio of

the variancdé/ ) to the mearf' ) of the quadrat countse.

0 ﬂ_ 8 (3.9)

As "Oapproaches zero, it indicates that cells are equidistant, or that the distribution is
degenerate, such as a fully confluent matrix@pproaches unity, it indicates thatlselre
approximately Poisson distributed: e.g. when initially seeded. An ioiddispersion greater

than unity indicates that cells are clumped together, and increases as more clumping occurs.

Figure 3.1 compareshe mitotic fractionas a function of cofluency when theindices of
dispersionwere divided into intervalsCells weresimulated aseededconfluenciesfrom

0.01% to 99.99% and migrahs were simulatedetween 0 and 5 times per epoch.
Proliferation was then simulated until cells were confluamg the mitotic fraction,
confluency,and index of dispersion at each epoch was measured. The index of dispersion
was calculated for quadrats of v within the matrix. Thecurvesin Figure 3.1 indicate

that when both confluen@ndspatial dispersion ataown, then the mitotic fraction cée
inferredmore accurately than when only confluency is knodsseen irFigure 3.1, low

indices of dispersion (cells that are spread out evenly) are associated with the highest mitotic
fractions for a given conflurey. Conversely, higher indices of pgersion (cells clumped

together) result in lower mitotic fractions for a given confluency.
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Figure 3.11. The mitotic fraction represented as a function of confluéocyarious intervals of
spatial dispersion. Cellular automata were simulatéd at pdp 1, and migration was simulated
between 0 to 5 times prior to division at each epoch.clineesrepresent 20000 Monte Carlo

simulations.

3.5 ENHANCEMENTS

3.5.1 Apoptosis

Cells are cultured in an envitment that mimics the human body, but tdimmensiona
culture using a growth medium does not perfectly replicate it. Cells experience certain
stressebecause dthe foreign environment. Programmed cell death, known as apoptosis, is
activated as a result medium deficiencies or other factors that causlelee stresq46].

The cell culture environment is kept approximately constant, and culture medium is regularly
replenished. Therefore, any envimantal stress would remain approximately constant

during culture, and apoptosis could be modelled as a random process that occurs
independently during each epoch.

In the cellular automata model, prior to division, each cell was considered for apoptiosis wi

a constantprobability per epoch. If a cell engeapoptosis, it is removed from the matrix,
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and an open space remains. The result of 5%, 10% and 15% apoptosis per epoch is shown

in Figure 3.2.

6

Number of Viable Cells

—— 5% Apoptosis
—O— 10% Apoptosis
—— 15% Apoptosis

Number of Apoptotic Cells

—— 5% Apoptosis
—O— 10% Apoptosis
—— 15% Apoptosis

I T I I I I T 1 0 I I I T I I I I I 1

LI — LI —
01 2 3 4 5 6 7 8 9 1011 12 01 2 3 4 5 6 7 8 9 1011 12

Epochs Epochs
(a) (b)

Figure 3.12. The number of (a) viable cells, afit) apoptotic cells per epoch, when 5%, 10% and
15% apoptosis per epoch occurs. Cells wgarailated at 5% seededatonfluency, with no

migration prior to division.

3.5.2 Cell epoch phases andhe time-domain

In previous seions, cellular automata were considd for epochs, which can be interpreted
as cell cycles. Practical applications of cellular automata simulations, such as prediction of
cell counts, require conversion from epochs to time. Epochs can be converted toytim
incorporating a division timeas seen in Figure 31where the duration of each epoch

corresponds to the division time.
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Figure 3.13. The number of cells over time for 12 hour, 24 hour, and 36 hHeisiah times, when

epochs are convied to hours.

In addition to the cell cycle time, the underlying phases of the cell cycle can also be
simulated. In a human cell with a total cell cycle time of 24 hours, the G1 phase takes
approximately 11 hours, theghase approximately 8 hours, the @tase approximately 4
hours, and the M phase about 1 hi@4]. The percentage of cells in each phase of the cell
cycle using these fractions, are shown in Figurd.3t 1s initially (somewhat unrealistids)

assumed that cells are synchronised, i.e. each ¢eili#dly in the same phase.
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Figure 3.14. The percentage of cells in each cell cycle phase over time, avtweal cell cycle of
24 hours is i¥ided into a G1 phase of 11 hours, an S phase of 8 hours, a G2 phase of 4 hours, and

an M phase of 1 hour. Cells were initialised into the G1 paadeassumed to be synchronised
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The population starts in G1, then pregges through each phase, untilsloni occurs after
the M phase. If at any point a cell has no open adjacent spaces, then it enters GO. The
overshoot of G1 after days 2, 3, 4 and 5, is a result of cells entering G1 that then exit the cell

cycle to GO whe no adjacent space is available.

A more realistic scenario would incorporate variability in the lengths of each cell cycle, since
there will be differences in the lengths of phases in a heterogeneous population of cells. This
can be simulated by drawingandom number of hours from a Paedlistribution every

time a cell transitions into a new phase. The Poisson distributions were defineceyital

to the cell phase duratiottsat werepreviously definedThe resulting percentage of cells in

each phase over time is seen in Figur®.3.1

Cells in Phase (%)

I1IIIiII|!IIiFI|IIII[IIIIIIIIIIIIIIIIIIIIIIIIIIIII
»

A T ONORAR R,

I | I I [
0 1 2 3 -+ 5 6 7 8

Days

Figure 3.15. The percentage of cells in each cell cyahase over time, when the duration of each

cell cycle phase is drawn from Poisson distributions of p p_ ), _ T,and_ p.

As seen in Figure 3.16, the cyclical nature of the cell cycle phase®stdins in the form
of sinusodal components in the G1, S, G2 and M phases, with a period equal to the division
time. The percentage of cells in GO is only influenced by space constraints and does not

contain any sinusoidal components.
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3.5.3 Lag phase

Seeded ASs require time to adhere teetBubstrate, and remain in a latent lag period where
no proliferation occurs. Most adherent cells remain in lag periods of between 12 and 24
hours[61], while ASC lag periods of less than a d8%] and nearly 3lays[34] have been
reported.

Initially it could be assumed thatidng the lag period each cell exists in an undefined cell
phase until it attaches to the substrate. The adherence of cells to the substrate can be modelled
as a Poisson process, where a fixed rate a#lls adhere eachour. Once attached to the
substrate, cells exit the undefined phase and enter the G1 phase. Fi§gs Shbws the

percentage of cells in each phase, after adhering through a Poisson process with

It is important to note thatells do not onlyadhere during the lag period, but also need to
recover from trypsinisation and spread out on the sub$&akeA simplified model othis
process couldssume that each cell is equally likely to enter the cell cycle at any hour during
the lag period. Such a process is shown in Figur@(8)Ifor a lag period of 24 hours.

100 100

80

...........

60 4

40 3

Cells in Phase (%)
Cells in Phase (%)

20

Figure 3.16. The percetage of the cell population in each cell cycle phase over time, when (a) a
Poisson process, and (b) a uniform random process is used to model cells exiting the lag period.

Adhering cells were modelled as an undefined phase until theyteeed the cell cje.
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Barring intentional intervention through physical or chemical means, cell agoléso are
typically not synchronised. An undefined phase during the lag period is a simplified
assumption, and instead cells typically remain inghase they were iwhendissociated

into suspension, i.e. when cellave reached the desired confluen€gnsidering that cells

are usually dissociatedat 80% confluency, the proportion of cells in each phase at
approximately 4.5 days on Figure 3Mereused as an initial approximatiohhe cell cycle
phases of aniform random procestrough whicheach cell is equally likely to exit the lag
period atany hourn a lag period of 24 hourss shown in Figure 371

100 —

Cells in Phase (%)

I|!IIIIIIIIIilllllIIIIIIIIIIIIIIIIIIIIIlIIIIIIIII
m

Figure 3.17. The percentage of cells in each cell cycle phase over time, when they have been
initialised with approximately thproportions of cells in each phase at 80% confluency. The time
when each cell exits the lag period was modelledwasfarm random process during the hours of

the lag period, which was defined as 24 hours.

3.5.4 Subpopulations

Division time was modelled as cdast for all cells in Sections 3.5.3 and 3.5.2. In contrast,
bi-modal division time distributions have been obsemddSCs[62], which could indicate

that subpopulations maysal exist in ASCs. The division times of each subpopulation can

be modelled by a Gaussian distribution, with a different mean for each sudpam The

case of two subpopulations that were seeded at equal proportions, one with a mean division

time of 12 lours, and another with a division time of 24 hours is shown in Figuge 3.1
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Figure 3.18. The effect of a bmodal division time distribution on proliferation dynamics, when
fast andslow-dividing populations were seeded at equal proportions, and no migration was allowed

prior to division. (a) The percentagktbe population that consists of each subpopulation. (b) A
probability density estimate of the division times for the populatitben confluent. (c) The mitotic

fraction of each subpopulation. (d) The number of open adjacent spaces for each subpopulation.
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The subpopulation that divided faster attained an immediate advantage, and reached a
maximum percentage of 72% of the populadter 66 hours. However, this then decreased

to 67.6% when the matrix was fully confluent after 177 hours. As seen in Fid@ré&c}

the fasterdividing subpopulation initially had a larger mitotic fraction, but after 44 hours the
slowerdividing subp@ulation surpassed it. Considering that neither of the subpopulations
were allowed to migrate, this could be explained by trstefadividing subpopulation
reaching a higher localised index of dispersion. As defined in (3.9), spatial dispersion is a
summay measure for an entire matrix, and cannot discriminate between subpopulations.
Instead, the number of open adjacent spacesalaslated to investigate a local measure of
dispersion for each subpopulation, as seen in Figur8 @l The fastedividing
subpopulation reaches a mean of less than one open adjacent space after 60 hours, while the
slowerdividing subpopulation onlyelaches this threshold after 80 hours. However, a faster
division time, even at a lower mitotic fraction from 24 hours onwatillvided a greater
benefit, and the fastatividing subpopulation occupied twhirds of the available space

when fully corfluent.

Heterogeneity also exists in the motility of ASCs and the number of migratory cells in a
population [85], [86]. This can be simulated by seeding migratory and-magratory
subpopulations at equal proportions. The population dyegofithis scenario is shown in
Figure 319, where a migratory subpopulation was allowed to migrate every 4 hours if no
division occurred at that time point.

As seen in Figure 39 (a), initially, the migrating subpopulation gained no advantage, owing

to the abundant space that is available at low confluencies of less than 20%, which can be
seen in Figure 39 (b). After 60 hoursthe migratory subpopulation started to occupy a
larger percentage of the matrix, and this percentage increased until the waetriully
confluent, when 65.3% of all cells were migratory. As seen in Fig:@(8), the mitotic
fraction of both subpopul@ns remained equal until approximately 45 hours, after which
the migrating subpopulation sustained a higher mitotic fractidih tthe matrix was fully
confluent. The number of open adjacent spaces remain higher for migrating cells, and even

increased beteen 29 and 37 hours, as seen in Figute (@l).
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Figure 3.19. The effect of a migrating (adthourintervals) and a nemigrating subpopulation on
proliferation dynamics, when Hosubpopulations are seeded at equal proportions. (a) The
percentage of the total population of eachpsytulation over time. (b) The percentage confluency
of the combined population. (c) The mitotic fraction of each subpopulation. (d) The number of

open d@jacent spaces for each subpopulation.
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3.6 CHAPTER SUMMARY

A reductionist cellular automata model was impdeited, where spaamnstraints were the
only factor that determined whether a cell would divide. The model was generalised to be

independent of the catbunt and matrix size, by defining it in terms of confluency.

The model output was further generalisede independent of epochs, by considering the
mitotic fraction as a function of confluency. First, the casesoigle epoch at various seeded
confluencies was considered, which represented the maximum attainable mitotic fraction for
a certain confluery. Different seeded confluencies were then considered across multiple
cycles until fully confluent. The seeded confluency had an important effeceanitbtic
fraction: lower seeded confluencies resulted in reduced mitotic fractions. Migration was then
considered, which increased the mitotic fraction, and approached the single epoch maxima

for a given confluency when migration was further increased.

The effect of both the seeded confluency and migration was then summarised by calculating
a measure of spial dispersion. The index of dispersion describes the relative grouping of
cells on the matrix; a higher index is associated with cells that areaionped together,

which limits proliferation. When spatial dispersion and confluency were both knoen, th

mitotic fraction could be estimated independently from migration and seeded confluency.

The model was converted to the thtd@main by incorporating atatic division time per

epoch. Cell cycles were computed within each division time, initially as detsen
intervals, then as random processes that were sampled from Poisson distributions. The effect
of a lag period, during which newly seeded cells agllte the substrate and prepare for

division, was investigated for different assumptions.

The interactio between subpopulations with different characteristasinvestigated. Fast
and slowdividing subpopulations were considered, and it was foundrtially the faster
dividing subpopulation commanded a larger percentage of the total populatiohgbut t
decreased as confluency increased. This was a result -tifregifg of the fasterdividing

population that, without migration, resulted in a restlmitotic fraction. Next, a migrating
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and noAamigrating set of subpopulations were investigated. Irfitee60 hours, migration
provided no advantage. However, the number of open adjacent cells then remained higher
for the migrating subpopulatiomvhich resulted in a higher mitotic fraction and a higher

proportion of the total population.

It should be nted that although complex interactions were simulated, the model makes
significant assumptions, and the model variables differ from thehweddl counterparts.
Confluency, when defined as a fraction of the population limit, is only valid if it is assume
that each cell occupies the same surface area. Similarly, the seeded confluency can only be

translated to seeding density for a constant and knowsizel

Apoptosis was simulated as a random process that occurs during every epoch, and apoptotic
cells were removed immediately from the matrix. In contrast, apopiosigro does not

occur instantly, and is a process that takes 12 to 24 p®ufsApoptotic cells would not

only exit the cell cycle, and be removed from the population, but would also occupy space

and prevent other cells frodividing during that time.
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4.1 CHAPTER OBJECTIVES

Agentbased models cannot be readily applied to estimation and prediction when supplied
with sequential observations of a system. In contrast, mathematical models of dynamic
systems allowlte propagation of the systestate andtan incorporate ew observations to

improve state estimation.

The objective of this chapter is to derive a population model with biologiczlftyant
variables, and to compare the model to the cellular automataasioms| of Chapter 3he
population model should not reige the modelling of individual cells.

4.2 FIRST-PRINCIPLES POPULATION MODEL

If a population o cells are seeded, then according toSherleymodel[88] the number
of cells after one cell cyclai( is equalto the sum of the fraction that did not divide, and

twice the fraction that divided, i.e.
0 p | 0 ¢ Uh (4.1)

where| is the fraction of the population that divided during that cycle (i.e. the mitotic
fraction). Only cells that divided in the previous cycle are considered for subsequent
division; thereforeafter two cycles,

o p |0 p I ¢q @0 ¢ ¢ 08 (4.2)
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More generally, aftetocycles,

6 o1 ¢ 6 p | g O E (4.3)

The seriesimplifies to

0 0 ™M T q 8 4.4)

Assuming a constant, a constant division timéQ") and by applying thdollowing
geometric identity3]

® ® w———~h (4.5)

the Sherleymodel is derived as

P g f
¢p ( (4.6)

where0 0 represents the number of cells at a given tomk should be noted thatha
asymptote is introduced at T@® by the geometric identity defined in (4.5). Without the

introduction of the asymptote, 1@ results in linear growth

The Sherleymodel, simulated foseveralconstant mitotic fractions, is shown in Figure 4.1.
As seen in Figure 4.When| T@® the nodel results in exponential growth, while

T® results in logarithmically increasing growifherefore, the model cannot descridwgh
early exponential growtland later slowing of growth when a saturation point is
approached.

It is important to notehat (4.3) implies that cells that are part of the-nototic fraction in
any cycle will never divide in any subsequent cycles; thas,dividing cells are seen as
senescent or terminally differentiated. Therefore Sherleymodel does not allow cells t

enter a quiescent state temporarily.
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Figure 4.1. The number of cells per hosimulated withthe Sherley model and pTa
constaniO”Y ¢ thours, and constant mitotic fractions between 0.1 and 1.0. The size of the seeded

population and the division time do not affect the curve shape.

4.3 MARKOV POPULATION MODEL

Instead of assuming that the namtotic fraction wil never divide again, a Markov
assumption can be made; i.e. it can be assumed that the population has ho memory beyond
the previous cell cycle. This is reasonable, since cells that were temporarily in a quiescent
state may reenter the cell cycle if spacautrients, or other limited resrces become
available. The first cycle remains

0 p | 0 ¢ U8 4.7)

However, during the second cycle, teetire colony is again considered as available to
divide, i.e.

0 p | 0 ¢q Gg (4.8)

As demonstrated in Chapter 3, owing to spamestraintsthe mitotic fraction is natonstant.

Therefore, more generally, for any cell cydle p,
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0 p | O ¢ 08 (4.9)

0 p | 08 (4.10)

(4.10) has not been previously described in the literatuckpesvides a new approach to

modellingproliferation.
If, as in theSherleymodel, a constait is assumed, the model reduces to
0 p | Ug (4.11)

Therefore, for a constant the model is exponentially increasing forjall 1. And when
the entire population is mitotically active, ile. p, the model results in the wethown

exponential biological growth function,

0O ¢ 038 (4.12)

4.4 MODELLING THE MITOTI C FRACTION

As shown in (4.11), a constantresults in an exponentially increagifunction that does
not incorporate the slowing of growth as a saturation point is reached; therefieegls to

be modelled as cyctearying. The following sections use the cellular automata simulations
of Section 3.4.2s the measure of succeskhough a timevarying mitotic fraction has been

suggested bf6], the mitotic fraction has not been explicitly modelled in the literature.
4.4.1 Verhulst mitotic fraction

A well-known biologicallyrelevant growth model, the Verhulst equaltj@4d], is defined as

O ¢ bo O 8 4.13
U o — .
v LU Q p ( )
It is described by thdifferential equation,
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Q0
T
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0¢

(4.14)

whereu is the population limit

I Ed o 0h (4.15)

andi is the intrinsic growth rat i.e. the growth rate when there are no constraints on growth.
If i p, it implies that when sufficient space and nutrients are available, allarells

mitotically active and double after every cell cycle.

The Taylorseriesof a functionQw atw is defined a$89]

26 e oo 29 o e
pA cA
- (4.16)
Q9 0w ER
oA W

where"@elenotes the first derivativéQ the second derivative, and so forthsing the first

two termsof (4.16)as afirstorder discrete approximatiarf a function’Q then
Qw 30 Quw 30Qw 8 (4.17)

Therdore, a firstorder discrete approximation ¢#.13), for cycleswN = , is given by
U u LI p NS 8 (4.18)
Equatirg (4.18) to (4.10), the Verhulst mitotic fractiaas derived as

5
i p —8 (4.19)
0
It is assumed that

f 0N w,i.e.thepopulation limit is a positive integer,

 the number of cells cannot exceed the population limit)i.e. 10 , and

{1 the intrinsic growth rate and the mitotic fraction are positive fractions, V.e.
p and N T1ip , by definition {.e. afractioncannotbe less than 0% @xceed
100%)
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Substituting (3.7) into (49 results in  as a function of the conféncy, , i.e.
| ip [ 8 (4.20)

The Verhulst mitotic fraction as a function of confluency is depicted at various values of
in Figure 4.2, and is compared to the range of mitotic fractiwaiswererealisedwith the

cellular automata sintations of Section 3.4.3.
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Figure 4.2. TheVerhulst mitotic fractiorcomparectellular automata and the at variaugalues.
Cellular automata were seeded at confluencies between 0.1% and 99.9%, aed tallovgrate

between zero and five times per cycle, as described in Section 3.4.3.

Assuming a knoww anduv, the Verhulst mitotic fraction and resulting confluerscare

compared to cellular automata, at various seeded confluencies, in Figure 4.3.

The rootmeansquare error (RMSE), which is a measure of the difference between predicted
and true values, was used as a measure of accuracy. The RMSE of the Verbtitst mit

fraction and resulting confluencies at various seeded confluencies are shiatnheid. 1.
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Figure 4.3. Comparingconfluency (left) andhe mitotic fraction (right)betweercellular automata
and the Verhulst mitotic fraction model, seeded at déffeconfluencies in each row. Cells were
seeded at confluencies of () 1%, (c)- (d) 10%, and (&) (f) 20%. In all simulation® p T,

and no migratin was allowed for the cellular automata. The Verhulst model wasiset gt
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Table 41 The RMSE of confluency and the mitotic fraction for various seeded confluencies, when

using the Verhulst mitotic fraction model predict cellular automata.

Seeded Confluency RMSE Confluency RMSE Mitotic Fraction
1% 12.8314 9.0906
10% 4.3206 8.1301
20% 6.9774 11.7361
50% 7.1703 14.5930

As seen in Figure 4.3 (b), the model overestimates the mitotic fractipopofations that
are limited by cells at low seeding densities; and conversely, as seen irs Big(dH and
(), the miotic fraction of cells seeded at higher densitiesrat@lly underestimated.

The Verhulst mitotic fraction assumes that the mitdtaction is only a function of
confluency. Asdemonstratedn Chapter 3, this is not the case, and the mitotic fraction
depends on the seeded confluency as well as migratbm of which can be summarised
by a measure of spatial dispersion.

4.4.2 Generalised logistic mitotic fraction

A generalised logistic differential equatiqi@9], which is defined by the differential
equation,

(4.21)

(]
go)
|
>

provides additional parameters to describe population gréwifide variety of biological
growth models can be derived fromZ3), including theGompertz, Weibull, and Richards
equationg79]. U represents the total numberaafls ands initialised by the initial seeding
population0 8Similarly to the Verhulst modelp represents the population limit and
represents the intrinsic growth rate. The additional paraniefierand%chave no defined

biological meaning.

A first-orderdiscrete approximatigragain using (4.17Jpr the function defined i4.21),

for cell cycleso™ & , is given by
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5
0 6 6 p = 8 (4.22)

Equating (4.2) to (410), the mitotidraction can be calculated as,

V)
s e B (4.23)

It should be noted that f6r % |  p, the generalised logistic mitotic fraction results
in the Verhulst mitotic fraction.

The first factor0 , iIs not dependent on the saturation poinbut only on the absolute
number of cells. Fof  p, an exponentially decaying factor is introduced that quickly
approaches an asymptote as the number of cells increase’; whpaesults in logarithmic
growth that increases as the number of cetiseiase. It is unlikely that a factor that is directly
dependent on the number of cells would have an effect on the mitotic fraction; therefore, it
is assumed that p. Additionally, if confluency is again fieed asf , then (4.3)

becomes

| p T 8 (4.24)

Given that N T1ip , it is of specific interest wheén ™ TiHHb and%o TiHb , since that
would imply that ~ Tip .

The curves of the upper and lower boundsnatotic fractions of the cellular automata
simulations were fitted to (442 usirg least squares approximatijoand the results are
summarised in Table 4.Zhe paramete¥owas set as a constaiot simplify the resulting

equation and a comparable RMSE was found whe (.

The generalised logistic mitotic fraction, as a function officency, is depicted fdlo ¢
andf between 0.8 and 3 in Figure 4.4, and is compared to the range of mitotic fractions

realised during the cellular automata simulations of SectioB8.3.4.
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Table 4.2 The RMSEwhen theparameters of (44} are fitted tathe upper and lower bound of the
mitotic fractionsobtained duringellular automata simulationfhe RMSE describes the error in
the mitotic fraction, and is therefore dimensionles® fiXed values column indicateghether %o

was set to a fixed value &b ¢, or included as a fitted parameter.

MItOt.IC Fixed Values n } RMSE
Fraction
Upper Bound | None 3.077 2.016 0.01868
Upper Bound | %o ¢ 3.062 2.000 0.01822
Lower Bound None 0.6207 1.602 0.02854
Lower Bound | %0 ¢ 0.7423 2.000 0.03301

100

I Cellular automata model
Generalised logistic model

60

40

Mitotic Fraction (%)

0

|IIII|I|IIIIIIIIIIII|IIIII|||IIHIIIIII||IIIIIIIIIlllIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIII

0 10 20 30 40 50 60 70 80 90
Confluency (%)

100

Figure 4.4. Comparing the mitotic fraction as a function of confluency for cellular automata and
the generalised logistic mitotic fraction, wia ¢ andf variedbetween 0.8 and Eellular
automata were seeded at confluencies between 0.1% and 99.9%, and allowed to migrate between

zero and five times per cycle, as described in Section 3.4.3.

Whencomparing Figure 4.4. tbigure 3.11, asimilarity existsbetweenthe way thatthe
index of dispesion (which was calculated for cellular autompgtand the parametér as
defined in (4.3) influence the mitotic fractionThe relationship between the index of
dispersion anfl can be explored by calculating the valug afhen the index of dispersion
is known. Solving (4.2) for] results in
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P11 @ ”h (4.25)
which yields a reflectiorof the functionacross thehorizontal axis. OnlyT 1 was
consideredo simplify the analysis.e.

1T ”m 8 (4.26)
The index ofdispersionand thg that wascalculated using (46}, are shown for cellular
automaa seeded at 1% confluency in Figurb @&). As seen irFigure 45 (a), there is an
inverse correlation betwegnand the index of dispersioAs shown in Figure &.(b), when
I is depictedas a function of the index of dispersidhe inverserelationshp can be
described by an exponential functioh least squares approximation of teeponential
equation

I 3oh (4.27)

where'Os the index of dispersion, asdandware fitted parametersvas performed, and is

also shown irfFigure 45 (b). Thereaulting fitted parameterare listedn Table 4.3

Table 4.3 Thefitted parameters for (472 that describé as a function of the index of dispersion

The RMSE describes the erroff in and is therefore dimensionless.

4 I RMSE

2.56 -0.5 0.09819

Therdore, when substituting the parameters in Table, 4t can be calculated as

c®
I —= (4.28)

O
Substituting (4.8) into (4.22) results in the generalised logistic mitotic fraction as a function

of confluency and the index of dispersioe.

8
| p T 8 (4.29)
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Index of dispersion ) 10 ® Cellular automata data
12 ---8 ! Fitted model
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(b)

Figure 4.5. (a) The measured index of dispersion, lara@hlculated using (4.23), shown for
cellular automata seeded at 1% confluency dinevad to expand until confluency after 20 epochs.
(b) A comparisorbetweerthe fitted model decribed in (4.24) and the cellular automata data of 4.6

(a), forf as a function of the index of dispersion.

Assuming a knowni , U, andQ, the genalised logistic mitotic fraction and resulting
confluencies are compared to cellular automata, abwsseeded confluencies, in Figure
4.6. The correspondin®RMSE of confluency and the mitotic fraction are summarised
Table 4.4.

Table 4.4 The RMSE ofconfluency and the mitotic fraction, when using the generalised logistic

mitotic fraction model to @dict the proliferation of cellular automata at various seeded

confluencies.

Seeded Confluency RMSE Confluency (%) RMSE Mitotic Fraction (%)
1% 1.9534 2.2531
10% 1.6293 2.5551
20% 0.8311 1.6628
50% 2.5027 4.3157
Department oElectrical, Electronic and Computer Engineering 54

University of Pretoria



CHAPTER 4 POPULATION MODEL

Cellular automata
= = = Generalised logistic mitotic fraction

_ 100 g 100 -
> =
3 &
o
5 50 £ 50
£ =
s -
O 2 ]
0 = 0
0
Epochs Epochs
(a) (b)
_ 100 g
=] e ~
S 4 =
4 <
> p=
=4 Q
5 50 s
é & &
g g
O 2
0 T I ] 1 Z )
0 5 10 15 15
Epochs
(c)
_ 100 ;\? 100
= 5
2 kS
5 50 £ 50
= 3
= )
& 2
< £
() 1 1 T T z () 1 1 ] 1
0 5 10 15 0 5 10 15
Epochs Epochs
(e) ()

Figure 4.6. Comparingconfluency (left) andhe mitotic fraction (right) betweetellular automata

and thegeneralised logistic mitotic fraction model, seeded at different confluencies in each row.
Cells were seeded at confluencies of-(f)) 1%, (c)- (d) 10%, and (&) (f) 20%. In all simulations

0 p M and no migration was allowed for the cellular automata. The generalised logistic model

was set a%o ¢, and was calculated using the measured index of dispersion.
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4.4.3 Discussion

The RMSE of confluency and mitotic fraction for the Verhulst andegdised logistic

mitotic fractions are shown in Figure74.

20
- &~ Verhulst confluency
- €~ Verhulst mitotic fraction
—— Generalised logistic confluency
15 —l— Generalised logistic mitotic fraction '.
—_ ~ - -
< N -
m ~ .-
A 10 e~ . -
S - N _--
2 I -
m > ~ N -" ‘0_ ______________ o
~ -
~ - -
5 ~ « = -

1% 10% 20% 50%
Seeded confluency

Figure 4.7. The RMSE of confluency and the mitotic fraction for the Verhulst and generalised

logistic models predict cellular automata proliféa at various seeded confluencies.

The Verhulst model perfored poorly at very low or lgh seeded confluencies, which
suggests the importancaf spatial dispersion. The generalised logistic modéijch

incorporated spatial dispersion, outperfedthe Verhulst model at all seeded confluencies.

4.5 ADAPTING CELL CYCLES TO TIME

The cycles of cellare usually not synchronised, and the cell cycle of a population is usually
not known. Therefore, if the cell population is described as a function of cell cydes, t
practical applications of the modaielimited. Modelling a population as a functiohtime

can be more readily applied.

The population doubling tim@DT) is defined ap16]
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0oY O o 11 @8 (4.30)

This is equal to the average division time of the individual cells that comprise the population,
if it is assumed thaall cells in the population are mitotically active. If the population is
sampled ever3O O 0 then from 4.9), the number of cells as a result of division

between sampledandw p, is
¢ 0 0 p | 08 (4.31)

The average division timgDT) of the mitotically active population can then be

approximated athe PDT of only the mitotic fraction of the cells, j.e0 dividing into

¢ 0 .Forsamplingintervalm 30 'O"Yand T,

oYasd |l C ¢8 (4.32)
Solving for0 , then

6 b e 1 p8 (4.33)

Compared to (4.10), is multiplied by a factorQ p . Intuitively, when the sampling

period is equal to the division time, i3 'O "Ythen (433) reduces to (4.10

The approximation of confluenaysing (4.3) is shown in Figure &.for different sampling

periods assuming a knowar , 0, O ™and|
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Figure 4.8. The timedomain approximation of confluew for different sampling periods, given a
known? ,’O"™and . Cellular automata were simulatedfor v p mU0 p 1 and
O°Y ¢t

The corresponding estimates@fYising (432) are shown in Figure 4. Initially, cellsthat

form part of the mitotic fraton have not divided ygtherefore when sampling at hourly
intervals, initially

ph (4.34)
thus

T ¢ ¢oHs (4.35)
It should also be notetthat each estimate only uses the latest two measurements, and is
therefore prone to errors, especially when grdvedins to plateauBy including additional

measurements into the estimate, accuayd be improvedhowever, this is beyond the
scope othis study, and could be investigated in future work

Department oElectrical, Electronic and Computer Engineering 58
University of Pretoria



CHAPTER 4 POPULATION MODEL

70
e DT = 24 h
60 At=1h
-=-=- At=12h
g At=24h
50 weses At =36 h
wod | peee——

L¥8]

Division Time Estimate (h)

|llllIIIII|IIIlI]]]]I]]I IIIII|IIIIlllllIllllIIIIIIIIIIIIIIIIIIIIIIIII|

20 40 60 80 100 120 140 160 180 200

Hours

Figure 4.9. Estimates of division time for different sampling periods, given a knowand|

Cellular automata were simulatedfor v p MO p M andO™Y ¢ 1

4.6 MODELLING THE LAG PHASE

As discussed in Section 3.5.3, AS@sitro typically enter a lag phase directly after seeding,
during which little or no division acurs while cells attach to the substrdtke lag phase
can be modelled as a separate process that depends on the time since seeding. If
represents the fractiaof adhering cells at a certain intervahd assuming that the mitotic
fraction is eqally likely to adhere as other celteen thdag-phase adapted mitotic fraction
( is

| | 11 8 (4.36)

One approach would be to moglel as an exponentiglldecaying function of timehen

20 1y 4.37
Qo T (4.37)
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wheret is the lag time constarite. the time until- cells have attached to the substrate.

A first-orderdiscrete approximatigragain using (4.17)s given by

30
1 1 T—W 8 (4.38)
It is assumed that p, i.e. all cells are adhering wheeeded, anthat T 30 A

realisation of the model for variods values is shown in Figure 41a).

The exponential decay function implies that more cells would adberdime period
initially, and the rate of decays slows as time progress&t®alh it could be reasoned that
cells take approximately the same amount of time to adher¢hatadmost all cells adhere
during a certain period after seeding. This couldrbedelled as @ invertedsigmoidal

function,describedy the differential equation

(9] vQ j .

— h (4.39)
and firstorder discrete approximation
3Qs5Q .
T T h (4.40)
0 J. 0

whereu determines the steepness slope of the sigmnaoidip ; determines the time when
half of cells have attached realisation of the model for variods ¢ tand variouss

values is shown in Figure @ 1b).
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Figure 4.10. The fradion of cells that are adhering and in the lag phase, as modelled by (a) an
exponential decay function with between 10 and 60 hours, and (b) a sigmoidal functionwwith

between 0.2 and.8.

4.7 CHAPTER SUMMARY

A Markov population model was derivddom the firstprinciples Sherley model, by

allowing cells toenterquiescent states that may latererger the cell cycle. The Markov
population model describes the number of cells in a papnlas a function of cell cycles
and the mitotic fractionan approach that has not previousBendescribed in the literature.

Initially, the mitotic fraction of the Markov population model was derived from the Verhulst
model, and a linear relationshigtiv confluency was found. The Verhulst mitotic fraction
provided reasonable approximations for the cellular automata simulations of Chapter 3 for
certain seeded confluencies, but failed to accurately describe very low or high seeding

densities.
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The mitotc fraction of the Markov population model was then derivedhfa generalised
logistic equation. In addition to confluency, the generalised logistic model inclisded
parameterthat had no defineliological meaning. Assuming a fixé& it was found that

could be varied to generate curves that corresponded well to the cellular automata
simulations that were performed in Chapter 3. An exponergdialion$ip betweern and

the index of dispersion of cellular automata simulations was discowr@dlescribed
mathematicallyBy including this relationship, the generalised logistic equation described

the mitotic fraction as a function of confluency and trdeinof dispersion

Whenspatial dispersiowas measuredandwhenthe derived parametewas includeda
lower RMSE was achievefr the generalised logistic mitotic fractievhen compared to
the Verhulst mitotic fractionit also performed well for vgrlow or high seeding densities.
It should be noted that the index of dispersion dependa certain quadrat size, so the
relationship betweeh and the index of dispersiamay be sensitive to different quadrat
sizes however, this is beyond the scopetlof study, and could be investigated in future

work.

Finally, the Markov population modlevas adapted to a tirregpproximation by using the
population doubling time equation. Thepulation doubling timequation was adapted to
an estimate oflivision tine, by only considering the mitotic cells that divide during a
sampling interval. This appximation was found to be reasonafdr sampling periods that

are equal to, or smaller than, the true division time.

Two models for the lag phase were consideredexgonentially decaying function that
depends on the number of cells yet to adhere, and a sigmoidal futhetiatescribesells
as adhering within a certain peridBloth assumptions need to be tested erpemtally to

determine their validity.
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5.1 CHAPTER OBJECTIVES

The objective of this chapter is to observe measurable features ofiM@E@s. Instruments
and measurement techniques are briefly discussed, and the features thatecaretidom
measurements are listed. Experimentaladaf various patients, at various intervals,
expanded in various sera, are then preseftezlexperimental results, and the implications
of the results, are briefly discussed at the end of each section

5.2 INTRODUCTION

Flow cytometry is frequently used quantitativdy measurecell counts, viability, and cell
cycle phases Microscopy, andpecifically fluorescence microscopy, is mostly used as a
supplemental qualitative measuremigid].

Flow cytometrc measurementd ASCsrequire thacells are dissociated from their adherent
state and placed into suspensidhis implies that a separate flask needs to be semtibd
incubated in paralldbr each tmepointat which flow cytometry will be performeds seen

in Figure5.1. This meanghat the same population of cells cannot be observed across

multiple time intervals
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Figure 5.1. Theexperimental setup that is required when flow cytometry is perfornaath E
planned measurement requires that a separate flask is expanded in parallel from the start of the
experimentAlthough only a portion of each flask is measured via flow cytometeycétis that

were not measured remain dissociatedpRdéing dissociatd cells are considered a separate

passage.

Measurements obtained from unstained plzasgrast imagery do not have this drawback,
because microscopy is a nmvasivemeasurement pross. Another advantage is that the

spatial positions of individual celtsan bemeasured

5.3 MEASURABLE FEATURES

5.3.1 Counting
5.3.1.1 Flow cytometric cell counting

A flow cytometer passes cells in suspension through the path of a lasembe@sures the
interaction of he laser with the cellgnd countgalibrated fluorescerfteaddo meaure the
volume of the sampl@0]. Intactand viablecells can be counted bying forward and side
scatter measurementdierfluorescent staining of the nucl@l]. This excludes debris and

dead cells fronmeasuremest
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5.3.1.2 Micrograph cell counting

Adherent ASCs have a characteristic morpgglwhen observethrougha phasecontrast

microscope, as seen in Figlr2.

Cytoplasmic extensions

Cytoplasm

Nucleolus

Nucleus

Figure 5.2. Themorphologyof adherent ASCs aen observed using phasentrast microscopy.
The cytoplasm appears darker compacetthe background. The nucleus is frequently visible in the

form of a lightercoloured ellipse that contains dark nucleoli.

Microscopy can be performed at magnification elsv that capture multiple cells
simultaneously on a single image. Such an imagieeis a samplef the total substrate area
of adherent cells. Total population numbers can be estimated by countungleer of
samplesfrom the substratarea. A Zeiss Axiovert. A1 microscope fitted with a Zeiss
Axiocam digital camera captures images vathesolution op o Y yp 1 opixels, and at

5X magnificationeachpixel corresponds to 1.075n of observed substrate.
The surface area captured by each inatd® magnificaton is,
0O pguLv pm'd 8

The flask aread is determined by the manufacturer, for example, in the case of a T25

flask,
0 ¢® pma 8
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If the number of cells in an image ( is counted, then an estimate of the total number of

cells in the flask{ is given by

(5.1)

5.3.2 Confluency

The decision to passage ASCsissiallybased on the percentage confiog[45], which is
subjectivelyestimated by a human obsen[@2]. However, if each pixel in an image is
labelled as either representing a cell or backgrowech may include theubstrate, growth
medium, and other necellular components), theconfluency can be quantified more
precisely[92]i [94].

If 0 is the number of pixels that represent cells in an image( amslthe number of nen
cell (background) pixels in an image, then the percentage conflugrmy imagef() is

given by

_8 (5.2)

5.3.3 Viability

The viability of ASCs can bessessed using flow cytometry, after staining cells with
propidium iodide and annexin.YPropidium iodide is a fluorescent dye that canna¢the
membrane of live cells, andhaexin V is a cellular protein that binds to themfigane of
apoptotic cellsSimilar to the counting process described in Se&i8ri.1, cells are passed
through theflow cytometerafter staining The frequency components of the rsesed
fluorescence can then be usedistinguishbetween liveapoptoic, and necrotic cell91].
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5.3.4 Cell cycle and mitotic fraction
5.3.4.1 Flow cytometric measurement of the celtycle

The percentage of cells in different phases of the cell cycle can be assessed by measuring
the changes IDNA content by 4', &iamidino-2-phenylindole (DAPI) staining and flow
cytometry[91], [95]. This approach does ndistinguish between GO and G1 phases,thed

cell cycle isonly measuredat a certain instant in time. This means that thele
measuremens not equivalent tthe mitotic fractionFor examplea cell that divided shortly

prior to the cell cycle measament shouldbe considered apart of the mitotic fraction, but

both daughter cells wouidsteadbe measured as with GO/G1 (i.e. indeterminate)
5.3.4.2 Mitotic fraction estimates from micrographs

The mitotic irdex is the visible fracton of cells within mitosis (as observed through a
microscope), and is a measurement that is used to determine the optimum incubation time in

certain protocol$46].

In phasecontrast microscopy, briy contours ee often visible around the edges of cells,
which is commonly rerred to as a halo artefd&3], [96]. Adhereat ASCs retract to form

a sphere before dividing, which is surrounded by a bright halo when captured on-a phase
contrast micrographf it can be assumed that a cell that is part of the mitotic fraction is
equally likely to divide at any poinh time, the the mitotic index could give an indication

of the size of the mitotic fraction.
5.3.5 Spatial dispersion

As described in Chapter 3, spatial dispersion is a summary measure of the distribution of
cells on the substratehich indicates whether callareequallyspaced oclusteredogether

in certain areadn Chapter 3, the index of dispersion was defined in terms of a simulated
grid; however, a index of dispersiortanalsobe calculated using isrographsthat have

been labelled witthe coordinags of the cetmes of cellsAn index of less than one indicates
more uniformly distributed cells, an index equal to one indicates a Poisson distribution, and

an index of greater than one indicates that clusters of cells have been formed.
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5.3.6 Adherent cell size
5.3.6.1 Manually labelled phasecontrast micrographs

If cell counts (as described in Section 5.3.1.2), as well as the indiyitketd that comprise
cellsarelabelled (as in Section 5.3,2hen the average adherent cell area can be calculated
per imagelf any cells intersect, then the estimate becomes less accurate, as seen in Figure
5.3.

Micrograph Counting Labels Pixel Labels

<4

Figure 5.3. An example of théimitations of cell area estimation using labelled pixels. If cells
intersect, then the avega area in pixels becomes less accuvatieg to cell area overlap

5.3.6.2 Fluorescent micrographs

Nuclei can be stained with DAP&nd cytoplasm witha carboxyfluorescai succinimidyl
ester (CSFE)97]. Huorescent micrographsf the same areeanthenbe capturedhrough
different filters, andutomated processing of the cells cagasurehesurfacearea occupied
by each adherent ¢&h each imag§9d7]. Fluorescenstaining simplifies the task of labelling
the pixels in a micrograph; howevatyes have vaing levels of toxicity[98], which

precludes the use of dysa clinical setting.

5.4 EXPERIMENTAL MEASUREMENTS

The followingexperiments were performed by Desg¢8ld, [97] to compare the expansion
of ASCs inhuman alternatives (sucls @HPL) to those expanded in FBS. The study, and

the sharing of data, was approved by the Universifreforia Faculty of Health Sciences
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Ethics Committee (number 421/201B)atelet concentratagere obtained from th8outh
African National Blood Servie (SANBS)underapproval number 2013/1A summary of
the experimental data shownin Table5.1.

Theexperimental data has been grouped into fundamental (Séctidhandintra-passage
(Sections.4.2) characteristics. Fundamental characteristics ghiel@pplicability of models

and can be used as prior knowledge, while iprasageneasurementsan beused to train

and validateproliferationmodels.Inter-passage characteristics were considered beyond the
scope of this study, but are described in &adlm B.

Cells from the same three patients were used in Sechidns.2 and 54.2.2. Different

patiens were used in each of the other experiments.

Table5.1 A summary of the experimental data that wesvided to this study

Fundamental characteristics

Section | Experiment Measurements

5.4.11 | Multi-patientpopulation limit and cel| § Flow cytometric cell counts
death expanded in both FBS and pH| § Flow cytometric viability

5.4.12 | Cell size assay 1 Cell sizes determined by staing
fluorescent micrographs

Intra -passage characteristics

Section| Experiment Measuements
5.4.2.1 | Single-patient proliferation assay 1 Flow cytometric cell counts
expanded in FBS 1 Flow cytometric viability
1 Phasecontrast micrographs
5.4.2.2 | Multi-patient proliferation assay 1 Flow cytometric cell counts

expanded in both FBS and pHPL 1 Flow cytometric viability

1 Flow cytometric celtycle
analysis

1 Phasecontrast micrographs

5.4.2.3 | Non-destructive singkgpatient

proliferation assagxpanded in FBS T Phasecontrast micrographs
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5.4.1 Fundamental characteristics
5.4.1.1 Population limit and cell death

ASCsisolatedfrom the abdominal andjluteal fat of two patients, and the gluteal fat of a
third patient were expanded ia set ofs flasks with FBSanda set o flasks with pHPL,
until visually confluent.The various patients and sera required differenedirto reach
conflueng, and thesubsequent measurements did not occur simultanediséy flaskof
each setvasmeasuredat confluencywhile the otherfour flasks remained incubated and
supplemented with fresh medium for 1, 7, 14, and 21 days after enojjuand were then
measuredCell countsand viability percentagesere determined via flow cytometry, and
are shown in Figuse54 and 55 respectively The adipose extraction site is abbreviated as

A (abdominal andG (glutea) next to each patient idefmer.

5 X 10° FBS 5 X 10° pHPL
I A070415 A I A070415 A
I A070415 G I A070415 G
44 |EEEEA100215 G 44 | A100215 G
I A260515 A I A260515 A
I A260515 G . T A260515 G
7] —
33 33
3 s
2 2
€2 €2
Z. Z
1 ‘ | 1
0 0
0 1 7 14 21 0 1 7 14 21
Days after Confluency Days after Confluency

(a) (b)

Figure 5.4. The number of cells at confluency, and 1, 7, 14 and 21 days@utiency,of (a)
cells expanded in FB&and(b) cells expanded ipHPL.
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Figure 5.5. The viability percentages at confluency, and 1, 7, 14 and 21 daysqudktency of
(a) cells expanded in FBS, and (b) cells expanded in pHPL.

5.4.1.2 Adherent cell size

Cells from three patients were expanded 7 daysin either FBS or pHPL, and five
micrographs were captured for each patient and each s€elta were stained with DAPI
and CSFE, and fluorescent micrographs were captured at different wave[@igths seen
in Figure 56.

Figure 5.6. An example of fluorescent staining of cytoplasma using CSFE (gra®hnuclei
using DAPI (ble).
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Automated processing of the micrograpiising ImageJ99] providedthe number of pixels
occupied by each celProbability density estimaseof the measured celareas, using a
normal kernel function, is shown in Figus§.

<10

57

pHPL
— FBS

Probability Density

0 T T T T \
0 2000 4000 6000 8000 10000

Cell Area (11[]12}

Figure 5.7. Probability density estintas of the areas occupied by adherent ASCs expanded in
FBS and pHPlat day 7 The data represerdd4 FBS and 359 pHPL cell sizes, measured from
three patients and five images per patient for each 4&7m

5.4.1.3 Discussion

ASCs appear to have a population limit, but the limit seems to vary between patients and
saa. The intetpatient variability of the population limit was greater when expandeg &)

and cells from cedtin patients reached consistently higher numbers than other paieltgs.
expanded in pHPLesulted in lower intepatientvariability, and reahed higher population

limits compared to FBS/Vhenexpanded in FBSellsdecreased in viabilitgfter 7 daysat
confluene. The viability of pHPLexpanded cellsalso decreasedvhen culturedat

confluencebutremained more viableompared td-BS.

If two flasks both contain a confluent monolayer of cells, but the absolute cell count in each
flask is different, the the larger populatiowould occupy less area on the substrate per cell.
Cell sizesof both FBS and pHPLexpanded cells were measured, andltegun positive

skewed distributios) wheresmaller cells appear more commonplaCells expanded in
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pHPL occipied a smaller median area per cell, and exhibless variation irsize This

suggest that ASCs remain in a monolayeand that variation in cell sizes affectthe
population limit.

5.4.2 Intra-passage characteristics
5.4.2.1 Single-patient proliferation assayexpandedin FBS

ASCs isolated from a patient at passage 10 were s@edelD flasksat 1000cells/cnf and

10 flasks at 500@ells/cn?. Flow cytometric counts and viability were measured daily for
10 days, as seen in Figur&J5.

5 x10° 100

—0O— 1000 cells/em? (12 + &)
—@— 5000 cells/cm? (12 + o)

60

Viability (%)

o

40

1 20
—O— 1000 cells/cm’ (e + o)
—@— 5000 cells/cm’ (e + o)

O*—Tr—T—T—T—T—T—T T T O—T—T—T——T7T—T—T—T T T 7
3 4 5 6 7 8 9 10 1 2 3 4 5 6 7 8 9 10

Number of Cells

(a) (b)
Figure 5.8. The mean and standard deviatior{@fcell countsand(b) viability of cells seeded at
1000 and 5000 cellsercn?. Error bars ar@resent buhot necessarilyisible on all curvesThe
large variability of viabity at day 8, for cells seeded at 5068€lIs/cn?, is likely dueto technical

error.

In addition to the flowcytometric measurements, daily micrographs were captured. The
coordinates of cellsvere labelled on the micrographs. The counts derived from the
micrographs, compared to counts obtained via flow cytometg shown in Figure 8.
Images were then dividedto 4 x 6 quadrats, arttle labelled cell coordinategere used to

calculate the index of dispersion per image, and per day, as seen in Fl§ure 5.
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Figure 5.9. The mean and standaddviation of cell counts measured using a flow cytometer
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(grey)compared to cell counts derived from images!)for (a) 1000 cells/cfy and (b) 5000
cellgcn?. T25 flasks were used, addj 6 ¢ v BT
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Figure 5.10. Theindex ofdispersion(@per day, derived from images that were divided into 4 x 6
quadratdor (a) 1000 cells/c and (b) 5000 cells/cinCrossesndicatethe indices of dispersion of

individual images.
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In addition to the coordinate labels, the pixels that comprise cells were labelled for the flask
seeded at000cells/cnt, as shown in Figure 5.11. The quantified percentage confluency was
calculated usingd(2) and is shown iRigure5.12.

The number of €ll-pixels per image were divided by the number of cells counted per image,
to derive the average adherent cell area, as shown in Figure 5.13 (a). The relationship
between the number of cells per image drddonfluency of the image, andeastsquares

linear fitof this relationship, is shown iRigure5.13 ). The linear fit inFigure5.13 ()

means that if more cells are capturecan image, then the confluency of that image will
increase proportionallby

om0 ¢®h (5.3
wherel represents the confluency of the image, ani the number of cells in the image.
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Figure 5.11. Manually labelled celpixels (black)and backgroungixels (white)per dayof cells
seeded at 100¢elIs/cn?. Rows in each column represent randomly selected areas in the same
flask. Each column represents a different fldet was cultured for a day longer than the previous

column
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Figure 5.12. Confluency per dagf cells seeded at 10@@lls/cn#, calculated using (5.2) after

manual pixel labdihg.
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Figure 5.13. (a) The average cell area per day.Abnear leastsquares approximation of the
relationship betweethe percentage confluendy ) and the number of cells per ima@e). The
linearmodelrepresents 1 0  ¢&. The dashed red lines represtr 95% confidence

intervd of themodel

Department oElectrical, Electronic and Computer Engineering 76
University of Pretoria



CHAPTER 5

IN VITROMEASUREMENT

5.4.2.2 Multi -patient proliferation assayexpandedin both FBS and pHPL

ASCs at passage olated from the same patient and extraction sites as Section 5.4.1.2,

wereplatedinto 14 flaskssupplementeavith FBS andl4 flaskssupplementeavith pHPL

Flow cytometric counts and viability were measured dalshownin Figures 5.14, 5.15

and 5.16 It is important to note thahe vertical axisof Figure 5.14 (b)s an order of

magnitude greater thaRigure 5.14 (a); therefore, after approximately 4ays, ASCs

expanded in pHPL exceeded the number of ASCs yielded after 14 days i t&B&ror

bars in Figure 5.14a) and (b) represent technical replicafise variability of cell counts

between days in Figar5.14 (b) is likely due to differences irability, as can be seen in
Figures 5.15 and 5.16.

%10°

—@— A070415 A FBS (1 + o)
—@— A070415 G FBS (1 + o)
—@— A100215 G FBS (1 + o)
—@— A260515 A FBS (1 + o)
—@— A260515 G FBS (12 + )

%100

—@— A070415 A pHPL (¢ + &)
—@— A070415 G pHPL (1 + &)
—@— A100215 G pHPL (¢ + o)
—@— A260515 A pHPL (¢ + &)
—@— A260515 G pHPL (1 + )

Number of Cells
Number of Cells

1 | I | 1 1
1 2345678 91011121314 1 234567 891011121314
Days Days

(a) (b)

Figure 5.14. (a) The number dFBS-expanded ASCper day (b) The number of pHPEexpanded
ASCs per dayThe vertical axi®f (b) is an order of mgnitude greater thafa), and the dashed line

indicateghe positionotb  p 1L
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Figure 5.15. Daily viability percemages oFBS-expanded SCsmeasured using flow cytometry.
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Figure 5.16. Daily viability percentages of pHR&xpanded ACsmeasured using flow
cytometry.
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Cell cycle analysis was performed (as described oti@e5.3.4.1), and the percentage of
cells in phases G0/G1, S, and G2a8&hown inFigure 5.7.

The index of dispersion for 4 x 6 quadrats was calculated using manually labelled cell
coordinates on phasmntrast micrographs. Micrographs from pHgitients were confluent

from 7 days onwards, and the positions of cells could not belyetredrked. In these cases

no index of dispersion could be calculated. The daily indices of dispersion are shown in
Figures 5.18 and.19.
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Figure 5.17. Cell cyclepercentagemeasured using flow cytometnyf cells expanded in FBS
(left) and pHPL (right).
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Figure 5.18. Daily indices of dispersionf cdls expanded in FBSndices were calculated using

images that were divided into 4 x 6 quadrats.
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Figure 5.19. Daily indices of dispersioof cells expanded in pHRPIOwing to overconfluency
from day 7onward, cells could no longer be labelled reliallydices were calculated using
images that were divided intbx 6 quadrats.

Department oElectrical, Electronic and Computer Engineering 81
University of Pretoria



CHAPTER 5

IN VITROMEASUREMENT

5.4.2.3 Non-destructive proliferation assay expandedin FBS

ASCs at passage 10 were seeied 3 wells at 2500 cells/cnt. Imagesof the same wells

were captured daily for 7 days, i.e. no destructive measurements werelta&enimber of

cells isshown in Figure 5.2(R), and the indices of dispersion are shown in Figuré &}

4
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124 |[—@—Well2(x+ o) —@— Well 2
—@— Well3 (u £+ o) 4 —8— Well 3
10 o
2 2
G z .
U L
5 0 z
5 )
L
= 5]
= 6 w 2
= L
Z 2
4 L
|
2
0 T I I I I I 1 0 T T T T T T T
1 2 3 4 5 6 7 1 2 3 4 5 6 7
Days Days

Figure 5.20. (a) The number oFBS-expanded ASCper day derived from image coungth
0 jo0 o m8b) Daily indices of dispersionf cells expanded in FB$sing images that were

divided into 4 x 6 quadrats.
5.4.2.4 Discussion

The intrapassage characteristics of ASCs were investigated in this section, and experimental
data of hreeproliferation assayarepresented. The first proliferation assay only considered

a single patient and FBS supplementation, but varied the seeding densitgrolik
kinetics and population limit of this patiewere strongly affected by seeding density. When
seeded at a lower densitgells seemed to reach lower plateau even thouglonly a
comparatively lowconfluencyof 50 to 60 percent was reachédlower seeding density

resulted inower viability for the first three days in cultyteut then reached apprimately
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equivalent viability in subsequent days. This indicates that cell deathavdkeprimary

reason fothe lower population limit

Cell countsthat were estimatedsing phasecontrast micrographs corresponded well to
counts obtainedising flow cyometry, although measurements from images resulted in
greater varianceln addition to the labelled counts, the pixels of each micrograph were
labelled, and confluency was quantified as the ratio of cell pixels to total pixels per image.
It was found thatonfluency couldbe approximateavell by cell countsif the population

limit is known. This means that in certain cases the |labdensive pocess of individual

pixel labelling can be omittedHowever the decision to passage is usually based on a
subgctive estimate of confluency, and a more quantitative approach could be valuable in
clinical applications. Atomated imag@rocessingapproachg could potentially be
employed to classify pixels for this purpose.

Cell area was estimated using the numbaretifpixels and the number of cells counted per
image. The average cell size did not correspond well té-Bfexpandedell sizes that
weremeasured using fluorescent dyrsSection 5.4.1.3Thiscanbe attributed tahe cells

not being individually laelled, and that only the average number of pixels per cell was
calculated. Since positiveskewed distribution of cell sizesas observed, itould be
expected that the mean cell size is higher than the mélthangh biased, the average cell
size increaedover time, which couléhdicate that cells spread when they remain in culture
for protracted periods and cease to proliferétes could bemportant to account for when
cell counts are used to estimate confluency, or when population limits aretedtimsang

cell sizes.

The index of dispersion was calculatesing labelled cell coordinates on micrographs. Cell
positions were initially appsomately Poissondistributedwhen seededyut cells beame

moreclusteredn subsequent dayé difference in sptial dispersion was observed between
imageson the same dawhere cells in certain images remained Poisson distributedhand

certain casebecame more uniformly distributed.
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The second proliferation assay consisted lairge multipatient comparisondiween FBS
and pHPL.A largeamount of inteipatient variabilityin growth kinetics was observed in
both FBS and pHPLexpanded cells. Intrpaient dfferencesonconsecutive days were also
observed, which are liketp bea sideeffect ofobserving parél-plated cells instead of the
same populatioof cells. It is possible thamall differences in initial conditionsuch as in
seeding dengit have a large resulting effect over tinkgually important are the intrinsic
differences in cells isolateddim different donors, whose age and medical history were not

taken into consideration.

The number of cells obtained usipylPL wasnearly an ordeof magnitude greater than
cells expanded in FBS. Viabilitlifferedbetween patientsnd between serpHPL viability
markedly decreased after confluerfayapproximately day 7yvhile FBSdecreased steadily
from day 9 onwards, even when confluency had not been reached.

The percentage of cells in each cell cycle phase was measulagl period of 1 day was
obseved for FBS which was characterised by a lower number of cells in the S.phase
contrast,the majority of cellsexpanded in pHPL wer@ the S phase on day 1, with the
exception of one patient. The S phase of cells expanded in pHPL rerzagerdompared

to FBS for the first seven days, after which confluency was reacipétPL, and the S phase
percentagelecreasedA percentage of cells expandediBSremained in the S phaaéthe

end ofthe 14 dayperiod which could indicate that a platehadnot yetbeenreached.

The index of dispersion of FBS mirrored earlier results, where cell poswieresinitially
approximately Poissedistributed then steadily bemne more clusteredinterpatient
variability wasalso observed here, bhatcontrast tavhat was predicted by cellular automata
simulations in Chapter, patients with loweindices ofdispersion divided more slowly¥his
could indicate thatheindex of dispersiois a sideeffect of varyingproliferationrates and
not a causal predictor gfoliferation ratesThis wasalso observeth pHPL, wherehigher

indices of dispersioresulted n faster proliferatiomompared to FBS

In the first two proliferation assays each daily measurement required a separate flask, as

described in Figure 5.1. tird proliferation assay utilised natestructive phaseontrast
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micrographmeasurementswhich were captured daily in three wells. Measurements in
different wells did not display the expected inpatient variability. This could be a
consequence of theell substrate area that is smaller than that of the flasks used in prior

proliferation assays.

5.5 CHAPTER SUMMARY

This chaptepresentsesults ofin vitro experiments. First, fundamental characteristics were
investigated. Confluent ASCs were culturk up to 21 days postonfluency, and a
population limitappearedo have beeneached. However, the limit diffiedbetween patients

and the different sera.ells from certain patients reached consistently higher numbers than
other patientsvhen expanded inBS, while all patientgeached highgpopulationlimits in

pHPL Cell sizes were measured, and a positive skewed distribution was observed where
smaller cells appear more commonplace. ASCs expanded in pHPL were smaller than those
expanded in FBS, which chiliindicate that cell size plays a role in determining the

population limit Alternatively, cells that proliferate slowly tend to spread more.

Next, intra passage characteristics were investigated thrbuegptoliferation assays, and
substantial variabtly between patients, sera and seeding densities was observed. ASCs
expanded at low seeding densities in FBS seemed to reach gpaitiérat population limit,

even though low (60%) confluency was observeds €huld indicate that space constraints

are na the only limiting factor when expanding ASCs, and thattoetlell interactions could

be an important factor.

A multi-patient proliferation assay that compared FBS and pHPL was performed, and cell
counts ad viability differed substantially between paits. Considerable differences in cell
counts of subsequent days, within the same patient, were also observed: cell counts nearly
halved in one day, then more than doubled in the following day. This is bkedgult of
variability introduced by the expienenter for example at the time of seediagd is
reflective ofthe parallel expansion separate flasks that are dissociated prior to daily flow

cytometer measurements.
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The number of cells obtained usingPHwasapproximatelyan order of magnitude griea
than cells expanded in FB& contrast to what was predicted the cellular automata
simulationsin Chapter 3 patients with lower indices of dispersion divided more slowly.
addition, thefasterdividing pHPL-supplemented cells resulted in higHdices of dispersion.
Instead of acausal predictor of proliferation ratethis may indicate a reversecausality

between proliferation rates and the index of dispersion.
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6.1 CHAPTER OBJECTIVES

The objective of this chapter is avaluaé the population modeldescribed in Chapter 4
based orheirdescriptive ad predictive capacitgf the measured data described in Chapter
5. Descriptive capacity refers to how welichmodel describes the data giveranplete

set of observationswhile predictive capacity evaluates the model predictiohguture
observationswhenonly partial observations are supplied. Ofieiing is a risk whenever
optimisation is performedtherefore,simpler models are preferred for generalisation to

differentpaients.

6.2 INTRODUCTION

The intra-passageneasurementthatweredescribed in Section 5.4.2.1 warsedfor both
descriptive and predictivealidation, andare numbered in Tablé.1 Additionally, each

experiment wastratifiedinto one offour experimentagyroups.

The cell cycle measuremernitsSection 5.4.2.2 do nalistinguish between GO (nemitotic
fraction) and G1 (part of mitotic fraction) phasdiserefore, theywere not included in
validation of the mitotidraction and validation was limited to cedbunts.The RMSEof

cell counts wasised as measure of aacacy, i.e. thesrror function.
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Table 6.1 Theexperiment numbers and groups used indhépter.

Experimental | Experiment Seeding Substrate Serum Relevant

group number density area (cn?) | supplement section
1 1 1000 25 FBS 54.2.1

2 5000 25 FBS 54.2.1

3 1000 25 FBS 5.4.2.2

4 1000 25 FBS 5.4.2.2

2 5 1000 25 FBS 5.4.2.2

6 1000 25 FBS 5.4.2.2

7 1000 25 FBS 5.4.2.2

8 1000 25 pHPL 5.4.22

9 1000 25 pHPL 5.4.2.2

3 10 1000 25 pHPL 5.4.2.2
11 1000 25 pHPL 5.4.2.2

12 1000 25 pHPL 5.4.2.2

13 2500 3.8 FBS 5.4.2.3

4 14 2500 3.8 FBS 5.4.2.3
15 2500 3.8 FBS 5.4.2.3

6.3 DESCRIPTIVE MODELLING

6.3.1 Assumptions

It is assumed thatellswereseededt a known densitgn a known substrate aredlowing

0 to be calculatedlt was also assumethat aset of cell countand spatial dispersion
measurementsor "Q days were known for each experimenti.e. {0 h) B ) and
a8 RO .

Apoptosiswasnot included inthe models thereforejf 0 <0 , thend was set equal to

U . Certain spatial dispersion measurements of the cells expanded ingbldRterimental
group 3could not be taken after a certain numbédays. Inthesecass, the last known
spatial dispersion measurement was used for the remainingTdagsassumption could
significantly affect the results if the index of dispersion changes in following days.
Specifically, as confluency is approach#te index of dispersiohecomes the degenerate
case ofO T1U It is expected that the assumption of a constanizeom index of dispersion

would have a detrimental effect on the accuracy of models.

Department oElectrical, Electronic and Computer Engineering 88
University of Pretoria



CHAPTER 6 RESULTS AND DISCUSSION

When thepopulation limit washot optimised, it waassumed as
o A R MBH 8 (6.1)
6.3.2 Optimisation strategyand model description

In Chapter 4, when the population model was compared to the cellular automata data it was
convenient to quantify errors in terms of confluency. However, if the population limit is not
known, as is the case with expeeimtal data, confluency cannot reliably determineffom

cell countsinstead, gorswere quantifiedn terms ofthe RMSE of cell cours.

The optimised variableand abbreviationtor each modeare shown in Table 6.2n the
case of VH1 andGL-1, 0 was not optimised but assumed &gl VH-3 andGL-3 were
optimised for an exponential lag parameter, and4/Bnd GL-4 for sigmoidal lag, as

discussed in Section 4.6

Table 6.2 Theoptimised variables arabbreviation®f the models considered for optimisation

Mitotic fraction model Model abbreviation Optimised variables
Verhulst VH-1 oY
Verhulst VH-2 'O "™andu
Verhulst VH-3 0 "NO handt
Verhulst VH-4 0N h, hando |

Gereralisedogistic GL-1 oY
Generalised logistic GL-2 ‘0 "™andv
Generalised logistic GL-3 0 "NO handt
Generalised logistic GL-4 O "N h, hando |

6.3.3 Error surfaces

Certain sed of parametersould yieldsimilar outputs. For exaple, a lower mitotic fraction

could result in similar cell countsr a longer division time.

Complete enumeration dhe optimisationspacewas performed for V2 andGL-2 to
examine if multiple equivalent solutiorexisted. Foreach0 and ‘O"fthe RME was

calculated, and therror contoursf representative examples aigown for experimeat

Department oElectrical, Electronic and Computer Engineering 89
University of Pretoria



CHAPTER 6 RESULTS AND DISCUSSION

groupsl and 2 in Figure 6.1, arekperimentafroups3 and4 in Figure6.2 Blue contours
indicatea smallerRMSE. An error contour witha single global minimunindicates the
presence of a single solution. A singhlainimum is preferable, since additional

measurements are not needed to distinguish between solutions.
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Figure 6.1. Theerror surfaceontoursfor VH-2 (left) and Gl:=2 (right) mitotic fractions for (&)
(b) experiment 1, (d) (d) experiment 2, (&) (f) experiment 3, (g) (h) experiment 4.
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