Aristotle University of
Thessaloniki

Modeling and Optimization
of 3D Stem Cell
Bioprocesses

By
Romuald GYORGY

under the supervision of
Professor Michael C. Georgiadis

A thesis submitted in partial fulfilment of the requirements
for the degree of Doctor of Philosophy in the

Department of Chemical Engineering

December 2022






Declaration of authorship

|, Romuald GYORGY, declare that this thesis titted “Modeling and

Optimization of 3D Stem Cell Bioprocesses” and the work presented in it are my

own. | confirm that:

Signed:

This work was done wholly while in candidature for a research degree at

this University.

Where any part of this thesis has previously been submitted for a degree
or any other qualification at this University or any other institution, this

has been clearly stated.

Where | have consulted the published work of others, this is always

clearly attributed.

Where | have quoted from the work of others, the source is always given.

Except for such quotations, this thesis is entirely my own work.
| have acknowledged all main sources of help.

Where the thesis is based on work done by myself jointly with others, |
have made clear exactly what was done by others and what | have

contributed myself.

Date:







Modeling and Optimization of 3D Stem Cell
Bioprocesses

By Romuald GYORGY

Examination committee members

Michael C. Georgiadis
Professor
Supervisor
Department of Chemical Engineering
Aristotle University of Thessaloniki

Athanasios Mantalaris
Professor
Advisory Committee Member
Wallace H. Coulter Department of
Biomedical Engineering
Georgia Institute of Technology,
Atlanta, GA, USA

Margaritis Kostoglou
Professor
Advisory Committee Member
Department of Chemistry
Aristotle University of Thessaloniki

Andreana N. Assimopoulou
Associate Professor
Examiner
Department of Chemical Engineering
Aristotle University of Thessaloniki

Christos Chatzidoukas
Assistant Professor
Examiner
Department of Chemical Engineering
Aristotle University of Thessaloniki

Alexandros D. Kiparissides
Assistant Professor
Examiner
Department of Chemical Engineering
Aristotle University of Thessaloniki

Xanthippi S. Chatzistavrou
Assistant Professor
Examiner
Department of Chemical Engineering
Aristotle University of Thessaloniki






“Computers are useless. They can only give you answers.”

(Pablo Picasso, 1968)

vii






ARISTOTLE UNIVERSITY OF THESSALONIKI
Abstract

Faculty of Engineering
Department of Chemical Engineering

Doctor of Philosophy

Modeling and Optimization
of 3D Stem Cell
Bioprocesses

By Romuald GYORGY

Clinical need for bone implants has been steadily increasing in the last
few decades. The rising demand is partially attributed to the rise in living
standards across the world and a corresponding increase in the percentage of

elderly people (who are more susceptible to injury) in the general population.

Together with the rising demand, newer medical procedures that are
more effective and are associated with fewer risks (such as donor site morbidity)
have been developed. Both in the past, and to continue the useful trend into the
future, cells suitable for implantation in critical sized bone defects can be

produced by the in-vitro expansion and osteogenic differentiation of stem cells.

To help make such experimental processes more efficient — both in
terms of cost, as well as the quality of the product (bone cell implant) —
mathematical models can accelerate the model-based optimization of the
experimental techniques used for producing the implants, and the cells contained

within the implants themselves.

Towards this end, this PhD thesis introduces two mathematical models
for the osteogenic differentiation of mesenchymal stem cells in vitro. The first

model addresses osteogenic differentiation in well-plate cultures and is



constructed around a population balance core that enables it to capture and
deconvolute cell cycle heterogeneity; it also incorporates the activity of key
intracellular metabolic pathways (i.e., glycolysis and tricarboxylic acid cycle) and
representative osteogenic genes (Runx2 and osteonectin). The mathematical
model is built from first-principles and obeys mass conservation laws. The key
finding based on simulation results implies the existence of a tradeoff between
proliferation and differentiation, predicting a delay in the onset of differentiation
when cells are allowed to cycle faster. The simulations leading to this conclusion
did not model energy competition and suggest that the tradeoff is intrinsic, beyond
the constraints imposed by the limited availability of energy molecules within

cells.

The mathematical model is then extended to a rotating-wall bioreactor,
whereby cells (cultured in a three-dimensional environment) are encapsulated in
alginate-gelatin beads, introducing a multiscale description of the osteogenic
differentiation process: from the cellular size scale, through the alginate-gelatin
bead scale, to the bioreactor size scale. The mathematical model incorporates
the same metabolic pathways and key genes, additionally capturing spatial
heterogeneity within the beads. The discretized formulation of the model consists
of 12,563 simultaneous ordinary differential equations. Predicted metabolic
changes and gene activation (Runx2 and osteonectin) in alginate-gelatin-bead-
encapsulated cells are slightly delayed compared with well-plate cultures, result

attributed to mass transfer limitations within the hydrogel bead.

Global sensitivity analysis revealed that parameters related to gene
expression (decay rates and gene transcription activation constants) carry the
most significance and should be the focus of future parameter estimation efforts.
Hydrogel bead size does not meaningfully impact simulation outcomes for beads
smaller than 4 mm in diameter. An analysis of the mathematical model renders
the outcome of the simulations qualitatively correct, within the limitations imposed

by the reduced subset of metabolites and genes included in the model.

The mathematical models introduced by the research showcased in this
thesis can function as a framework for future model-based bioreactor and
bioprocess optimization. Due to the large size of the mathematical model in terms



of number of equations, the multiscale model requires the use of
high-performance computing systems to reduce the currently prohibitive time

required to solve optimization problems on a single computer.
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MepiAnyn

H KAIVIKRp avdykn yia OOTIK& EU@UTEUPATO auédveTal oTaBepd TIG
TeAeuTaieg dekaeTieg. H auéavopevn autr) CATNon atmodideTal ev Pépel otnv Avodo
TOU BIOTIKOU ETTITTEDOU TTAYKOOHIWG KAl 0TV ONUAVTIKA auénon Tou TTO000TOU
TWV NAIKIWPEVWY (TTOU €ival TTIO ETTIPPETTEIC O€ TPAUUATIOPOUG) OTOV YEVIKO

TTANBUCO.

MapadAAnAa pe TNV augavopevn CATNON, €XOUV QVATITUXBOEI VEOTEPEG
IOTPIKEG TEXVIKEG TTOU €ival TTIO OTTOTEAECPATIKEG KAl oUVOEOVTAl PE AlYOTEPOUG
KIVOUVOUG (OTTwG N voonpotnTa Tou 801n). Téoo oto TTapeABdv, 600 Kal yia va
ouvexIoTel N XPAOIKN Taon oTo PEAAOV, KUTTAPO KPIioIJou ueyEBoug, KataAAnAa
yia €UJQUTEUON O OOTIKA EAQTTWMATA, YTTOPOUV va TTapaxBbouv ue Tnv in vitro

QAVATITUEN Kal TNV OOTEOYOVIKI] dIaQOPOTIoiNoN TwWV BAACTOKUTTAPWY.

MNa va yivouv TTI0 OTTOTEAECUATIKEG TETOIEG TTEIPAPATIKEG dlEPYATie —
T600 aT1To ATToWn KOGTOUG OO0 KAl ATTO ATTOWN TTOIOTNTAG TOU TEAIKOU TTPOIOVTOG
(EM@UTEUNA OOTIKWY KUTTAPWY) — JABNUOTIKA HOVTEAQ UTTOPOUV VA ETTITAXUVOUV
TN PeATiototmoinon (Bdoel POVTEAOU) TWV  TTEIPAMATIKWY  TEXVIKWY  TTOU
XpNolJoTtTolouvTal TO0O YIa TNV TTapaywynl TwV EUQUTEUMATWY OCO0 Kal TnV

QAVATITUEN TWV KUTTAPWY TTOU TTEPIEXOVTAI OTA idI0 T EUPUTEUATA.

H tTapouca diaTtpifr) TTPOTEIVEI APXIKA €va JaBNUATIKO PMOVTEAO yia TNV
OOTEOYOVIKN dIaQOPOTIoiNCN TWV PECEYXUMATIKWY BAACTOKUTTAPWY in vitro. Ta
povTéAa €xouv avaTrTuxBei yupw atmd éva TTANBuopIakd 1I60LUYIO TTOU ETTITPETTEI
TNV AETTTOPEPT) HOVTEAOTTOINON TNG EYYEVOUG ETEPOYEVEIAG TOU KUTTAPIKOU KUKAOU,
EVOWMNOTWVOVTAG TN dpacTnEIOTNTA BACIKWY EVOOKUTTAPIKWY PETABOAIKWY 0dWV
(KUKAOG  yAukbAuong kai TPIKOPBOEUAIKOU 0&EO0G) Kal  AvTITIPOOWTTEUTIKA
00TEOYOVIKA yovidia. To povtéAo Baciletal oe BepeANILOEIC apXEC Kal I0KUOVTEC
vopoug dlatApnong. Ta aTroTeAéOuATa TNG TTPOCOMOIWONG TWV  HOVTEAWV
atrodeIKVUOUV TNV UTTapén avtioTdduiong JETagU Tou TTOANATTAQCIAoUOU Kal TNG
d1aQopPOoTToiNONG TWV KUTTAPWY, TTPORAETTOVTAC HIa KaBuoTépnon aTtnv évapén

NG diapopoTToinong OTav Ta KUTTAPa a@rAvovTal va avaKuKAwBoUv TaxuTepa.

To apxikdé PaONUOTIKO MOVTEAO ETTEKTEIVETQI OTN OUVEXEIQ OE €vav

BloavTidpaoThpa  TTEPIOTPEPOUEVOU  TOIXWHATOG, OTToU T KUTTApPO
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evOuhakwvovtal oe o@aipidla  aAyIvVIKAG CehaTivng, elodyovtag €101 TNV
duvaToTNTA TTEPIYPAPNS TTOANATTAWY KAIJAKWY TNnG diadikaaiag dlagopoTroinong:
atrd TNV KAiJaKa KUTTAPIKOU PEYEBOUG, HECW TNG KAIJaKAG o@aipidiwyv aAYIVIKAG
CeAaTivng kai TEAOG 0TNV KAipaka peyEBoug Tou BloavTidpacTrpa. To padnuatikd
MOVTEAO evOWMATWVEL TIG idIEG METAPBOAIKEG 0OOUG Kal Paocikd yovidia,
KAaTtaypa@ovtag €mMTTAEOV T XwpPIKA €Tepoyévela péoa ota o@aipidla. To
dlakpiTotroiNuévo  POVvTEAOU atroTeAeiTal atmd 12.563 ouvnBeig dl1aPopIkES
eCliowoelig. O ouykevipwoelg  Baoikwv  PeTaBoATwy  (TT.X.  YAUKOdn,
TTUPOOTAPUAIKO, YAOUTAWIVN, YOAQKTIKO) CUYKpPivovTal JE TTEIPAUATIKA dedouéva
aTTO KAANIEPYEIEG OTATIKWYV TTAOKWYV PPEATIWY, ATTODEIKVUOVTAG OTI O TTPOBAEWEIG
TOU JovTEAOU gival IKavoTToINTIKES. DaiveTal €TTioNG OTI N YOVISIOKK EVEPYOTTOINON
(Runx2 kai ooTeovekTivn) o€ KUTTOPO €VOUAQKWHEVA PE T@aIPIdIa aAYIVIKAG
CeAaTivng kaBuoTepei EAa@pwg o€ oUyKpIon PE KaANEpyeleg o TTAakidIa . Mia
oAIKA avdAuon guaioBnoiag aTToKAAUTITEI OTI O TTOPAPETPOI TTOU OXETICOVTAI HE
TNV ék@paon Twv yovidiwv (pubuoi didoTTaong Kal oTabepEG evepyoTToinong
METAypPaA®NG YyovIdiwv) €xouv Tn MeyaAUTepn PapuTtnta Kal Ba TTPETTEl va
ATTOTEAOUV TO ETTIKEVTPO TNG MEANOVTIKNG EKTINNONG TTAPAPETPWYV. TO YEyeBOG TwV
oQaIpIdiwv  UBPOYEANG Oev  €TTNPEAdEl ONUOVTIKA Ta AtroTeEAéopaATa  TNG

TTPOCONOIWONG YIA DIAPETPOUS OQAIPIdIWY OTNV TTEPIOXN 2—3 mm.

Ta paBnuaTtikd povréAa TTou TTapoucidlovial o€ auTh Tn diatpifn
MTTOpOUV va eEao@alioouv €va UTTOAOYIOTIKO TTAQICIO yia Tnv PEANOVTIKA
BeATioToTroinON BloavTidpaoTripwy Kal Piodiadikaoiwy PAoel HoVTEAwY. Adyw
TOU HMEYAAOU MPEYEBOUG TOUG, TA TTPOTEIVOUEVA MOVTEAQ TTOAAATTANG KAipakag
ATTAITOUV TN XPHON UTTOAOYIOTIKWY CUCTNUATWY UYNnANG attédoong yia Tn heiwon
TOU ETTi TOU TTAPOVTOG UWNAOU UTTOAOYIOTIKOU XPOVOU TTOU QTTQITEITAI YIO TNV

etmiAuon TéTolwV TTPORANUATWY BEATIOTOTTOINONG O€ £vav JOVO UTTOAOYIOTH.
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Nomenclature

Latin letters
A(GTiYP ) [dimensionless] — RNA transcription activator level for gene i (Runx2, or

osteonectin) in cells at differentiation state TYP

Civm [Pmol/L] — concentration of metabolite m (glucose, lactate, or glutamine) in

the reactor feed (culture medium)

CC,, [pmol/L] — concentration of metabolite m (glucose, lactate, or glutamine) in

the culture medium

C,(r,t) [pmol/L] — concentration of metabolite m (glucose, lactate, or glutamine)

inside the alginate-gelatin bead

Cm,out [PMoOI/L] — extracellular concentration of metabolite i (glucose, lactate, or

glutamine) inside the alginate-gelatin bead

CPD. [dimensionless] — cumulative probability distribution function indicating the
fraction of cells which differentiate while traversing phase G, before reaching

growth coordinate x (given by the argument of the function)

Cg, [pmol/L] — intracellular concentration of the metabolite that plays the role of

the reactant in the i*" intracellular reaction; i ranges between 1 and 9
Dex..;; [nmol/L] — intracellular dexamethasone concentration
Dex e [NMoOI/L] — dexamethasone concentration in the culture medium

Dexp.qq(r,t) [nmol/L] — dexamethasone concentration in the alginate-gelatin

bead at radial position r (and time t)

Di(:YP ) [cell/L/day] — growth-coordinate-dependent differentiation rate of cells into

. (TYP) _ (TYP-1)
’ D in =D

differentiation state TYP (from the preceding state) out

D (TYP)

out _ Lcell/L/day] — growth-coordinate-dependent differentiation rate into the next

(TYP) _ ~(TYP+1)
D - Din

state after differentiation state TYP; D,
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D., [dm?/day] — mass diffusion coefficient of metabolite m (glucose, lactate, or

glutamine) in water

dxp [dimensionless] — differentiation exponent

durationT*? [day] — duration of phase = (G, S, or M) for cells at differentiation
state TYP (MSC, PRE, or OBC)

E,(nTYP) [L/pmol] — conversion factor relating the production of energy cofactor m
(ATP or NADH) to the duration of phase G for cells at differentiation state TYP

(TYP)
f. dif f

traversing phase G by differentiating into (phase G of) the next state, before

[dimensionless] — fraction of cells that are leaving state TYP while

they can transition to the synthesis phase (of the current state TYP)
F;y [L/day] — culture medium perfusion flowrate

E,, [pmol/dm?/day] — molar flux density vector for metabolite m (glucose, lactate,

or glutamine) inside the alginate-gelatin bead

F» [pmol/dm?/day] — radial component of molar flux for metabolite m inside the
alginate-gelatin bead, in the radial direction, oriented from the center toward

the outer surface of the bead

6™ [dimensionless] — relative expression level of gene i (Runx2 or

osteonectin) in cells at differentiation state TYP

G (TYP)

key  ldimensionless] — relative expression of the gene that controls

differentiation from differentiation state TYP; G., = Runx2 for mesenchymal

stem cells and Gy, = osteonectin for pre-osteoblasts

i [dimensionless] — counter variable ranging from 1 up to the number of variables
of the specified category (8 intracellular metabolites, 2 genes, 9 intracellular

metabolic reactions, 3 cross-membrane transport flows, etc.)

kpeaam [dm/day] — mass transport coefficient for transfer of metabolite m between

the culture medium and the (surface of the) alginate-gelatin bead

keqr; [day™"] — kinetic constant for intracellular reaction i; i € 1,9
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kaecay [day™"] — RNA decay rate

kpnai [dimensionless] — DNA binding constant for the RNA transcription of gene

i (Runx2 or osteonectin)

k,(sTiYP ) [L/day] — cross-membrane transport coefficient for the enzyme connected

(TYP). 1 € 13

with flowrate i for cells at differentiation state TYP; see also: TRate;
kr ; [pmol/L] —transport inhibition constant for cross-membrane transport flowrate

i;i€13
kerans,i [day™'] — RNA transcription rate for gene i (Runx2 or osteonectin); i € 1,2

M,(nTYP) [pmol/L] — intracellular concentration of intracellular metabolite (or energy

cofactor) m in cells at differentiation state TYP

MgYP ) [pmol/L] — intracellular concentration of metabolite transported across the

cell membrane by flowrate i

Npeaa [dimensionless] — number of (alginate-gelatin) beads inside the perfusion

reactor

Ny [dimensionless] — number of intracellular metabolic reactions included in the

mathematical description of osteogenesis (N = 9)

Ny [dimensionless] — number of cross-membrane transport reactions included in

the mathematical description of osteogenesis (N; = 3)

N (TYP)

rorar LCEIIIL] — total count of cells at differentiation state TYP

Nerans [dimensionless] — RNA transcription exponent

NSTYP) [cell/L] — cell count distribution of cells at differentiation state TYP that are

currently traversing the = cell division cycle phase

Poorm(x,u,0) [dimensionless] — cumulative normal probability function,
parameterized by the mean value u and standard deviation o; the symbol u is

used here for the mean value of the distribution and has the meaning of phase

traversal rate elsewhere in the thesis (see ui""")
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P.(x) [dimensionless] — cumulative probability of transition to the subsequent

phase in the cell cycle; © € {G, M}
r [dm] — radial coordinate inside the alginate-gelatin bead sphere
Ry.qq [dm] — outer radius of spherical alginate-gelatin beads

Re [dimensionless] — Reynolds number

RRate™" [pmol/L/day] — rate of intracellular metabolic reaction i for cells at

differentiation state TYP

RVpe, [pmol/L/day] — net volumetric equivalent generation rate for

dexamethasone inside the hydrogel bead

RV, [pmol/L/day] — net volumetric equivalent generation rate for metabolite m

inside the hydrogel bead (for glucose, lactate, and glutamine)
Sc,, [dimensionless] — Schmidt number, for extracellular metabolite m
Sh,, [dimensionless] — Sherwood number, for extracellular metabolite m

STOIC,,; [dimensionless] — stoichiometric coefficient of metabolite m for

intracellular metabolic reaction (or cross-membrane transport) i

t [day] — time
TP [day™"] - transition rate into phase =, for cells at differentiation state TYP
""" [day™"] — distributed transition rate (onto the next phase in the cell cycle)

for cells at differentiation state TYP that are traversing phase

TRate™™ [pmol/day] — cross-membrane transport flowrate i for cells at

differentiation state TYP

TYP [dimensionless] — one of the three differentiation states considered by the
mathematical model: mesenchymal stem cell (MSC=1), pre-osteoblast
(PRE=2), or osteoblast (OBC=3)

Veen [L] — average cell volume
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Vr [L] — volume of culture medium inside the containing vessel (e.g., a well plate

or a bioreactor)
x [dimensionless] — cell cycle phase coordinate

Xmaxn [dimensionless] — upper bound of the phase coordinate domain for cell

cycle phase

Xminn [dimensionless] — lower bound of the phase coordinate domain for cell

cycle phase

Xtnreshold,n LdiMmensionless] — average value of the phase coordinate at transition

into the next cell cycle phase from phase m; applicable only to phases G and
M

Greek letters
6 (x4, x,) [dimensionless] — Kronecker delta function; takes the value 1 if the two

arguments are equal and 0 otherwise

0""") [day™"] - cell death rate for cells at differentiation state TYP while traversing

growth phase

Amembrane [L/dAy] — permeability coefficient for the mass transport of

dexamethasone through the cell membrane

uTP) [day™] — cell cycle traversal rate for cells at differentiation state TYP, while

traversing growth phase =«

7 [dimensionless] — subscript; one of the three cell cycle phases described by the
mathematical model: phase G (r = 1), phase S (7 = 2), or phase M (r = 3)
— ratio between the length of the circumference and the diameter of a circle;
the meaning of the symbol m should be clear based on the context in which it

appears

w; [day™] — base expression rate of gene i in mesenchymal stem cells
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Chapter 1. Introduction
1.1. Motivation and objectives

Currently, there is a continuously increasing clinical demand for bone
implants for a wide variety of surgical procedures for bone loss alleviation, most
often involving bone tissue in the head and limbs. In grafting procedures,
autografts are preferable to allografts as they mitigate the risk of disease
transmission, but they do have shortcomings such as limited availability and
donor site morbidity. Available synthetic graft substitutes generally lack
osteoinductive or osteogenic properties [1]. There is currently no system that can
mimic all the biological functions of autografts, clinical practice uses composite
grafts combining scaffolding with biological elements that stimulate cell
differentiation and osteogenesis [2]. As the incidence of bone disorders continues
to increase, bone tissue engineering may provide a viable alternative to
conventional grafts [3] by combining stem cells, biomaterial scaffolds, and
biologically active growth factors to make bone grafts readily available [4].
Meeting these increasingly high demands can be achieved with the use of stem
cells that can be differentiated in vitro towards the osteogenic lineage, aiming to
produce cells suitable for implantation in critical-size bone defects. High-quality
engineered grafts require efficient osteogenic differentiation of stem cells,
ensuring extracellular matrix protein secretion and successful integration with the
patients’ own tissue. In the specialized field of osteogenic stem cell differentiation,
mesenchymal stem cells (MSCs) are the predominant focus of cellular research
efforts, owing to their high osteogenic differentiation capacity and availability from
multiple cell sources of fetal and adult origin, including umbilical cord blood, which
present increased proliferative capacity and immunomodulatory properties. [5—
7].

During osteogenesis stem cell cultures consist of heterogeneous
populations at various stages of differentiation and in different cell cycle growth
phases. Most experimental techniques measure population-aggregated values,
masking cell-to-cell variability and overlooking the heterogeneous nature of the
cell culture. A comprehensive understanding of the evolution of the different

coexisting cell populations during the osteogenic differentiation process can



support culture and reactor level optimization by providing a necessary
instrument in the production of high-quality bone constructs [8]. Furthermore,
bioreactor phenomena inherently occur at multiple scales simultaneously. Since
more details are available during simulation, multiscale mathematical models
describing the bioreactor at all relevant geometric scales support superior
bioprocess control precision, potentially leading to improved stem cell products
that are better suited to clinical applications for the treatment of bone defects and

injuries.

To sum up in a single sentence, the main goal of the thesis is to develop
and implement a mathematical model to capture heterogeneity across many
scales in biosystems using population balance modelling. In service of the main

goal, the following objectives should be achieved:

¢ The formulation of a mathematical description of a single cell cycle phase
to describe the traversal of representative growth stages within the larger
function of cellular duplication, using population balances. When faced
with multiple options for the design of the mathematical model,
formulations where the parameters or variables carry biological or physical

significance should be preferred.

¢ Inclusion of “ports” in the implementation of the mathematical model for
cell cycle phases, which allows for cell cycle phases to connect and form
the cell cycle without requiring correction factors between adjacent cell
cycle phases to account for differences in phase duration, traversal rate,

or numerical discretization scheme.

e The formulation of a reduced mathematical model for intracellular

metabolism supported by in-vitro experimental results.

e A Dbiologically accurate connection between the intracellular and
extracellular compartments, allowing for metabolite transport across the
cell membrane. The model should account for factors promoting and

inhibiting the transport process.



e The formulation of a mathematical model to describe gene expression,
considering the biological mechanism giving the order in which the genes
are activated; the gene expression model should be connected to at least
one exogenous signal that triggers and maintains the gene expression

chain.

e Connection of the description of cell proliferation and differentiation, gene
expression and intracellular metabolism with bioreactor scale mass
transport phenomena, incorporating any intermediate scales into the

model.

1.2. Stem cells

Complex multicellular organisms are generally comprised of a plethora
of cell types performing various functions within the host organism. Cell types and
their differences can be thoroughly characterized by referring to their shape, cell
structure, function, gene expression, and biochemical composition. These cell
types are referred to as differentiated or specialized cells and develop from less
differentiated or undifferentiated counterparts (i.e., stem cells) by means of a

tightly reqgulated complex process, known as cellular differentiation [9].

Stem cells are functionally unspecialized cells that must possess two key
capabilities: self-renewal, and multipotency. The proliferative (self-renewal)
capability constitutes the main difference between stem cells and their more
differentiated progeny and is the mechanism enabling stem cells to maintain their
population size throughout the lifetime of the organism they reside within.
Multipotency is the ability of stem cells to differentiate into multiple types of more
specialized cells and is the reason why stem cells are the focus of many medical
research teams around the world [10].

Evidence for the existence of stem cells dates to 1961, when it was
observed that cell colonies were forming in the spleen of previously irradiated
mice after being intravenously injected with bone marrow cells [11]. This
experiment revealed the existence of hematopoietic stem cells and suggested
that bone marrow transplantation could be used for the clinical treatment of blood

formation disorders [12].



Stem cell populations are generally heterogeneous in terms of their
shape and intracellular biochemical composition; cells may shift between different
metastable states, possibly enabling stem cells to react to differentiation stimuli
while simultaneously maintaining population numbers, depending on their state
[13].

The results of some experimental tests for stemness depend on the
response of the cells to specific environmental signals; one drawback of the
resulting dynamic description of stemness is its unequivocal connection to a
unique cell population, stemming from its dependence on environmental
conditions [9]. Other approaches focus on the detection of certain stem cell

markers that are specific to each cell type [14,15].

While all cell types found in living multicellular organisms are derived from
embryonic stem cells, which exist during the early stages of life, adult (tissue)
stem cells, which exist throughout the entire lifetime of the organism can only
differentiate into a limited number of cell types. Adult stem cells are responsible

for the maintenance and recovery after injury for the tissues they reside within [9].

Among the relatively large number of different kinds (of stem cells),
pluripotent stem cells are those that can differentiate into cell types of any tissue
of the body. There are two types of pluripotent stem cells recognized in publicly
available scientific literature: embryonic stem cells (ESC) and induced pluripotent
stem cells (iPSC). ESCs originate in the inner cell mass of embryos and can be
cultured as pluripotent stem cells in vitro [16]. Alternatively, iPSCs can be
obtained from adult cells by induced de-differentiation (or reprogramming of the
cell) [17,18]. Both experimental techniques produce stem cells that can
differentiate into all three germ layers (endoderm, mesoderm, and exoderm) and
are also capable of undergoing unlimited cellular divisions [12]. Following the
discovery of iPSCs, significant research efforts have focused on techniques to
isolate and characterize them [19]. After they were first derived (in mice) in 1981
[20], pluripotent stem cells have enriched humanity’s understanding of essential
areas of cellular biology and have provided the means to develop and test

medical hypotheses and cell-based therapies [21].



Another important and widely researched type [22] is the hematopoietic
stem cell (HSC), which can differentiate into any cell type from the blood cell
lineage, such as: red blood cells, white blood cells, or thrombocytes [23].
Hematopoietic stem cells (HSCs), also referred to as blood stem cells, are found
in the bone marrow, peripheral blood, and umbilical cord blood (UCB). HSCs are
one of the essential cell sources in stem cell biology and are also used in the
clinical treatment of blood cancers and regenerative diseases including
non-hematopoietic tissue regeneration (e.g., liver disease treatment). Despite
their low numbers and relative rarity, hematopoietic stem cells are very active in
the human body, producing about one ftrillion cells per day to maintain
homeostasis [24]. Although bone marrow transplants have been successful at
treating various hematopoietic deficiencies, significant immunological barriers
affecting allogeneic blood stem cell transplants still exist; past and future research
efforts focus on creating protocols for effective hematopoietic stem cell
manipulation (such as genome editing) [25]. Currently, research on the
transplantation of hematopoietic stem cells is still very active, with novel
strategies for isolation, expansion, and implantation are continuously being
developed [26].

While generally undesirable within the living body of individuals, cancer
stem cells (CSCs) are also an important research topic; discovering markers that
signal the existence of these cells [27] and using them in clinical settings to screen
for known cancer types can be very impactful for patients, making it possible to
treat the disease with diminished suffering of the individual or, in some cases,
prevent their death (which would likely occur in the absence of early cancer
detection). The existence of CSCs was first documented in leukemia, and in many
other cancers since then [28], particularly in solid and blood cancers. Cancer
stem cells have been proven to possess sustained self-renewal capacity and
have been associated with cell proliferation and tumor growth. It is hypothesized
that exposure to chemotherapy or radiotherapy may induce “stemness” in
cancerous tissue cells, making tumors resistant to treatment [29]. The fact that
CSCs generally constitute only a small fraction of the cell population within tumors
[30] can make the cancer more difficult to treat, sometimes causing relapses even

when the tumor has been physically removed from the patient [29].



Stem cells also play an important role in the production of monoclonal
antibodies for a large variety of applications, such as in the treatment of leukemia
[31]. Monoclonal antibodies can also be used to treat tumors by targeting key
regulators of cancerous stem cells using a modeling framework to characterize
the cells and specific molecules involved in the process; the approach shows
promising results both in reducing the size as well as slowing the growth of the
tumor [32]. In modeling the production of monoclonal antibodies, it is important to
have access to a complete and accurate mathematical description the stem cell
line that produces the antibodies facilitating the optimization of culture conditions
and the produced antibodies, guiding experiment design, and potentially reducing
the associated experimental costs and time-to-market [33]. Mathematical models
that include the binding of antibodies to their targets are being developed, aiming
to produce antibodies that target multiple receptors, which may mitigate the
resistance to medication that some cancers acquire during clinical treatment [34].
More monoclonal antibodies are sanctioned for disease treatment every year, as
their efficacy and safety increase. Biosimilar products promise to make the
treatment of various diseases more accessible and affordable in the coming years
[35]. Monoclonal antibodies have also been used in the COVID-19 pandemic [36]
(which has affected a large part of the world in recent years), because one of their
key advantages, particularly important during the sanitary crisis, is that treatments
can be developed, manufactured, tested, and approved faster than in the case of

vaccines or antimicrobials [37].

Mesenchymal stem cells (MSCs) are one of the major stem cell types.
The first description of MSCs is attributed to a 1966 article, characterizing them
as “a population of adherent, colony-forming, fibroblast-like cells able to undergo
osteogenic differentiation” [38]; in addition to the osteogenic lineage, MSCs can
also differentiate into muscle and cartilage cells, among several other types [39].
MSCs are stromal cells that can self-renew and differentiate into multiple cell
lineages, and can be sourced from multiple tissues, the most practical for
experimental and clinical applications being umbilical cord and menses blood, fat
tissue and bone marrow. Although the highly complex mechanisms for MSC
differentiation and mobilization present significant challenges for the research

community, their multipotency makes them attractive for clinical applications [40].



In addition, MSCs possess anti-inflammatory and immune-modulatory properties,
providing the greatest focus of human MSCs in clinical testing; in-vitro cultures
suggest even broader applications with many clinical trials investigating medical
applications of MSCs. Although the current understanding of mesenchymal stem
cells is rooted in a strong scientific foundation, important details are not

completely understood, such as intercellular and intracellular signaling [41].

Important phenotypic modifications mark the osteogenic differentiation
route. One of the characteristic changes in mesenchymal stem cell physiology
during osteogenesis is the shift of metabolic energy production from glycolysis to
oxidative phosphorylation [42—46]. In addition to the metabolic changes that
occur during osteogenic differentiation, a study of umbilical cord blood
mesenchymal stem cells in laboratory conditions showed that metabolic activity
is high during the first week of differentiation and decreases to an oxidative state
analogous to that of osteoblasts during the second and third weeks [44]. The
acquisition of the osteoblast phenotype is accompanied by changes in gene
expression, including the Runt related transcription factor-2 (Runx2), expressed
during the first few days of differentiation, and bone extracellular matrix-related
genes that are expressed later in the differentiation process, such as osteocalcin,
osteonectin and bone sialoprotein [47]. The transition from an undifferentiated
proliferative phenotype to a differentiated one is linked to a gradual lengthening

of the cell division cycle [48].

1.2.1. Mathematical models for stem cell proliferation
and differentiation

Research into the dynamics of the cellular division cycle promises to have
notable clinical impact, especially when informed by and coupled with the large
amounts of biological data that are becoming accessible with recent technological
advances [9]. Mathematical models for cell growth can be implemented and
solved in a deterministic or stochastic manner. While some processes are
inherently stochastic in nature [49], simulating large stochastic models is less
feasible, due to the exponentially larger associated simulation duration of the
larger models (in terms of the number of equations in the mathematical

description); furthermore, when the process involves many stochastic



components (particles, cells, efc.) the average stochastic run is well represented

by the equivalent deterministic solution.

Common mathematical formulations that describe cellular division and
the cell cycle to various degrees of accuracy are (ordered from simple to
complex): ordinary differential equations (ODE), delay differential equations
(DDE), and population balance equations (PBE). Of the three listed approaches,
ODEs are the simplest to implement and verify; DDEs improv the description of
cultures where heterogeneity is important and are most suited if the delays (i.e.,
cell cycle phase durations) are constant; PBEs are the most flexible option,
correctly describing the distribution of cells within cell cycle phases and allowing
for non-uniform growth, death, and transition events over the modelled cell cycle

phase.

The cell cycle and stem cell proliferation are commonly described using
ordinary differential equations (ODEs). An ODE-based model was applied to
examine the lifespan and senescent behavior of periosteum derived progenitor
cells, concluding that early-passage cells may be suitable for different
applications than late-passage cells [50]. A mathematical model of MSC
chondrogenesis was developed to investigate the effects of endogenous and
exogenous transforming growth factor beta (TGF-B) on the chondrogenic

differentiation of mesenchymal stem cells [51].

Although they are the simplest mathematical option for dynamic
simulations, ordinary differential equations also have some shortcomings,
particularly under cyclic or varying conditions; since each ODE only calculates
one number (usually the total cell population of a compartment), it lacks a
description of the cell density profile along the growth coordinate for that
compartment. To address this issue, delay differential equations have been used
in scientific publications in various fields, from leukemia chemotherapy [52] to
mathematical modeling of HIV-AIDS [53].

The importance of cell cycle heterogeneity has been acknowledged in
applications such as chemical cancer treatment [54]. Population balance models
are used in a variety of scientific fields and are particularly valuable in applications

with large numbers of entities that are distributed over a continuum of possible



states. Wu et al. used population balance models to study cell aggregation in
stirred-suspension bioreactor cultures and identified the effect of cluster size on
cellular oxygen availability and risk of hypoxia [55]. Bartolini et al. researched
stem cell cycle dynamics and proliferation in suspension bioreactors by means of
population balance equations; their results infer the existence of a non-trivial
optimum cell concentration in suspension cultures [56]. More recently, Banerjee
et al. constructed a mechanistic model for the agglomeration of Chinese hamster
ovary cells in acoustic standing waves in which population balances were used
to predict the particle size distribution and evaluate the cell separation efficiency
of the technique [57]. Seidel and Eibl modelled oxygen supply in aerobic cultures
and used population balances as one of the possible mathematical descriptions
for bubble coalescence and breakup [58]; even without a direct description of the
cells, the information provided by such a model can be very relevant for aerobic
cell cultures by enabling the calculation of oxygen transfer rates from the gas

phase into the aqueous phase.

1.2.1.1. Differentiation of stem cells

Stem cell differentiation phenomena are integrated in mathematical
models by allocating each modelled cell type its own compartment and including
additional differentiation-rate-related terms to the proliferation equations to track
the number of cells transitioning between compartments [59]. If differentiation is
modelled as a mitotic event, then differentiation can occur either by symmetric or
asymmetric division; symmetric division produces two differentiated cells, while
asymmetric division produces one differentiated cell and one stem cell. Targeted
studies suggest that stem cell division is generally symmetric [60,61]. On the
other hand, cell differentiation can also occur during the cell cycle, allowing for
multiple cellular divisions before terminal differentiation at one end, or for
successive differentiations across multiple compartments (or differentiation

milestones) before undergoing mitosis at the other end [10].

1.3. Bioreactor modeling

Bioreactors are widely used for various applications, from general

large-scale fermenters to micro-bioreactors that are used for more specific



purposes, including the culturing of mammalian stem cells in three-dimensional
scaffolds [62].

The development of models that mimic the in-vivo environment can be
technically challenging; for example, differentiation into and maintenance of
cartilage tissue, requires high hydrostatic pressures to be applied at various
strengths to resemble regular daily activity of the tissue, and poses the additional
problem of mass-transfer-limited gas bubble removal from the culture medium
and scaffolds [63].

Accurate models approach bioreactor modeling from a mechanistic point
of view, carefully choosing the phenomena to be described mathematically (e.g.,
temperature, metabolite concentrations, and pH) and ignoring less relevant

aspects of the problem, based on insight and key assumptions [64].

Computer implementations of mathematical models can enhance
description of fluid flow and cell dynamics and can help improve the geometry of
scaffolds and aid in the design of experiments. Mathematical models also have
their limitations, stemming from their simplification of reality and the validity of
underlying assumptions. To ensure they are applicable, models should always
be tested and validated if possible [65].

Mathematical models have been used to study oxygen mass transport
limitations in biopharmaceutical processes, based on calculation of the mass
transfer coefficient of oxygen and experimental measurement of the gas bubble
size distribution; computational fluid dynamics simulations are presented as a
viable alternative for improving the accuracy of empirical correlations while at the

same time providing detailed cost-effective characterization of prototypes [66].

With recent advances in computing power a new level of model fidelity
has emerged, termed “digital twin”, a highly detailed and accurate computer
representation of a real process or device that has access to real-time process
data. The virtual model can use a combination of simulation, machine learning
and reasoning to generate valuable insight that is applicable to the original
physical system [67]. The “digital twin” approach is slowly being adopted by the
biochemical engineering industry and integrated into the design bioprocesses,

10



such as the in-vitro expansion of human mesenchymal stem cells, where the
expansion process and cultivation methods are coupled with computational fluid
dynamics (CFD) for modeling growth kinetics and local bioreactor characteristics
(as opposed to averaged, global ones). CFD models and simulations are valuable
tools with many applications including the determination of parameters that are

difficult to determine experimentally [68].

A series of recent publications tackle computational fluid dynamics (CFD)
and recognize the importance of multiscale mathematical descriptions for
bioprocesses. Flow conditions (hydrodynamics) play a crucial role in chemical
processes, due to their influence on sheer stresses, and mass and heat transfer.
To enable the application of CFD models for practical bioengineering
applications, their results require experimental validation; ultimately, such
multiscale models support the use of digital twins for high performance and high
accuracy process control [69]. A critical step of process development is the
scale-up of laboratory-scale models; a scale-up methodology coupled with CFD
and integrating cellular physiology could guide the development of future
bioprocess designs [70]. In addition to the combination of biological models and
CFD, data-driven modeling (i.e., machine learning) also has the potential to
accelerate and improve the development of digital twins that can guide the
selection between biological models and aid scale-up calculations for
fermentation and other bioprocesses [71]. Computational fluid dynamics are
increasingly being used in tissue engineering applications, as computing power
becomes more accessible and practical simulation knowledge spreads among
researchers. For example, using fluid dynamics calculations, a recent study found
that, in the case of a rotary bioreactor for esophagus tissue engineering,
moderate perfusion and rotation speeds are appropriate experimental conditions

for culture [72].

1.4. Global (parameter) sensitivity analysis

Global analysis techniques aim to assess the impact of the uncertainty
(often conveyed using confidence intervals) in the values of the parameters of the
model onto the prediction of the model, and to apportion the observed variance

to each of the parameters subjected to the (global sensitivity) assessment. The
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term sensitivity implies the (direct or indirect) use of derivatives, while the term
global reveals that the result of the analysis is mediated over the entire parameter
space. While local sensitivities are employed to identify the important parameters
when using nominal values, global sensitivities reveal the important parameters
when their values are allowed to vary in a specified parameter space [73] (i.e.,
when there is inherent associated uncertainty in the nominal values of a model’'s

parameters).

Sensitivity analysis can impactfully aid the modeling process at many
stages of (its) development, such as identification, calibration, and verification;
for example, sensitivity analysis can reveal if parts of the model can be lumped,
kept at fixed values, or even completely removed, without affecting the outcome
of the model. Although sensitivity analysis is very powerful and can potentially
yield notable results in terms of model simplification or parameter identification,
the analysis should only be applied to carefully selected outputs with clear
meaning or purpose within the model; in this manner, the time required to perform

the calculations is kept low, and the sensitivity analysis is more transparent [74].

1.4.1. A brief history of sensitivity analysis research

In 1995 two highly cited authors in the field of global sensitivity analysis
(Sobol I. and Saltelli A.) introduced the method of rank transformation to calculate
(first-order or main effect) sensitivity indices [75]. The methodology was further
improved with the introduction of a technique allowing for the calculation of the
“fractional contribution of the input parameters to the variance of the model
prediction” and total effect sensitivity indices whose values capture synergetic
interaction effects between each parameter and all the others, using rank

transformation to boost the reproducibility of the approach [76].

Although the sensitivity analysis technique is very powerful, it was not
immediately performed as routine practice, with many publications still using
one-factor-at-a-time (OAT) analyses in 2005. Variance-based measures (and
others) are described as easy to implement and capable of overcoming OAT
shortcomings. Rigorously defining the concept of factor importance, renders the

result of the analysis (i.e., the ranking of the factors) unambiguous [77].
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Global sensitivity analysis (GSA) is still an active research field. While
GSA is mainly used to study the effects of uncertainty in the values of the inputs
on the outputs of a model, GSA can also aid with variable selection in regression
models, by applying a measure of global sensitivity to a model-fit criterion, in
effect ranking the possible regression variables by importance; Becker et al.
recently presented and demonstrated a method for model selection based on

global sensitivity analysis [78].

1.4.2. High-dimensional model representation

The mathematical models presented in this thesis have been subjected
to global sensitivity analysis using the GUI-HDMR software tool [79]; the tool
offers a tried-and-tested method that has been used in the sensitivity analysis of
multiple mathematical models at the Biological Systems Engineering Laboratory
at Imperial College London [80]. Before the analysis, an uncertainty interval is
chosen for each input (i.e., all the parameters of a mathematical model, or a
subset). Then, many sets of parameter values are generated for the selected
inputs using the Sobol sequence [81,82], and the base simulation is repeated for
each set of parameter values. When performing sensitivity analysis, it is crucial
to cover as much as possible of the domain of interest for the parameters. The
naive rectangular grid approach becomes unfeasible for large numbers of factors
(input parameters), since the total number of simulations to be carried out
increases exponentially (with the number of factors). The Sobol sequence
generates points that belong to a quasi-random point set which fills space in an

efficient and highly uniform manner.

Based on the table of inputs and corresponding outputs obtained by
repeated simulations, the GUI-HDMR software tool then computes first-order
sensitivity indices Si(l) and second-order contributions Si(j) for each of the model
outputs (denoted by the subscript index i or j). The total sensitivity index for any
of the given outputs is calculated using equation (1.1). Parameters with a total
sensitivity index above the threshold value of 0.1 [83] were deemed significant
(i.e., the design of future parameter estimation efforts should prioritize the

refinement of these parameters’ values).
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TSI, = S +25i(5) (1.1)

i#j

1.5. Thesis overview

The thesis has the following overall structure:

Chapter 2 tackles the development and implementation of a
mathematical model for the osteogenic differentiation of mesenchymal stem cells
cultured in well plates. The model is built from first principles, and the modeling
approach relies on balance equations for all conserved quantities, from
population balances modeling the traversal of cell division cycle phases, to mass
balances for intracellular and extracellular metabolism and gene expression.
Simulation results match experimental measurements for cell counts, metabolic
and gene expression levels, confirming the model is appropriate. Sensitivity
analysis reveals that the parameters carrying the most significance for the model
are directly involved in the differentiation and proliferation behaviors of the cells.
An uncertainty analysis of the effects of cell cycle duration reveals that there may
be inherent trade-offs between proliferation and differentiation even if the two

aspects of stem cell dynamics were not competing for energy resources.

Chapter 3 extends the mathematical model formulated in Chapter 2 by
supplementing it with a description of the alginate-gelatin beads that stem cells
are encapsulated in and of the bioreactor where the osteogenic differentiation
process is carried out. This inclusion corresponds to a multiscale approach for
bioreactor modeling, as it includes phenomena from the cellular, to the
alginate-gelatin bead, and bioreactor scales. Although the multiscale approach is
not a novel idea, mathematical models that implement it are scarce, because of
the associated difficulties in the model formulation and solution stages. The
results of the mathematical models from Chapter 2 and Chapter 3 are compared,
highlighting both the similarities and the differences in their predictions. Chapter 3
concludes with an analysis designed to check the output of the mathematical
model under various biologically meaningful scenarios, rendering the model
adequate and its predictions qualitatively accurate from the biological point of

view.
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Chapter 4 summarizes the main results of the mathematical models
presented in this thesis and their significance and suggests possible directions to

complement osteogenic differentiation research.
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Chapter 2. Mathematical modeling
of the osteogenic differentiation
of mesenchymal stem cells in
well-plate culture

This chapter introduces a mathematical model for the in-vitro osteogenic
differentiation of mesenchymal stem cells (MSCs). In the experiments supporting
the development of the mathematical model, MSCs derived from umbilical cord
blood (UCB) were isolated [44] and subsequently differentiated in well plates over
a 21-day period. The process of MSCs isolation began with cord blood dilution
and extraction of the mononuclear cells by density gradient centrifugation; cells
were then washed with phosphate-buffered saline and suspended in a culture
medium comprised of 89% aMEM GlutaMax-I [84], 10% fetal bovine serum, and
1% penicillin/streptomycin. The cells were then seeded in tissue culture flasks
and incubated for two days at 37°C, 21% oxygen, and 5% COz2. Non-adherent
cells were then discarded, and culture continued until confluence, subculturing
adherent MSCs until passage 5. For the 21-day osteogenic process, the same
basal culture medium was wused, supplemented with 10 mmol/L
B-glycerophosphate, 50 mg/L ascorbic acid 2-phosphate, and dexamethasone to

initiate osteogenic induction.

During osteogenesis, the concentrations of intracellular metabolites (that
are included in the mathematical description) were determined based on
published metabolomics data [44] by GC-MS analysis (gas chromatograph
coupled to a mass spectrometer). Peak areas reported by the analysis were
converted to concentration values (in pmol/L) by normalizing with ribitol

concentration, which was used as an internal standard.

For gene expression measurements, RNA was extracted from the cells
and quantified using real-time gRT-PCR (quantitative reverse transcription
polymerase chain reaction): 5 minutes of reverse transcription at 42°C, followed
by 3 minutes of enzyme inactivation at 95°C, and 40 cycles of 3-second

denaturation at 95°C and 30 seconds of annealing at 62°C using a StepOne Plus
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gRT-PCR instrument. After extraction, the expression of Runx2 and osteonectin
was measured by mRNA quantification using specific primers; the measurements
were then normalized using RPL13a (ribosomal protein L13 antibody) as a

housekeeping gene and expressed as relative mRNA levels.

Total cell counts were measured indirectly, by washing the cells with
phosphate-buffered saline (PBS) and incubated overnight in a quantification
buffer: 1 mmol/L EDTA, 10 mmol/L Tris, 0.1% Triton-X, and 0.1 mg/mL
Proteinase K. After diluting the resulting DNA solution 1:10 using PBS, 100 uL of
each sample were incubated in darkness with PicoGreen working solution. The
fluorescence of the solution was measured using a fluorescence reader at
485 nm/ 530 nm excitation/emission; finally, cell numbers were calculated based

on a custom-made standard curve.

All measurements (intracellular metabolite concentration, relative gene
expression levels, and total cell counts) were carried out on samples obtained at

days 0, 7, 14, and 21 of the osteogenic differentiation process [85].

2.1. Mathematical model formulation
2.1.1. Assumptions

The following statements were assumed to be true during the

development of the mathematical model:

e To divide, the cells must traverse three consecutive growth stages (i.e.,
cell cycle phases). Cell division occurs at the end of the last cell cycle
phase (i.e., mitosis).

e Cell growth is directly proportional to the rate of energy currency
production (ATP and NADH molecules) for each cell type (i.e.,

differentiation state).

e Three differentiation states are considered. Mesenchymal stem cells may
differentiate into pre-osteoblasts, which may differentiate into osteoblasts,
in turn. Differentiation in the opposite direction is considered negligible in

the presence of dexamethasone (the osteogenic differentiation agent).
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Differentiation states cannot be skipped, but cells may quickly differentiate
further, reaching the terminal point (i.e., osteoblast state).

e The differentiation behavior is controlled by a key gene for each cell type.
Gene expression of the two selected genes described by the model are
enhanced by the presence of dexamethasone in the culture medium.
Dexamethasone may be transferred across the cell membrane, regarded

as a permeable barrier (together with the nuclear membrane).

e Cellular behaviors (metabolism, gene expression, growth, and
differentiation) only depend on their current (intracellular) state. Cells have
no memory of previous (intracellular and extracellular) environmental
conditions. Cells react to changes in their environment instantaneously —
while it takes time for their behavior to shift to the one matching their new

state, there is no lag in beginning the state transition.

e Transport across the cell membrane obeys conservation of mass (e.g., for
glucose, glutamine, lactate, and dexamethasone), contributing to the
decrease in the transported component in the source compartment and to
the increase of the same component in the destination compartment. Cells
also obey the mass conservation law when they differentiate: no mass is
created or destroyed during differentiation and the transition of metabolism
and gene expression towards a new steady state requires time, influencing

population-averaged measured concentration values during this process.

2.1.2. Structure of the mathematical model

The core component of the mathematical model consists of a concise
description of intracellular metabolic and genetic activities coupled to cell growth
(Figure 2.1) and differentiation (Figure 2.2). 8 metabolites from key pathways
(glycolysis, oxidative phosphorylation, and glutaminolysis) that showed
significant changes during osteogenesis [44] are included in the model. Four of
the modelled intracellular metabolic reactions produce cofactors serving as
energy currency in the cell [86,87]. Intracellular cofactor levels (ATP and NADH)
were not explicitly modeled because of their intricate interactions with many other
metabolic pathways that are nonessential to the analysis in this study; instead,
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the production rates of energy cofactors are correlated with the traversal (growth)
rate of cells during the Gap 1 (phase “G” in the mathematical model) cell cycle

phase by means of a proportionality constant.

Figure 2.1 indicates the progression order for the cell cycle phases, as
well as the experimentally determined duration for phases “S” (DNA synthesis)
and “M” (lumped Gap 2 and mitosis) [85]; phase “G” represents the lumped Gap 0
and Gap 1 cell cycle phases. The differentiation agent (dexamethasone) crosses
the cellular membrane, then the nuclear membrane, and indirectly activates the
expression of Runt-related transcription factor 2 (Runx2) through a series of
steps; in turn, Runx2 triggers a chain of genetic activity leading to the expression
of osteogenic genes, such as osteonectin [88]. The mathematical model
concisely represents the transcription of Runx2 and osteonectin genes as
single-step interactions with their activators (dexamethasone and Runx2,

respectively).

oo

__;': ________ Glucose Pyruvate lactate | i | >
F (TYP) (TYP) (TYP)

NADH
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Citrate

(TvP) Dexamethasone

Fumarate |50—citrate ------------------------------------------------------
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(ve) 2 NADH Runx2 (TP) Osteonectin (MP) %
DNA

ATP, NADH

Glutamine
(TYP)

duration = f(ATP, NADH) duration=30h duration=6h
Phase G ("P) Phase S (TP) Phase M (TYP)

Figure 2.1. Visual representation of the structure of the mathematical model at the
cellular scale: intracellular metabolism, gene expression, and cell division cycle. [89]

The osteogenic differentiation route of MSCs (Figure 2.2) is marked by
three distinct milestones: the initial state (mesenchymal stem cells, labeled
“MSC”), one intermediary state (pre-osteoblasts, labeled “PRE”), and the final
state (osteoblast cells, labeled “OBC”). The placeholder “TYP” (used in Figure 2.1

and elsewhere throughout the mathematical model) represents any of the
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differentiation states, as the mathematical description applies to each of them.
Differentiation is restricted to phase G, as the objective of the cell shifts toward
cell cycle completion and cellular division once the cell enters phase S (when
DNA strain duplication occurs). Differentiation rates are controlled by the levels
of gene expression of the two modelled genes: Runx2 level in MSC cells controls
their differentiation into PRE, while osteonectin in PRE cells controls their
differentiation into osteoblasts (OBC); OBCs are the terminal point of
differentiation. The values of constant entities of the mathematical model (i.e.,

parameters) are given in Table 2.1 below.

I Phase G (Ms0) Phase § (MsC) Phase M (MsC)

f(Runx2 Msq))

I Phase G (PRE) Phase S (PRE) Phase M (PRE)

f(Osteonectin (PRE))

Phase G (08¢) Phase S (0BC) Phase M (0BC)

Figure 2.2. Visual representation of the structure of the mathematical model at the cell
population level (scale): cell cycle heterogeneity and the osteogenic differentiation
route; G=lumped Gap 0 and Gap 1; S=DNA synthesis phase; M=lumped Gap 2 and
mitosis; MSC=mesenchymal stem cell; PRE=pre-osteoblast; OBC=osteoblast [89]

2.1.3. Balance equations for intracellular metabolism
Intracellular metabolic activity is succinctly characterized using the two
most important pathways for the osteogenic differentiation of MSCs: glycolysis
and oxidative phosphorylation [43,46]. A total of 8 experimentally measurable
metabolites that showed significant concentration changes over the course of the
differentiation process [44] are included in the mathematical model: glucose,
pyruvate, lactate, citrate, iso-citrate, succinate, fumarate, and glutamine. The
concentration levels of these metabolites are potentially different between cellular
differentiation states and can also depend on time; the well plated cells are

considered spatially homogeneous.

Figure 2.3 depicts the 8 metabolites that are part of the mathematical

description of MSCs during osteogenic differentiation, as well as the chain of
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metabolic reactions they are involved in. The figure also shows the production of
energy-related cofactors (ATP and NADH) by some of the metabolic reactions.
The yellow background represents the cell, while its dotted border represents the
cell membrane. Three of the metabolites can be transported across the cell
membrane, represented by dashed arrows indicating the direction of transport.
Fumarate is involved as a reactant in two metabolic reactions: the first one is part
of the TCA cycle and contributes to the production of citrate, while the second
one contributes to the generation of other metabolites that were not included in
the mathematical model. Although all the metabolites included in the
mathematical description are involved in other intracellular reactions from several
different metabolic pathways, only one such reaction was included, to allow the
TCA cycle to reach a steady state within the framework of the current
mathematical model — otherwise, metabolite levels withing the TCA cycle
(involving citrate, iso-citrate, succinate, and fumarate) would continuously

increase without bounds, which is not biologically accurate.

"""""
0 0
K .

2 ATP

\NQDH
NADH

Citrate

Iso-citrate

_______________

.. o
.....
................................................................................................................

Figure 2.3. Conceptual model of intracellular metabolism

The molar balance for each intracellular metabolite is expressed by
equation (2.1) for MSC cells. The net accumulation rate of each metabolite m is
influenced by intracellular reactions and cross-membrane metabolic transport:

the first term on the right-hand side (RHS) accounts for the contribution of
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intracellular metabolic reactions (weighted by their respective stoichiometric
coefficients), while the second RHS term accounts for metabolite transport across
the cell membrane (only for glucose, lactate, and glutamine; the other metabolites

do not cross the cell membrane as shown in Figure 2.3).

AMMSO (1) ~

Ngr
- Z (STOIC,, - RRate™*V(t))

i=1

Nr TRate ™ (¢)
+ Z STOIC,, ey -
j=1 Veeu

2.1)

The impact of each intracellular (RRate;) or cross-membrane (TRate;)
reaction is coded by the stoichiometric matrix, STOIC, which encodes the
connection between intracellular metabolites and the enzymatic reactions they
are involved in (the stoichiometric coefficient is negative for reactants and positive
for products). The stoichiometric matrix is shown in equation (2.2). Each column
corresponds to one of the reactions encompassed by the mathematical model:

columns labelled R, through R4 correspond to intracellular enzymatic reaction

(TYP)
i

rates and are combined with the RRate variable(s) from equations (2.1) and

(2.3), and columns labeled T; through T; correspond to cross-membrane

(TYP)
i

transport rates and are combined with the TRate variables. The rows of the

stoichiometric matrix correspond to metabolites and cofactors, whose names
have been omitted from the equation to conserve horizontal space on the page,
in the following order: glucose (row 1), pyruvate (row 2), lactate (row 3), citrate
(row 4), iso-citrate (row 5), succinate (row 6), fumarate (row 7), glutamine
(row 8), ATP (row 9) and NADH (row 10). ATP stands for adenosine triphosphate,
and NADH stands for nicotinamide adenine dinucleotide (and hydrogen). An
alternative approach may use vyields to link metabolites to reaction rates instead

of stoichiometric coefficients.
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R,k R, Ry R, R« Ri R, Rg Ry, T, T, Ts

—1 +1
+2 -1 -1
+1 -1
+1 -1 +1
STOIC = +1 -1 (2.2)
+1 +1 -1
+1 -1 -1
-1 +1
+2
+2 +1 +2 +1

Equation (2.3) introduces the intracellular metabolite molar balance for
PRE and OBC cells. It contains an additional RHS term, which accounts for
differences in the (intracellular) metabolite levels between cells at neighboring
differentiation states as the cells undergo differentiation. The necessity for this
additional term arises from the fact that when cells differentiate (or change state,
in the mathematical model) they do not instantaneously shift their intracellular
metabolism and genetic activity to new levels but do so gradually while obeying
the mass conservation law. E.g., when cells differentiate from MSC to become
members of the PRE state, they also diminish the measured average metabolic
activity level for the PRE type because MSC metabolism is lower than that of
PRE; the metabolic levels then recover, as the newly added cells adjust their

behavior and match PRE characteristics.

(TYP)
oM, " (t) Nr (TYP)
— "= Zi:l (STOICy, - RRate{™™ (1))
N TRate]-(TYP) (t)
+ Z \STOICy g —— (2.3)
j=1 cell

fxmax,G D(TYP—l) (X, t) dx

Xmin,G out

TYP TYP—-1
) (M@ - MR )
Ntotal

When constructing the molar balance equation (2.3) in this way, the
mathematical model accounts for the combined effect of adding both the volume
of the new cells as well as their intracellular substance amounts to the existing

population of cells of type (or differentiation state) “TYP”. The integral of D, (x, t)
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in the last RHS term corresponds to the instantaneous rate at which cells are

(TYP)
N total

differentiating into state TYP, while represents the total number of cells at
differentiation state TYP, as given by equation (2.13). In this context, TYP can be
seen as a numeric value, where MSC=1, PRE=2, and OBC=3. The last term of
equation (2.3) might be easier to understand by analogy with the mass balance

for a continuous stirred tank reactor (CSTR) model in which the integral of the

Doy (x,t) variable corresponds to the inlet flowrate of the CSTR, while Nt(oTE)
corresponds to its volume. See chapter 2.1.5 for more information about the

variable D, (x,t) and parameters x,,;, ¢ and X4 6-

Intracellular reaction rates are described by first-order kinetics, equation
(2.4). Although Monod kinetics would provide more flexibility and precision to the
mathematical model, they would also require additional parameters to be

determined from (currently) insufficient experimental data.
RRate" P (t) = kear - Cr, () (2.4)

Cross-membrane flowrates are described using equation (2.5), which
corresponds to product-inhibited enzymatic transport and was obtained under the
pseudo-steady state hypothesis for the transport enzyme concentration on the
cell membrane, while allowing each differentiation state to manifest different

(TYP)
kg,

transport enzyme levels, , in the cell membrane.

kéﬁyp) “Cryour(t) ~ Ky

ke + MYP(6)

TRate{™ P (t) = (2.5)

Transport of nutrients and waste products across the cell membrane also
affects the culture medium of the cells (the effect is complementary to that of the
intracellular compartment). Equation (2.6) illustrates the molar balance of
extracellular metabolites in the culture medium. The equation pertains to the three
metabolites that cross the cell membrane (m is either glucose, lactate, or
glutamine); the index j(m) on the right-hand side (RHS) of the equation depends

on the metabolite being transported across the membrane: j = 1 for glucose, j =
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2 for lactate, and j = 3 for glutamine. The negative sign in front of the RHS
summation operator specifies the direction of metabolite transfer and is required
because the entries of the STOIC matrix are written using the intracellular
compartment as reference (i.e., any transport that increases the intracellular
metabolite amount contributes to a decrease in the amount of the same

metabolite in the culture medium).

d(Vg - CCr(®))
dt -

= D (STOIC jgmyeny - TRater (@) - NI (©)  (2.6)
VTYP

2.1.4. Balance equations for gene expression

Gene expression is time-dependent and differentiation-state specific.
The first term on the right-hand side (RHS) of equation (2.7), w;, corresponds to
the base expression of each gene (i) in the undifferentiated MSC state. The

second term corresponds to RNA transcription rate activated by the binding of

transcription activator AéTiYP ) to the promoter region of the expressed gene; (the

level of) dexamethasone promotes the transcription of Runx2, which, in turn,
promotes the expression of osteonectin. Reference values for RNA transcription
rates in humans range between 1000 and 2400 nucleotides per minute [90]; due
to the relative sizes of the two genes expressed in terms of number of nucleotides
that encode them in the DNA [91,92], the values of the maximum transition rate
are different for each of the two genes (parameter k;,q,;; from Table 2.1). The
third term corresponds to the natural decay of intracellular mMRNA modelled as a
first-order rate; the value of the decay rate constant (k.4 ) is calculated based

on a median value of mMRNA half-life of 9 hours [93].

TYP TYP)Mtrans
aGi( )(t) — ktrans,i : Ag;i )

_ _ ~(TYP)
T
l '

l

l

2.7)
fxmax,G D(TYP—l) (x’ t) dx

Xmin,G out

(TYP) (TYP-1)
(TYP) ' (Gi =G (t))
Ntotal

The last RHS term of equation (2.7) accounts for differences in gene

expression levels between cells as they change their differentiation state; it is part
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of the molar balance equation only for cells at states PRE and MSC,; alternatively,

its value is null for cells at differentiation state MSC. The integral of the

differentiation rate, D\"""~V calculates the rate at which cells are differentiating

between states (i.e., between MSC and PRE, or between PRE and OBC); N.T'7)
represents the total number of cells at differentiation state “TYP”, as defined in
equation (2.13). The intracellular metabolism section discusses this term of the

balance equation more extensively.

Mesenchymal stem cells (MSCs) only express osteonectin at their basal
level and will begin the differentiation process before increasing the relative
expression of osteogenic genes. As the reduced model for gene expression
shown in (2.7) does not include any parameters to capture this behavior, the
value of the activator for the transcription of osteonectin is fixed at the initial value

of the relative expression of Runx2 to prevent the model from predicting an

immediate increase in osteonectin expression: AYSY) = MO — ()
- (TYP) _ (TYP)
instetad of A, ,c/conectin = Grunx2 () Used elsewhere.

The differentiation agent that activates the expression of Runx2
(dexamethasone) is also modelled, using two molar balance equations (one for
each compartment: intracellular and extracellular). The cross-membrane
transport rate of dexamethasone is modelled using the linear transport rate
equation (2.8). The membrane permeability A,,emprane acts as a partial mass
transfer coefficient for dexamethasone. The molar balance for the extracellular
compartment aggregates the transport rates from all the cells in the culture

medium, as shown in equation (2.9).

d
E (Vcell ’ Dexcell(t)) = Amembrane ' (Dexculture (t) - Dexcell(t)) (28)

d
- (VR “Dexcyiture (t))
(2.9)

TYP
= Amembrane ' (Dexcell(t) - Dexculture (t)) ' Z Nt(otal)(t)
TYP
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2.1.5. Population balance equations for the cellular
division cycle and cell differentiation

The cell division cycle is described in terms of its main phases: Gap 0
(G0) and Gap 1 (G1) are lumped into a single phase (phase “G”), DNA synthesis
is modelled as a single growth stage (phase “S”), and Gap 2 (G2) and mitosis are
also lumped (phase “M”). Phases GO and G1 were lumped because of the
experimental difficulty in distinguishing between them, while phases G2 and
mitosis were lumped due to the relatively short duration of mitosis compared to
G2 and practicality in managing the complexity of the mathematical model
wherever possible. The order of progression through the growth phases used in

the mathematical model, G-S—M (Figure 2.2 and Figure 2.4), is a mirror image

of the biological succession (gap 1, synthesis, gap 2, and mitosis) [94].

Figure 2.4. Cellular division cycle and its component phases, as represented in the
mathematical model

The independent variables are the growth coordinate (x) and time (t).
The cells enter each cellular-division-cycle phase at the lowest growth coordinate
for that phase (i.e., Xpming, Xmins, @and xn,inn). As cells traverse each cell cycle
phase, the growth coordinate increases, up to the point when they transition to
the next phase of the cell cycle. Even though the growth coordinate corresponds
to different biochemical components in each cell cycle phase (cyclin E for phase
G, DNA content for phase S, and cyclin B for phase M [94]), the mathematical
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model uses a singular distribution domain (x) to represent the growth coordinate
regardless of cell cycle phase, as the objective of the model is to capture the
growth cycle phase traversal behavior (which is conceptually the same for all
phases) and ignore the details of the specific cyclins of each phase. Each cell
cycle phase functions in the same way for all three differentiation states included
in the mathematical model (MSC, PRE, and OBC) since cell cycle phases are not

specific to just one cell type and are universally valid for the eukaryote class [94].

Equation (2.10) applies to phase G, while it is traversed by cells
undergoing division. Terms on the left-hand side of the equation represent, in
order: the temporal derivative of the cell count distribution, progression rate in
traversing the current growth phase, death rate, and transition rate. The
right-hand side of the equation includes the boundary condition, as well as
differentiation rates (cells that become the current type are treated as inflow, while
cells that are differentiating further are regarded as outflow). The RHS boundary

condition ensures that cells start phase G from the beginning; mathematically, all
T(TYP)

incoming cells, T;;, " (t), are added to the cell cycle phase at the lowest phase

coordinate, x,,;, g, Which is the only value of the (first) argument x at which the

Kronecker delta function (6x) is equal to 1; 8, has the value 0 for all other values
T(TYP)

of x and the inflow 7;;;,," *(t) does not contribute to the equation. The independent

variable x corresponds to the intracellular amount of cyclin E (protein), expressed
as a percentage in terms of the highest experimentally determined value, ranging
between 0 and 100.

= — + 0P (x, 6) - NP (x, 1)

(2.10)

+ TP (x,6) - NP (x, 1)

= 8 (%, Xming) - TG(ZZP) () + DSIYPV (x, ) — DIYP (x, 1)
The equation for the DNA synthesis phase (labeled “S”) follows a similar
approach to phase G, keeping only the relevant terms: time derivative of the cell
count distribution, phase progression rate, death rate, and the boundary condition

(on the RHS). Since the main objective of the cell during phase S is DNA code
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duplication [94], neither transition nor differentiation are part of equation (2.11).
The independent variable x corresponds to the count of intracellular DNA content

and ranges between 1 (copy of DNA) and 2 (copies of DNA code).

(TYP) (TYP)
ANT Py t) Olug () -Ng " (x,t)
S (x ) + [ S S ] + engYP) (x' t) . ngTYP) (x, t)
ot 0x (2.11)

= 0k (X, xmin,S) : TS(IZP) ()

The final phase of the cell division cycle, phase M, has an almost identical
behavior with that of phase G, except for cellular differentiation, which does not
occur during mitosis, considering that the main objective of the cell during phase
M is the preparation for and execution of cellular division. Phase M includes terms
for the time derivative of the cell count distribution, phase traversal rate, death
rate, transition rate, and RHS boundary condition, as shown in equation (2.12).
The independent variable x corresponds to the intracellular amount of cyclin B
(protein), expressed as a percentage in terms of the highest experimentally
determined value, ranging between 20 and 100; the lowest value (x,, ) is not
zero because cells start to produce cyclin B even before completing the synthesis

phase.

(TYP) a (TYP)( t) . N(TYP)( t)
JON x,t u X, X,
() N [ M M ] + 0T () - NP (x, 1)
Jt 0x (2.12)

+ Tt 06 0) - NP 0, ) = 8 (%, Xminm) - T (©)

The total cell count of cells at each differentiation state TYP is obtained
by summing up the cell counts for each growth phase (only from cells that also
have the corresponding differentiation state), as shown in equation (2.13).

Xmax,S

Xmax,G
N (TYP)(t) = f NG(TYP) (x,t) dx + f NS(TYP) (x,t) dx

total
Xmin,G Xmin,S

(2.13)
Xmax,M
+ f N A(fyp) (x,t) dx

Xmin,M
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The duration of phase G is correlated (separately for each differentiation
state, TYP) with the production rate of energy cofactors, as per equation (2.14).
The production rate of each cofactor (given as the partial temporal derivative) is
calculated as per equation (2.1); although they are distinct model entities, the
parameters that connect cofactor production to phase G duration are correlated
ESTYP) — 25 ETYP) | given that NADH is processed via the electron transport
chain to produce more ATP [95]. Equation (2.14) was derived considering that a
fixed percentage of the energy cofactors generated by the cells are used for cell

cycle traversal, for each cell type (TYP). Instead of connecting the energy

cofactors with the traversal rate of phase G — variable y((;TYP ) (x, t) from equation

(2.10) — which partially depends on the choice for the bounds of the phase
coordinate domain (x,,;, ¢ @nd x,,4x ¢ ), €nergy cofactors were connected with the
duration variable, which is independent of the bounds of the phase coordinate
domain and its biological significance is easier to grasp. The relationship between

the duration of a phase and its traversal rate is given by equation (2.31).

1
. (TYP)
duration; " (t) =
(TYP) (TYP)
gavey OMyrp " | pvey OMy,pp(0) (2.14)
ATP at NADH at

Transition rates between growth phases, which are used in the boundary
conditions of equations (2.10), (2.11), and (2.12), ensure cell cycle progression
by transferring cells from each growth cycle phase to the following one. Equation
(2.15) gives the transition rate into phase G: the total rate is aggregated from the
phase-coordinate-distributed transition rate from phase M; the number 2
multiplying the integral on the right-hand side accounts for cellular division /

duplication during mitosis.

(TYP) ¥max,M (TYP) (TYP)
Toin (O =2- Tuout 6 8) - Ny (x, t) dx (2.15)

Xmin,M

Equation (2.16) shows the transition rate into the DNA synthesis phase
(labeled “S”) as the aggregated phase-coordinate-distributed transition rate from
phase G.

31



Xmax,G
Tam (6 = f TP (x,6) - NP (x, £) dx (2.16)

Xmin,G

Equation (2.17) presents the transition rate from phase S into phase M.

Phase transition is not distributed in this case, because of the requirement that

DNA must be properly duplicated before progressing; furthermore, once the DNA

content has been copied, the synthesis phase ends, and transition occurs at a
single point rather than as a distribution around a mean value.

TP (@) = a0, ) - NP (Xmans ) (2.17)

The cell cycle transition rate for phase M follows equation (2.18): cells

shift to the subsequent phase (G) in the division cycle around a threshold value

of the phase coordinate; this behavior is modeled by means of the normal

probability distribution for the transition rate, with phase-specific values for the

mean and variance parameters.

Puge dPy (x)
(60— (2.18)

Taord (x,t) =

1_PM(X)
The cell cycle transition rate for phase G is modeled by a more
complicated formulation (2.19), which encompasses the possibility for cells to

leave phase G either by transitioning to phase S or by differentiating (into type

TYP + 1). Note that when no differentiation occurs (and the differentiation fraction

(TYP)
f diff

given by equation (2.18); when no transition occurs (at unit differentiation

is null) equation (2.19) can be reduced to expression used for phase M

fraction), the expression for the transition rate evaluates to zero.

TYP TYpP)\ dP,
ud"P (1) ( f(lff )) ' c(l;agx) (2.19)

T (x, t) =
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Cells in phase G also undergo differentiation, at a rate given by equation

(2.20). Note that when no differentiation occurs, the expression evaluates to zero,

and reaches its maximum value for unit differentiation fraction, f;;," .

avp) yp) dACPDg(x) . (Tvp)
U - f 2. N (x,t)
DITYP) (y ) = Jaigs dx ¢ (2.20)

out
1- £ cPDg(x) — (1= £557) - Po)

The equations for cell cycle phase transition rates employ the use of
phase-coordinate-dependent transition probability functions: P;(x) for transition
from phase G to phase S, and P,,(x) for transition between phase M and phase
G. Both functions are defined in terms of the normal cumulative probability
function (2.21). Equation (2.22) expresses the cumulative probability of transition
for cells traversing phase G, while equation (2.23) conveys the transition

probability for phase M.

1 — 2
ffmeXp(—g- (=5) )dq
Prorm(x, 1, 0) = d (2.21)
g-V2-m
Pg(x) = Pnorm(x' xthreshold,G'O-G) (2.22)
Py (x) = Pnorm(x' Xthreshold,M» UM) (223)

An additional function is employed to describe the cumulative probability
of differentiation during the traversal of phase G by the cells; this function also
depends on the phase coordinate and is defined by equation (2.24). The name
of this function, CPD, stands for cumulative probability of differentiation.

X

) x_Gl—PG(q)dq
CPDg(x) = ——
T I 1 — Pe(q) da

Xmin,G

(2.24)

The cumulative probability functions defined by equations (2.22), (2.23)
and (2.24) convey the probability of the associated event — transition in the case

of P; and Py, and differentiation in the case of CPD; — to have already occurred
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at or before the value x of the phase coordinate argument, for each individual
cell. At the population level, the same functions carry the meaning of fraction of
the cells that leave the cell cycle phase they are currently traversing (either
through transition or differentiation) at or before the phase coordinate position

specified by the argument x.

The differentiation fraction depends on the relative expression level of the
key gene for each cellular differentiation state (2.25). The differentiation fraction
of mesenchymal stem cells into pre-osteoblasts (TYP=MSC) is given by the level
of the key gene Runx2in MSCs, and the differentiation fraction of pre-osteoblasts
into osteoblasts (TYP=PRE) is given by the level of osteonectin in PRE cells.
Osteoblasts do not further differentiate; therefore, their differentiation fraction is
zero (2.26).

(TyP)4XP
(TYP) _ key
Jairr " = —ym@® ayp)@P (2.25)
diff key
OBC
59 =0 (2.26)

2.1.6. Building the transition function

When using a population balance model, its most important and intricate
component is the transition function, which enables the representation of
distributed phase-to-phase transition (around a reference or average value), the
alternative being transition at a single point, such as in the case of the DNA
synthesis phase. Although equations (2.18) and (2.19) have been customized to
utilize the (cumulative) normal probability distribution, the methodology presented

in this chapter is applicable to any probability distribution.

To arrive at the correct form of the transition function, Ty ;,,.(x), in terms
of the cell cycle phase transition probability, a target scenario having a known
population distribution was conceived: at constant inflow (transition) of cells into
the current phase, and no cell death, the steady state cell distribution profile
should be proportional to the complementary cumulative distribution function (for
the probability of transition to the next cell cycle phase) — in other words, the cell
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distribution is proportional to the fraction of cells that have not transitioned yet, at
every point along the growth coordinate x, as stated by equation (2.27), where
N(x) is the steady state cell distribution and P(x) is the cumulative probability of

transition as particularized by equation (2.22) or (2.23).
N(x) = N(x = Xppin) (1 — P(x)) (2.27)

Replacing equation (2.27) in the population balance equation (2.12) and
applying the assumptions above, equation (2.28) is obtained. Traversal rate, p,
is obtained by taking a partial derivative of the growth coordinate with respect to
time; therefore, replacing the right-hand-side of equation (2.27) in (2.28) leads to
equations (2.29); further rearrangement leads to an equivalent form of equation
(2.18), which is applicable for modeling transition from phase M.

d(p-N)
——+Tou ' N =0 (2.28)

" d[N(x = Xpmin) * (1 - P(x))] N

dx Tout - N(X = X)) - (1 = P(x)) =0 (2.29)

Deriving the form of the transition function for phase G follows a similar
process, with some key differences: the cumulative probability appearing in
equation (2.27) carries the meaning of cumulative probability for each cell to leave
the current cell cycle phase, whether that happens as a transition to phase S or
differentiation into the following cell type as defined by equation (2.30). When
recovering the transition function from the equation, the partial derivative in the
numerator of equation (2.19) only keeps the contribution of transition, whereas in
equation (2.20) only the contribution of differentiation is kept in the numerator.

P00 = K5 CPDe) — (1= () - e 230

This formulation, together with the connection between the growth rate

wTP) and the duration of each phase, shown in equation (2.31), has the

advantage of allowing the modeler to set either the duration of the cell cycle
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phase or its growth rate. Additionally, this mathematical formulation of the
transition function (and differentiation rate) correctly reproduces observed
doubling times for cell populations if compared with experimental measurements

of steady population growth.

duration,(TTYP) . ,u,(TTYP) = Xmaxnm — Xminn (2.31)

2.2. Simulation results

This chapter contains the values for the parameters of the mathematical
model and three sections for the main results of the model: a sensitivity analysis
to identify the most significant parameters of the model, followed by an
uncertainty analysis regarding the connection between the rate of intracellular
energy cofactor production and the duration of phase G, and a simulation of the
base experimental scenario showing that the predictions of the model are

accurate and match the available experimental data.

The computer implementation of the mathematical model uses
discretized versions of the equations that involve distributed variables. For
accurate calculations, the growth coordinate for phases G and M are each
discretized into 100 bins, while the growth coordinate of phase S is discretized
into only 50 bins (due to its simpler form, compared to that of the other two
phases). The number of bins per phase was chosen (in increments of 20 for
phases G and M, and steps of 10 for phase S) to match the cell counts that would
be observed under steady growth conditions, keeping the relative error under 1%

after 5 complete cell cycles.

The level of intracellular and extracellular metabolites, and relative gene
expression variables are all vector-valued variables and require no discretization
(since they already are discrete values). The model was coded and simulated
using the gPROMS modelling environment [96] and is comprised of 743 algebraic
and 785 differential equations. The base case takes about 12 seconds to run on
a computer with a 4.20GHz Intel® Core™ i7-7700K CPU and 16 GB of RAM.

Values for the parameters of the mathematical model are given in Table 2.1.
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2.2.1. Parameter estimation

All model parameters shown in Table 2.1 were estimated to fit the
experimental data that is shown together with the prediction of the mathematical
model in Figure 2.7, Figure 2.8, and Figure 2.10. As a first step, model
parameters were estimated in groups, by means of least squares non-linear
regression; parameters involved in gene expression were estimated first,
followed by metabolism-related parameters; cell cycle parameters related to
proliferation and differentiation were estimated last. Then, the most important
parameters of the model, which were identified using global sensitivity analysis
(chapter 2.2.2), were subjected to a second parameter estimation using the
maximum likelihood objective function, as provided by the gPROMS modeling
environment; in addition, the confidence intervals were estimated for these
parameters are presented in Appendix A.

Table 2.1. Nominal values of model parameters for the process of osteogenic
differentiation in well-plate cultures

Parameter Value Units Parameter Value Units
Keat 21.27 day™ Je PR 2107 L -day™
keat,2 22.66 day™ e SPRE) 4.94-107" L - day™
Keat3 2.09 day™ e 0P¢) 1.25-107" L -day™
keat,a 19.42 day™ o0 2:107" L - day™
Keats 563.43 day™ e 0P¢) 1.59-107" L - day™
Keats 1081.33 day™ kr 1000 pmol - L™
Keat 1334.65 day™ k3 1000 pmol - L™
kcat,8 1541.34 day_1 ktrans,Runxz 42.2497 day‘1
kcat,9 446.09 day_1 ktrans,osteonectin 600 day_1
Kaecay 1.85 day™ W2 0.19

Ko a Runx2 117.0355 kG 35

Kpwa,osteonectin 0.3953 EMSC) 400 L/pmol
e hse) 5.25-107" L - day™ EPRE) 80 L/pmol
e MSE) 2107 L-day”  Apmemprane 1.5:10-'2  day™
e M5O 1.47-107"® L - day™ W Runxz 0.2775 day™
ke 8.42107 L -day™  wosteonectin 46.2497 day™

Table 2.2 shows the parameters of the model that are fixed throughout
the simulation and are not subject to global sensitivity analysis (and their nominal

values).
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Table 2.2. Parameters that are fixed throughout the simulation and are not subject to
global sensitivity analysis

Parameter Value Units Parameter Value Units
xmin,G 0 xmax,G 100
xmin,S 1 xmax,S 2
xmin,M 20 xmax,M 100
xthreshold,G 70 xthreshold,M 76
Nerans 15 dxp 20
Veotl 3.5:107"2 L TP 2-10"5 day™
Vg 55 mL kr, 1000 pmol/L
EL95C) 3 L/pmol

2.2.2. Global sensitivity analysis

Global sensitivity analysis (GSA) was performed on the computer
implementation of the mathematical model to identify the parameters (if any) that
significantly influence the output of the model due to uncertainty in their nominal
values. The analysis involves 2 responses (model outputs) and 32 factors (model
parameters). The uncertainty interval for each GSA factor ranges between 50%
and 150% of the nominal value of the corresponding parameter. The sets of
parameter values used for the analysis were produced using the Sobol sequence
[81], as implemented by the MATLAB function sobolset [82]. Next, simulation
data were gathered by means of repeated gPROMS [96] simulations, with one
simulation per set of values sampled form the parameter space. The model
outputs subjected to the analysis are the total number of cells (of all types) and
the (total) number of osteoblasts, sampled at 3.5-day intervals (every half-week)
for the first three weeks of the differentiation process: 6 values for each response
variable, for a total of 12 outputs. The sensitivity indices for all 12 responses were
computed using the random sampling high-dimensional model representation
(RS-HDMR) software package [79].

The factors (parameters) with the highest sensitivity index values are
listed in Table 2.3; while each factor has 6 associated sensitivity index values
(one per time point), the table lists only the largest one. These parameters are
either related to cellular differentiation via gene expression, or to cell proliferation
via intracellular metabolism. Gene expression is significantly impacted by
parameters such as mRNA decay rate (kgecqy), DNA binding constants

(kpnarunxz @nd kpn 4 osteonectin), Dase expression rate of Runx2 in MSCs (wgrynx2),
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and gene-level threshold for cellular differentiation (k(if;’ and kfr). The
strongest influence on intracellular metabolism is held by parameters such as
glucose uptake rate by MSC (EXM59)) and PRE (EPRE)) cells, and reaction rate
constant for the enzymatic transformation of pyruvate into lactate (k.4 ).

Figure 2.5 synthesizes the results of the GSA.

a) Total sensitivity for the total cell count b) Total sensitivity for the osteoblast-only count
k L " ——
decay -day 3.5 decay
Kona,Runxe L I day 7 koA, Runx2
K B day 10.5 K
DNA, osteonectin DNA, osteonectin
[ day 14
ktrans day 1?5 klrans
3 day 21 3
membrane threshold membrane
“ Runx2 [a— “Runx2
""‘nsteonecn‘n E wostscnecﬁn
s — K1M5C)
diff diff
(PRE) =
K K it
Klso) = KSO)
K(PRE} ; K(PRE)
E1 E1
KOBO = KCeC)
k(EMZSC) —_ kgw;sc)
W Ky
KOBO) KSae)
k(EMBSC) E kg";’c)
Ko e K5
KIOBO) = k(OBC]
E3 E3
k — ke
|'(.|.‘3 5 kT‘S
MSC) sc)
Eate Eare
E(PRE) é g{PRE)
ATP — ATP
Lo — e
ATP ATP
kcam E kcat,1
. Ko
kcal‘.?. ; kcat‘ﬁ
kcal‘tl E kcat‘d
kcal‘S E kcatj
kcal‘ﬁ E kcat,E
kcal] g kcat,?
Koy — Ko
kcat? E kcat,g
o] 0.1 0.2 0.3 0 0.1 02 0.3

Figure 2.5. Global sensitivity analysis results.
Parameters with total sensitivity indices larger that the threshold (> 0.1, dashed line)
are indicated in bold red font and are deemed significant for the respective model
output (a: total cell count, or b: osteoblast-only count) [85]
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Table 2.3. Significant parameters of the mathematical model, as identified using global
sensitivity analysis; values below the threshold (0.1) are grayed out and values above
150% of the threshold are written in bold text
Total sensitivity index, TSI;
Output 1: total cell

Factor, i count Output 2: osteoblast count
kaecay 0.119 0.215
kpnarunx2 0.069 0.105
kDNA,osteonectin 0.137 0.103
a),(;unx)z 0.142 0.087
MSC
kc(u.ff | 0.272 0.109
PRE
kdiff 0.093 0.108
fehse) 0.115 0.060
Eé’i’gg 0.194 0.069
E,rp 0.162 0.059
kcat,2 0.104 0.066

Sensitivity index values plotted in Figure 2.5 are the final values
calculated by the analysis, and are based on 1,729,172 evaluations of the model,
each using different sets of values for the 32 parameters. Convergence plots for

the global sensitivity analysis are presented in Appendix B.

2.2.3. Effects of cell cycle duration of the metabolism
and differentiation of UCB MSCs

The mathematical model was used to assess the effect of cell cycle
duration on the temporal profiles of key variables, such as the average
concentration of intracellular metabolites (for each cell type) and the levels of
relative gene expression of the total cell population. This analysis was performed
in silico, using the mathematical model presented in this chapter, whose
prediction is compared to experimental data in chapter 2.2.4. The values for the

two varied parameters range between (approximately) 0.1 and 10 times their

nominal value: ESS®) ranged between 40 and 4000, and E\PXE) ranged between

8 and 800. 51 logarithmically distributed values were used for each of the

parameters, for a total of 2601 simulations.

Similar qualitative behavior is observed for all metabolites covered by the

mathematical model (Figure 2.6a-h). A faster cellular division cycle traversal rate

for mesenchymal stem cells (higher value of the E\»s%) model parameter), delays
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the intracellular metabolic activity shift corresponding to the differentiation of

MSCs into PREs (see Figure 2.6), and the delay is more pronounced when

pre-osteoblasts have a low growth rate (low ESPX) | corresponding to a higher

Gap 0/Gap 1 phase duration). Specifically, when using the nominal value of

EMSC) differentiation is delayed by approximately two days (from day 8 to day

10) if Efl’;ﬁE) is below its nominal value. For higher values of E/%fc) (and low

EPRE)) the onset of differentiation is further delayed until about day 12.

While all metabolite concentrations exhibit a similar fluctuation pattern
(response) within the examined time frame, the importance of glycolytic activity
is different from that of the TCA cycle throughout the differentiation process, with
the TCA cycle accounting for roughly 87% of the total amount of energy produced
by the cells during the 21-day differentiation process, and glycolysis accounting

for the remaining 13%.

Cell cycle dynamics do not affect the onset of Runx2 expression, which
always occurs between days 6 and 7 (not shown in Figure 2.6). Interestingly, an
increase in growth rates (or a decrease of cell cycle duration) for either MSCs or
pre-osteoblasts leads to a delay in the expression of osteonectin (Figure 2.6i),
suggesting the existence of an inherent tradeoff between proliferation and
differentiation. Although this tradeoff can be explained by the limited availability
of energy resources in the cell (allowing either one or the other to occur), the
analysis presented in this chapter (Figure 2.6) shows that the tradeoff exists even

when the two behaviors do not compete for the energy resources of the cell.
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a) Glucose b) Pyruvate c) Lactate
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Figure 2.6. Impact of cell growth parameters of mesenchymal stem cells (E%IS,C), on the

x-axis) and pre-osteoblasts (ES’T[;E), on the y-axis) on the differentiation onset time

(z-axis), expressed as the time point at which differentiation-specific changes occur for
the examined variables (i.e., average intracellular metabolite concentrations and
relative gene expression levels): a) glucose, b) pyruvate, c) lactate, d) citrate, e)

iso-citrate, f) succinate, g) fumarate, h) glutamine, and i) osteonectin. [85]

2.2.4. Population balance modeling incorporating
metabolism and genetic switches, deconvoluted
heterogeneity of differentiating populations

The proposed mathematical model — encompassing equations
(2.1)-(2.6) for metabolism, (2.7)-(2.9) for gene expression, and (2.10)-(2.26) for
cell proliferation and differentiation — accurately captures the experimental
measurements for the activity of glycolysis, TCA cycle and glutaminolysis
throughout the entire differentiation process. In-silico simulation results indicate
that intracellular levels of all described metabolites follow a similar trend from
day 0 to day 21 of differentiation (Figure 2.7). Starting at a basal level between
day 0 and day 5, the model shows a sharp concentration increase for all

metabolites (solid black lines), reaching a maximum value around day 11, before
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decreasing steadily until day 21. These results replicate the general trend
observed in the experimental data (diamond symbols with vertical error bars),
showing a global increase in the activity of glycolysis, TCA cycle and
glutaminolysis between day 6 and day 11, followed by reduced activity of the

same pathways at the final stages of differentiation.
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Figure 2.7. Average intracellular metabolite concentrations during the osteogenic
differentiation process of mesenchymal stem cells: a) glucose, b) pyruvate, c) lactate,
d) citrate, e) iso-citrate, f) succinate, g) fumarate, and h) glutamine. Comparison
between the experimental values (diamond symbols with vertical error bars) and the
prediction of the mathematical model (solid black lines) [85]

The concentration levels at day 21 were not attributed to a distinct
phenotype because of their high variance (the difference between measurements
at day 7 and day 21 is not statistically significant), which could be the result of
contamination or some irregularity in the experimental protocol. Furthermore, the
differences between the metabolic phenotypes of the cells at day 14 and day 21
are small [44], indicating that osteoblasts (OBC) are the terminal phenotype when
using the given experimental protocol. Experimental data for gene expression
also support the claim that the cell populations at day 14 and day 21 are related,
but have different characteristics compared with day 7 populations; experimental
measurements and their statistical significance are presented in Appendix C.
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When the parameters of the mathematical model were calibrated based
on experimental data, equal importance was assigned to all timepoints. The initial
condition for intracellular metabolism sets the corresponding concentration
variables to their steady state values (for mesenchymal stem cells), which are
visibly different from their experimental counterparts at day O for some of the
metabolites (Figure 2.7). This outcome is expected and reasonable, as
parameter values estimated using regression techniques result in the model
prediction fitting some of the experimental datapoints better than others, including
those at day 0. The same discrepancy between experimental and predicted

values at day 0 occurs for gene expression (Figure 2.8).
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Figure 2.8. Average gene expression levels during the osteogenic differentiation
process of mesenchymal stem cells: a) Runx2, and b) osteonectin. Comparison
between experimental data (black diamond symbols with vertical error bars) and the
prediction of the mathematical model (solid black lines) [85]

The mRNA levels of Runx2 and osteonectin are used to define early and
late osteogenic differentiation (respectively), and, subsequently, the
mesenchymal stem, pre-osteoblast, and osteoblast stages (Figure 2.8).
Activation patterns are successfully captured for both genes, showing that Runx2
levels increase early during the differentiation period (beginning at day 3) and
reach a plateau after day 15 (Figure 2.8a); osteonectin levels rise later in the
differentiation process, starting with day 9 and plateau toward the end of the

process, after day 20 (Figure 2.8b).
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Gene expression controls differentiation rates, i.e., the term DY (x, 1)

from equation (2.10), which depends on the differentiation fraction calculated as

per equation (2.25); the variable f;;’}” is the only link between gene expression

and the cell cycle (and osteogenic differentiation) in the mathematical model.
Figure 2.9 shows the calculated differentiation fractions for MSC and PRE cells,

as they change throughout the osteogenic differentiation process.
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Figure 2.9. Differentiation fraction throughout the osteogenic differentiation process,
calculated as per equation (2.25)

Population dynamics were captured throughout the osteogenic
differentiation process, achieving deconvolution of population heterogeneity
(Figure 2.10). The total population count increase at a steady growth rate during
the first week of differentiation; the total population numbers increase sharply
between day 7 and day 14, reaching a plateau after day 15 at approximately
4-times higher cell count compared with the initial undifferentiated count. The
detailed description of the cell distribution (between the differentiation states and
cell cycle phases) is virtually impossible to reproduce experimentally because of
associated technical challenges, financial constraints, or both. Therefore, only
some of the results of the mathematical model are compared with the available

experimental data: the total cell count. Simulation results show that the population
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of undifferentiated mesenchymal stem cells (solid blue line) starts to decline at
day 6, when osteoprogenitors first appear. The previously non-existent
pre-osteoblast population (dashed orange line) rises at the same timepoint
(day 6) until approximately day 12, when the terminally differentiated osteoblasts
emerge (dash-dotted yellow line). The pre-osteoblast count decreases after
day 12 because of their terminal differentiation to osteoblasts, while the number
of osteoblasts rises until reaching a plateau after day 19, when their count

virtually equals the total population.
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Figure 2.10. Partial and total cell counts during the osteogenic differentiation process of
mesenchymal stem cells. Comparison between experimental measurements (black
diamond symbols with vertical error bars) and the prediction of the mathematical model
for the total cell count (solid black line). Partial cell counts are represented as follows:
solid blue line for MSC count, orange dashed line for PRE count, and yellow
dash-dotted line for OBC count. [85]

Herein, the first comprehensive population balance model of osteogenic
differentiation has been presented, incorporating a description of cell cycle
dynamics, intracellular metabolism, and gene expression. [n-silico results
showed that cell cycle dynamics play a significant role in the timing of the process
of osteogenic differentiation of mesenchymal stem cells and confirmed that the

expression of differentiation genes plays a crucial role in the process of

46



osteogenesis. Most importantly, the proposed mathematical model captures the
heterogeneity of cell populations during osteogenic differentiation, reproducing
the experimentally observed cell culture behavior over the course of osteogenesis
(Figure 2.7 to Figure 2.10).

Stem cell culture kinetics have been previously modelled, including cell
death and cell differentiation, assigning cells to compartments [97] based on their
differentiation state. Herein modelling of the differentiation has been performed
with higher fidelity and level of detail at every step of the modelling process. The
population balance equation enables the quantification of individual population
numbers (i.e., for each cellular differentiation state: MSC, PRE, or OBC) as well
as cell cycle heterogeneity. Differentiation is not merely described by the model,
but also located precisely during the G1 phase of the division cell cycle (phase G
in the mathematical model formulation). The ability to untangle the heterogeneity
of mesenchymal stem cell cultures during osteogenic differentiation in silico
provides a unique capability that is not achievable with conventional in-vitro
methods [85]. Accounting for such heterogeneity and linking it to gene expression
and metabolism can lead to culture optimization for high quality osteogenic
differentiation for bone tissue engineering purposes. The model can potentially
point toward the targeted optimization of culture parameters related to
extracellular metabolism leading to high quality osteogenic differentiation. To
achieve targeted culture optimization mathematical modelling should be
combined with in-vitro experimentation. Such culture optimization may be
achieved with the use of large scale (e.g., genome scale) metabolic models.
However, the implementation of such models is technically challenging and
complicated since these models rely on the existence of an objective to guide
intracellular activity and stem cell differentiation demands the use of multiple
objective functions to account for multiple competing cell behaviors throughout
the differentiation process. Compared with genome-scale models, the metabolic
model described herein is computationally faster, since it monitors a lower
number of metabolites; it also requires fewer measurements, only for the
metabolites that are included in the mathematical model; while this mathematical
model provides results for fewer metabolites (only 8 metabolites involved in

glycolysis, oxidative phosphorylation, and glutaminolysis) it captures pathways
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that were shown to be significant [98—101] for the osteogenic differentiation of

mesenchymal stem cells.

Population balance models have been previously used to describe stem
cell cultures. Wu et al. [102] used population balance equations to describe the
size of cell aggregates cultured in spinner flasks. In this work, population balance
has been utilized in a different manner, modelling cell cycle heterogeneity as an
uneven distribution of the cells between and within cell cycle phases. The
mathematical model described herein considers cellular metabolism directly
linked to cell proliferation, in contrast to Wu et al. who modelled oxygen transport
as the limiting factor for stem cell proliferation. Bartolini etal. [103] used
population balance equations to describe the cell division cycle and study the
proliferation of stem cells in suspension bioreactors with a special focus on
bioreactor dynamics and operation, rather than intracellular gene and metabolic
activity. A similar population balance approach has been utilized to study cell
cycle phase-specific chemical treatment of leukemia [104] describing the effect
of cell cycle heterogeneity on healthy and leukemic subpopulations subjected to
chemotherapy. Similar to Minzer et al. [105], the mathematical model presented
in this chapter provides a detailed description of cell cycle heterogeneity.
However, this model focuses on the regulation of stem cell differentiation by gene
expression and provides a more accurate description of cellular metabolism by
utilizing intracellular metabolic reactions instead of extracellular metabolite
measurements which may not accurately represent intracellular metabolic
network activity [106,107].

Stem cells proliferate slower during differentiation [108], directing their
energy through other metabolic pathways than those required for optimal
(maximum) growth. In-silico exploration by repeated computer simulations
affords comprehensive evaluation of cell proliferation with relation to metabolism
by linking cellular growth rate to the rate of energy production. Simulation results
for parameter sweeps around their nominal value show that shorter cell cycle
duration results in delayed differentiation, even though the two cellular functions
(proliferation and differentiation) do not directly compete in terms of energy
demand (in the mathematical model). This result suggests that, under the

constraint of a limited time span one may have to choose between obtaining
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either a higher number of less differentiated cells or a lower number of more
differentiated cells. This effect can be explained by the fact that cell cycle duration
is strongly correlated with the duration of the GO/G1 phase; consequently, shorter
cell cycle times are translated to reduced time spent by cells in the GO/G1 phase
and a narrower time-window when differentiation can occur. Even though short
cell cycle times delay the differentiation process, all the characteristic metabolic
and genetic changes that are observed when using the nominal values of the
parameters still occur as part of the differentiation process, but they do so later.
These changes include an increase in metabolic activity during the differentiation
period, followed by a decrease (in metabolic activity) toward the end of
differentiation, as well as an increase in the relative gene expression of Runx2
followed by a rise in osteonectin levels, as an indication of successful progression

of osteogenesis [109].

Global parameter sensitivity analysis was performed by simultaneously
varying the values of all the parameters in a space ranging from 50% to 150%
around their nominal values. Interestingly, analysis results show that the
parameters that have the highest total sensitivity indices are directly involved in
osteogenic gene expression, even though the mathematical connection between
the model outputs (i.e., cell counts) and genetics first traverses the metabolic
reaction rates and intracellular metabolite concentrations and is only indirectly
linked with gene expression. This result is mathematically justified if we
acknowledge that in a significant proportion of simulations the cells do not
differentiate at all for certain choices for the parameter sets. In other words, while
the impact of the metabolic parameters on the growth rates for individual cell
types is bound at roughly 50% around the nominal value, the values of the
gene-related parameters can completely change the prediction and outcome of
the model, increasing their significance value as calculated by the global analysis
technique and demanding the precise determination of the values of these
parameters from carefully designed experiments. This type of result requires a
detailed model of the gene expression during the differentiation process. Other
published models of differentiation describe in less detail the expression of genes
related to osteogenesis. While this chapter showcases an unstructured and

segregated stem cell mathematical model to capture the cell-cycle culture
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heterogeneity, Vozzi et al. [110] used a structured and unsegregated cell model
in their study of the lifespan and senescent behavior of stem cells. Thalheim et al.
[111] employed a 3D computational model to study stem cell competition in
intestinal crypts involving phenomena from multiple scales, akin to this work.
However, there are fundamental differences in the two approaches: since the
intestinal crypts only contain a small number of (stem) cells (typically 5-15), they
were able to model each cell individually, which would be impractical for the large
cell counts that occur in osteogenic differentiation experiments (more than 50000
per well plate). The model by Chen et al. [112] described cell population counts
using two ordinary differential equations, one for each type of cell (MSCs and
chondrocytes). While their model also described MSC differentiation, they
focused on the effect of the transforming growth factor beta (TGF-B) on the
chondrogenic differentiation of mesenchymal stem cells, while the current
chapter presents the results of a mathematical model that encompasses cell
cycle dynamics, intracellular metabolism, and genetics, as well as the
connections between them. Finally, Renardy et al. [113] investigated the stability
of regenerating tissues in terms of cell fraction by type and population recovery
rate, looking for the conditions (parameter values) necessary for the tissues to

maintain normal function.

This chapter introduced a novel mathematical model built from first
principles, whose key contributions lie in the form of the transition function being
used by phases G and M, and in the integration of intracellular metabolism and
gene expression (for a vital subset of metabolites and genes) with cell growth and
osteogenic differentiation, while at the same time capturing the heterogeneity of

the cellular division cycle (both between and within cell cycle phases).
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Chapter 3. Mathematical modeling
of the osteogenic differentiation
of mesenchymal stem cells in a
rotating-wall bioreactor

This chapter presents a mathematical model for the osteogenic
differentiation of alginate-gelatin-bead-encapsulated umbilical cord blood
mesenchymal stem cells in a rotating wall bioreactor. To describe osteogenic
differentiation in detail, the model encompasses phenomena at multiple scales,
from intracellular energy metabolism and gene expression to cell cycle and
differentiation state population level heterogeneity, to bead level nutrient and
waste mass transport phenomena as well as bioreactor-level mass balances. The
model is constructed around a population balance core and provides a framework
for culture and reactor process optimization to build upon. The work showcased
in this chapter contributes to the scientific literature the novelty of the multi-scale
approach applied to stem cell cultures, with a highly detailed description at the
single cell and cell population scales, integrating intermediary (alginate-gelatin

bead) and macroscopic (reactor) scale phenomena into the model.

The structure of the chapter begins with a section containing the
description of the physical and biological phenomena being modelled
(intracellular metabolism, gene expression, cell division and differentiation, and
extracellular metabolite transport). The following section presents the method for
solving the mathematical model by discretizing distributed variables that are part
of integral, partial differential and algebraic equations (IPDAEs). Next, the main
results of the chapter (rotating-wall bioreactor) are unveiled and compared with
the results from the previous chapter describing the osteogenic differentiation of
mesenchymal stem cells in well plate cultures. Following the results, the findings
of this chapter are discussed and contrasted with other relevant publications.
Finally, the validity of the mathematical model is assessed by investigating its
predictions under various circumstances corresponding to meaningful biological

scenarios.
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3.1. Mathematical model formulation

The osteogenic differentiation of MSCs was carried out in a 55 mL
perfusion rotating wall bioreactor that allowed fresh culture medium to be
continuously fed into the reactor while removing existing spent medium from the
reactor at the same time; the cells were encapsulated in alginate-gelatin beads
throughout the differentiation process. Oxygen was supplied to the culture
medium via semipermeable tubing before entering the reactor and a
gas-permeable membrane acting as the outer surface of the reactor [114,115].
The cells are encapsulated within alginate-gelatin beads [116], which have been
optimized for stem cell expansion and osteogenic differentiation [117]. In
formulating the mathematical model for the MSC osteogenic differentiation
process, phenomena at the cell, bead, and reactor level were described and

interlinked.

The mathematical model is built around a population balance core that is
very similar to the one used in the previous chapter. This was a natural choice,
since the model in this chapter builds upon the innovation from the previous
chapter, and the same cell line is being used. Thus, the description of the
intracellular landscape matches the one presented in Figure 2.1, and the
differentiation sequence follows the diagram from Figure 2.2. The set of
intracellular metabolites and genes has been kept unchanged (Figure 2.3), but
the definition of the cell distribution variable has been updated to a cell density
distribution, which is better suited for the three-dimensional structure of the
alginate-gelatin bead. The description of the cell division cycle in terms of its

component phases is the same as shown in the previous chapter (Figure 2.4).

Cells no longer interact with the (liquid) culture medium directly. Instead,
the alginate-gelatin bead that they are encapsulated within plays the role of the
extracellular environment. The extracellular alginate-gelatin bead volume uses
separate molar balance equations to keep track of metabolite transport by
molecular diffusion, as well as cross-membrane transport performed by the cells.
This osteogenic differentiation process was carried out in a rotating wall
bioreactor, where the encapsulated cells were free to move as the outer walls of

the reactor kept rotating. Metabolite transport occurs at the reactor scale between
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the bulk culture medium and the alginate-gelatin beads as well as inside the

beads and is described through rigorous mass balance equations.

In summary, the mathematical model encompasses and interconnects
phenomena at the cellular, bead, and bioreactor scales; it captures intracellular
metabolism, gene expression, and spatial and cell cycle heterogeneity for each
of the three differentiation states, throughout the osteogenic differentiation

process.

3.1.1. Assumptions

All assumptions listed in the chapter titled “Mathematical modeling of the
osteogenic differentiation of mesenchymal stem cells in well-plate culture” are
applicable to the model presented in this chapter. Additionally, the assumptions

below also apply.

e The flow of the culture medium inside the rotating-wall bioreactor
corresponds to perfect mixing conditions during the osteogenic

differentiation process.

¢ All alginate-gelatin beads in the rotating-wall bioreactor are identical, in
terms of their geometry, size, as well as metabolic, genetic, and cellular
density distribution within the bead volume. Bead-to-bead variability is

considered negligible by the mathematical model.

3.1.2. Balance equations for intracellular metabolism

The concentration levels of intracellular metabolites vary with cell type,
radial position (in the alginate-gelatin bead), and time. The mechanism regulating
the intracellular metabolism of the cells should not depend on the details of the
experimental setup utilized to culture them. Therefore, intracellular metabolism
uses equations that are built on those in the previous chapter, modified to account

for the location of the cells within the alginate-gelatin bead.

Thus, the molar balance for intracellular metabolites is given by equation
(3.1), whose right-hand side terms represent, in order: the contribution of
incoming cells that may have different intracellular metabolic activity levels when
differentiating into the current type, net intracellular metabolite generation rate,
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and net cross-membrane transfer. The previous chapter of this thesis provides a
more detailed explanation of each term of the intracellular molar balance

equation.

(TYP) J‘xmax,G (TyP-1) (T' x t) dx
oM r,t minG _Out A -
. at( ) - oo (TYP) ' (M’("TYP) GO t))
Ntotal (T‘, t)
Ng
+ Z (STOICy, - RRate(™ (r, 1)) (3.1)
i=1
N TR atej(TYP) (r,t)
+ Z | STOIC, jiny, - 7
j=1 cell

The intracellular reaction rate has a first-order linear dependence on the
concentration of the corresponding reactant as shown in equation (3.2). C, (7, t)
refers to the concentration of the reactant for intracellular metabolic reaction
number i and can be identified from the stoichiometric matrix (2.2) by looking at
the column pertaining to reaction i and choosing the only row for which the
coefficient is negative (i.e., the reactant); the leftmost column gives the name of

the metabolite playing the role of the reactant for reaction i.
RRate{™ " (r,t) = kear; - Cr,(r,t) (3.2)

Cross-membrane transport rates are calculated using equation (3.3),
which corresponds to product-inhibited enzymatic transport and assumes that the
amount of transporter enzyme found in the cell membrane is constant for each of
the three cell types (MSC, PRE, and OBC) but different for each cell type.

TYP
ké‘,i ) ) CMi,out(r' t) : kT,i

(TYP)
TRate, (r,t) =
l ke + My P (r, 1)

3.1.3. Balance equations for gene expression

Intracellular expression of gene mRNA depends on time, differentiation
state, and position of the cell within the alginate-gelatin bead. The molar balance

equation (3.4) expresses the accumulation rate of gene-specific mMRNA in terms
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of base expression of each gene i in the undifferentiated MSC state, transcription
rate of the gene from its corresponding location within the DNA of the cell, natural
decay of intracellular mRNA; the last term on the right-hand side of the equation
accounts for differences in gene expression levels between cells as they change

their differentiation state.

Ntrans
aGi(TYP) (r,t) _ ktrans,i : A(GT;YP) ‘

a) .
ot ¢ A(Typ)ntrans +k MNtrans
Gi DNA,i

- kdecay : Gi(TYP) (r,t)

(3.4)
fxmax,G (TYyP-1)
out

(r,x,t) dx

Xmin,G

(TYP) (TYP-1)
TR G )

total
The molar balance for the intracellular concentration of dexamethasone
(the osteogenic differentiation agent being used in the experiments supporting
this work [85]) is given by equation (3.5), which relates the accumulation rate of
dexamethasone inside the cell to its rate of transfer through the cell membrane.
The molar balances for dexamethasone in the alginate-gelatin bead and culture

medium compartments are given in another chapter below.

d
a (Vcell ’ Dexcell(rf t)) = Amembrane : (Dexbead (T' t) - Dexcell(r: t)) (35)

3.1.4. Population balance equations for the cellular
division cycle and cell differentiation

Similar to chapter 2.1.5, the cell division cycle is described in terms of the
main growth stages: phase G lumps Gap 0 and Gap 1, phase S models DNA
synthesis, and phase M lumps Gap 2 and mitosis. The order of progression
through cell division cycle used in the mathematical model, G-S—M, matches the
biological succession (gap 1, synthesis, gap 2, and mitosis). The independent
variables are the position of the cell within the alginate-gelatin bead (r), the phase
growth coordinate (x), and time (t). The model ignores the specific cyclins that
characterize each cell cycle phase and abstracts that notion into a shared

distribution domain (i.e., the growth coordinate).
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Each cell cycle phase functions in the same way for each of the three
modelled differentiation states (MSC, PRE, and OBC) since cell cycle phases are
not specific to any one cell type and are generally applicable to the eukaryote
class. Equation (3.6) describes the location- and time-dependent density
distribution over the growth coordinate of cells as they traverse cell cycle phase
G. The terms on the left-hand side of the equation represent, in order: time
derivative of the cell density distribution, progress rate in traversing the current
growth phase, death rate, and transition rate (to the next cell cycle stage: phase
S). The right-hand side (RHS) of the equation contains the boundary condition
and differentiation rates. The RHS boundary condition ensures that cells start
each growth phase from the beginning (all incoming cells are added to the cell
cycle phase at the lowest phase coordinate, where the Kronecker delta function
is equal to 1). The two differentiation terms account for the contribution of
differentiation to the number of cells of the current type: cells that become the
current type are counted as inflow, and cells that are differentiating further are

regarded as outflow.

NP (r,x, 1) n a[“éTYP) (rx, ) - NGV (r,x, t)]

at ox +65 (r %, 0) -

3.6
NG 0) + T (0 NG () oo

= 8 (%, Xming) - Tamn () + Do’ 2 (rx,) = Dot (1,2, 1)
The equation for the DNA synthesis phase (labelled “S”) follows a similar
approach to phase G, keeping only the relevant terms. Since the main objective
of the cell during phase S is DNA code duplication, neither transition nor

differentiation are part of equation (3.7).

P NS(TYP) (rx,0) 9 [ ,ugTYP) (r,x,t) - N S(TYP) (r,x, t)] (TYP)
N +6g U (r,x,t) -
5t ox (3.7)

NP (r,x,8) = 8 (%, Xpins) - TSP (r, 1)

S,in
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The final phase of the cell division cycle (labelled “M”) includes terms for
the temporal derivative of the cell density distribution, phase traversal rate, death
rate, transition rate on the left-hand side, and the boundary condition on the
right-hand side (3.8). Considering that the main objective of the cell during mitosis
is cellular division, differentiation is excluded from the list of cellular behaviors

exhibited by cells while traversing phase M.

_.l_
ot 0x

+ HA(,,TYP) (r,x,t) -

3.8
NP (r,x, £) + TI&T;? (r,x,6) - Nyg P (r,x,t) )

TYP
= Ok (x: xmin,M) ) T1\E1,in )(r’ t)

For each differentiation state (denoted by the superscript “TYP”), the total
(position and time dependent) cell density is obtained by summing the total
densities for each growth phase (only from cells that are at the corresponding

differentiation state), as shown in equation (3.9).

Xmax,S

(TYP) ¥mazx.G (TYP) (TYP)
Neotar (r,t) = j Ng (r,x,t) dx + f Ng (r,x,t) dx

Xmin,G Xmin,S
(3.9)
Xmax,M
+ N A(,,TYP) (r,x,t) dx
XminM

Equation (3.10) shows the approach for the calculation of the total cell
count per alginate-gelatin bead, by integrating the density of the cells over the
bead volume. The right-hand-side of the equation shows the calculation method
being used under the assumptions stated in this chapter (i.e., spherical symmetry
of the beads).

Rpead
f f f <Z NI (r, t))dV = f ( NI, t)) - 4mr? dr (3.10)
0 TYP

Vbead TYP
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The duration of phase G is correlated with the production rate of energy
cofactors (3.11), separately for each differentiation state TYP. The production
rates for the cofactors (the two partial derivatives from the equation below) are
calculated as per equation (3.1); although they are distinct model entities, the

parameters connecting cofactor production rates to the duration of phase G are

interdependent E{"P) = 2.5 - ETYP) since the electron transport chain processes

NADH to produce more ATP [95].

1
(TYP)
duration; " (r,t) =
F(TYP) M7 (r, D) 4+ ge) My (T, ©) (3.11)
ATP ot NADH ot

The transition rates between growth phases, which are used in the
boundary conditions on the right-hand side of equations (3.6), (3.7) and (3.8),
transfer cells from each growth phase to the following one, thus ensuring cell
cycle phase progression. Equation (3.12) gives the transition rate into phase G;
the number 2 multiplying the integral on the right-hand side of the equation

accounts for cell duplication during mitosis.

Xmax,M
Tom ) =2 ] Tapond (1,2,6) - Ny ", 2, £) dx (3.12)

Xmin,M

Equation (3.13) gives the transition rate of cells from phase G into the

DNA synthesis phase.

Xmax,G

TP e ¢y = T o, x,6) - NP (r, x, 8) dic (3.13)

S,in
Xmin,G

Equation (3.14) gives the transition rate from phase S into phase M. Due
to the requirement that DNA be properly duplicated before progressing into the
following phase, the transition rate is no longer distributed over the phase
coordinate around a mean value and occurs at a single point (labelled x4, s)

instead.
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Cells leave phase M to divide and transition into phase G at a rate given
by equation (3.15). The transition rate is distributed over the phase coordinate
(as well as position within the alginate-gelatin bead, r, and time, t) and depends
on the growth rate of the cells traversing phase M, as well as the cumulative
probability of transition at the current growth coordinate. Since the phase growth
coordinate setup is identical to the one used for the well plate culture in the
previous chapter, the expression for the cumulative transition probability is given

by equation (2.23).

dPy(x)
dx (3.15)

TYP
g D@ x,t)

(TYP)
T
1—Py(x)

Mout () %, ) =

The rate for transition between phase G and phase S uses the more
complicated formulation (3.16), which accounts for the possibility for cells to leave
phase G either by transitioning into phase S or by differentiating into a more
specialized cell type. Note that the equation for the transition rate reduces to the

expression used for phase M (equation (3.15) valid for transition in the absence

of differentiation) when the differentiation fraction (fd(i?;cp)) is null, and becomes

zero when the differentiation reaches the (maximum) value 1. The expression for

the cumulative probability of transition P;(x) is given by equation (2.22).

(TYP) (TYP) dP;(x)
U (r,x,t)  \1—fppr (r,t)) —F—=
TP (1, x,t) = —— (1= 4i":0) 7 (3.16)

G,out
1= 7 Do) - (1= 57,0 - Pe@)

iff aiff

Cell may also undergo differentiation while traversing phase G, at a rate
given by equation (3.17). Note that when the differentiation fraction is zero, the
differentiation rate is also null, and the derivative of the differentiation rate with
respect to the growth coordinate is positive, reaching the maximum value (for the

differentiation rate) when the differentiation fraction is also at its maximum value
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of 1. The function for the cumulative probability of differentiation, CPD;(x), is

calculated as per equation (2.24).
TYP TYP dCPDg;(x TYP
u(G )(r,x, t) - 1(iFYF )(r, t) I o )'Ns( Y )(r,x, t)

1— £ cPDg () — (1= £57) - Pax)

D (TYP)

out

(r,x,t) = (3.17)

The value of the differentiation fraction depends on the position of the

cells within the alginate-gelatin bead and is expressed in terms of the relative

expression of its key gene and a single differentiation parameter (i.e., k((;]’f]f)), as

per equation (3.18). The key gene for mesenchymal stem cells (TYP=MSC) is
Runx2, while the key gene for pre-osteoblasts (TYP=PRE) is osteonectin.
Osteoblasts (TYP=0OBC) do not further differentiate, as per equation (3.19).

(TYP)%xP
(TYP) _ key
faiss (r,t) = PR T (3.18)
dif f key
fagy D) = 0 (3.19)

3.1.5. Mass balance at the alginate-gelatin bead and
bioreactor scales

Diffusive transport through the spherical alginate-gelatin bead is modeled
through the molar balance equation (3.20) for the three extracellular metabolites
(glucose, lactate, and glutamine) and the differentiation agent (dexamethasone).
The accumulation of metabolite in the alginate-gelatin bead is expressed by the
partial derivative on the left-hand side; the two terms on the right-hand side of the
equation are the negative divergence of the molar flux (accounts for diffusive
transport of metabolite within the bead) and the net rate of generation for
metabolite m (accounts for uptake or release of metabolites by the cells via
cross-membrane transportation). The mathematical formulation utilizes identical
beads with 1.15 mm radius, in agreement with the experimental technique that
produced them [115,118], neglecting bead size distribution.
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d0C,,(r,t)

5t = V(D) +RUL( D) (3.20)

Under the assumption of spherical symmetry, the divergence term in
equation (3.20) can be written explicitly as a partial derivative in the radial
direction. Equation (3.21) is obtained by substituting the divergence term in
equation (3.20) with the corresponding partial derivative; although the two
equations are equivalent under the working assumptions, equation (3.21) is more
useful for numerical model formulation, as the partial derivative can be readily
replaced by a finite difference or encapsulated in a finite element discretization

scheme.

0C,,(r,t) 1 0
= a(rz  Fy (T, t)) + RV, (1, t) (3.21)

The constitutive equation for the diffusive molar flux density of metabolite
m is given by equation (3.22), which is also known as Fick’s first law of diffusion.
Under the assumption of spherical symmetry, the concentration gradient is equal
to the partial derivative of the concentration in the radial direction, as per equation
(3.23), which is the variant implemented by the computational counterpart to the

mathematical model.

Fp(r,t) = =Dy, - VCpin (1, 1) (3.22)
Fpy(r,t) = =Dy, - LG (3.23)

or

Each of the molar balance equations is accompanied by corresponding
boundary conditions: the molar flux density through the center of the spherical
bead is null, due to symmetry (3.24); molar fluxes through the outer surface of
the bead are calculated using mass transfer equation (3.25) whose partial mass
transfer coefficient k.44, iS based on a dimensionless correlation. Although the
mathematical model uses the full form of mass transfer correlation equation
(3.26) [119] (as cited by [120]), the flow velocity corresponds to a very low
Reynolds number (Re < 1073), and the Sherwood number (Sh) is practically
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equal to 2. The perfused culture medium replenishes the main metabolites
(glucose and glutamine) and removes lactate from the bioreactor without
meaningfully affecting their transfer rate between the alginate-gelatin bead and

the culture medium in the bulk of the liquid surrounding the beads.

Fpr(0,6) = 0 (3.24)

Fm(Rbead: t) = kbead,m ’ (Cm(Rbead' t) - CCm(t)) (325)
kbead,m *Rpeaa _ _ 1/2 1/3

=Sh,, =2+4+0.6-Re'’“-Scp, (3.26)

D,

The volumetric reaction term appearing in equations (3.20) and (3.21) is
defined by equation (3.27). Each extracellular metabolite m is paired with its own
transport rate i as follows: glucose is transported with rate 1, lactate with rate 2,

and glutamine with rate 3. The negative sign at the beginning of the equation

accounts for the fact that the values of the transport rates (TRatei(TYP )) correspond
to their intracellular effect and not their effect on the bead metabolite levels: e.g.,
the glucose transport rate is positive (for the cell) but has the effect of reducing
the concentration of glucose locally in the alginate-gelatin bead. The
measurement units on the right-hand side (molar flowrate in pmol/day, and cell
density in L) combine to form the correct unit on the right-hand side (reaction

rate in pmol - day~1- L™1).

RV, (r,t) = — Z TRatei(TYP) (r,t) - Nt(ggzg) (r,t) (3.27)
TYP

Because the rate cross-membrane transport of dexamethasone is
modelled differently than the transport of metabolites, the corresponding reaction
rate term is adapted to the specifics of dexamethasone transport, as per equation
(3.28).

RVDex(TJ t) = Amembrane ° (Dexcell(r» t) — Dexpeqa (r, t)) ) NEZE;I;) (r,t) (3.28)
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Finally, the molar balance equations for mass transport inside the
alginate gelatin bead are accompanied by initial conditions for each variable: the
concentration of metabolites is considered the same as in the culture medium,

whereas concentration of dexamethasone starts at zero.

Metabolite levels in the culture medium are modelled using equation
(3.29), which accounts for metabolite transport between the culture medium and
alginate-gelatin beads, as well as flow in and out of the reactor. The reactor scale
molar balance equation (3.29) is valid for the three extracellular metabolites

(glucose, lactate, and glutamine) and the differentiation agent (dexamethasone).

d(Vg - CCp(t)
( - dt = ) = Enr(Rpeaa t) - (4 T Rbeadz) *Npeaa

(3.29)

+FN (CIN,m - CCm(t))

3.2. Solution methodology

The computer implementation of the mathematical model uses
discretized versions of the equations for distributed variables. For accurate
calculations, phases G and M are each discretized into 100 bins, phase S is
discretized into 50 bins, and the alginate-gelatin bead into 16 spherical shells,
similar to chapter 2.2. The complete implementation consists of 12,563 ordinary
differential equations, which are solved using the odel5s routine provided by
MATLAB [121]. The average solution time is about one hour on a computer with
a 4.20GHz Intel® Core™ i7-7700K CPU and 16 GB of RAM. Although the more
popular ode45 MATLAB routine typically produces a (slightly) more accurate
solution than odel5s, the latter was employed to solve the mathematical
formulation of the problem, because the stiff system of ordinary differential
equations presented herein requires prohibitively more time to solve using ode45,
necessitating more than two weeks (of computational time) to calculate the
solution of the model up to day 10 of the simulation for the osteogenic

differentiation process.

All distributed variables are discretized (over the phase growth

coordinate, x, and the radial position in the alginate-gelatin bead, r) before
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running the simulation and each of the continuous partial differential equations
becomes multiple discrete ordinary differential equations, with time as the unique
independent variable. The radial domain is discretized by the index j, ranging
from 1 to 16, while the growth coordinate is discretized by the index i, ranging
from 1 to 100 for phases G and M and from 1 to 50 for phase S. In the equations
below, the index j corresponds to radial position j - Ar, where Ar is the results of
dividing the bead radius by the number of spherical shells (16 in this case); the
index i corresponds to growth coordinate x,,;,, +i-Ax, where Ax is found by
dividing the total span of the growth phase (x;,.x — Xmin) by the number of bins

used to discretize the particular cell cycle phase.

The discretization of equation (3.6) — which describes cells as they
progress through phase G of the cell division cycle — is presented in two parts:
equation (3.30) is valid for i = 1 and includes the boundary condition specifying

the location at which cells enter the cycle phase, while equation (3.31) is valid for

i > 2 and describes phase traversal. Each N\"""(r,x,t) distributed variable is

N (TYP)

¢ji (t)variables per differentiation state TYP.

turned into 1600 time-dependent

angTD® gy - (NGO 0]
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+ +6; () Ng ()
dt Ax ) (3.31)

n T(TYP) (t) - N(TYP)(t) _ D(TYP—I)(t) _ D(TYP) )

Gout,j,i G,j,i out,j,i out,j,i

The population balance equations for phases S and M are discretized in

an analogous manner, producing an additional 2400 equations per differentiation

state. Note that in the computer implementation, the growth rate yg}fjl(t) and

death rate 65" (t) are no longer dependent on the cell cycle phase coordinate

as the available experimental data were insufficient to support any conceivable
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hypothesis over any other; an alternative way to express this choice is that these

distributed variables are uniform.

Discretization of the alginate gelatin bead variables was constructed such
that the concentration and molar fluxes are staggered along the radial direction.
Partial derivatives in the radial direction have been replaced by first order finite
differences, which have second order accuracy due to staggering. Thus, the
discretized version of the molar balance equation (3.21) for extracellular
metabolites inside the alginate-gelatin bead is given by equations (3.32) valid
inside the innermost shell (which is a sphere of radius Ar) for j = 1 and (3.33)
valid at every other discretized radial position where 2 < j < 16. Equations (3.32)

and (3.33) are written in their shortest form, simplifying factors of Ar where

possible.
dCpm,1 (1) F 1 (6)
Ly L 3.32
o 4 ——+ RV 1(8) (3.32)
dej(t) 1 jZ'ij(t)_(i_l)z'ij—l(t)
: — _ . : 2 : 3.33
dt (j — 0.5)2 Ar + RV, © ( )

Equation (3.34) describes the discretized radial component of the molar
flux vector whose expression is given by equation (3.23) and applies to all interior

points in the bead, except for the bead surface (2 < j < 16).

Cm,j+1(t) - Cm,j (t)

— (3.34)

Fm,j(t) = —Dp -

The boundary condition for the surface flux defined by equation (3.25)
remains valid, equation (3.35) explicitly replaces the surface concentration by the

outermost available value.

Frn16(8) = kpeagm * (Cm16(8) = CCn (D)) (3.35)
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3.2.1. Parameter estimation

Most parameters of the mathematical model presented in this chapter
were calibrated based on experimental data. Their values were estimated based
on experimental measurements for well-plate cultures and are identical to those
used in the mathematical model presented in Chapter 2. The only parameters
that were estimated for the bioreactor model presented in this chapter are the
diffusion coefficients involved in extracellular diffusive mass transport within the

hydrogel bead in the radial direction.

3.2.1.1. Diffusion coefficients for mass transport

To enable the calculation of diffusive molar fluxes and the solution of
equation (3.22), (3.23), or (3.34), the values of the diffusion coefficients for each
extracellular metabolite, D,,,, must be known first. These coefficients’ values are
available from published literature for glucose and glutamine [122], but not for
lactate and dexamethasone. The missing coefficient values were estimated using
the Wilke-Chang correlation [123] shown in equation (3.36), where ¢g is the
association factor for the solvent, M is the molar mass of the solvent, T is the
absolute temperature, ng is the viscosity of the solvent, and 1, is the molar
volume of the metabolite m at its normal boiling temperature. If values for the
above parameters are not available from published literature, they may be
estimated using specific methods. Values for the properties of the solvent
(alginate-gelatin bead) were considered equal to those for water (given the similar
transport behavior of the two materials). The values of the diffusion coefficients

used by the mathematical model are listed in Table 3.1.

_74-10° /g M- T

(3.36)
m Ns - Vmo.e
Table 3.1. Diffusion coefficient values used by the mathematical model
Parameter Value [122] Parameter Value
Deérucose 6.7-107® cm?/s Diactate 9.9-107® cm?/s
DGlutamine 7.6-107° cm?/s 2)Dexamethasone 4.0-107" cm?/s
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3.3. Simulation results

The mathematical model — consisting of equations (3.1)-(3.3) for
intracellular metabolism, (3.4)-(3.5) for gene expression, (3.6)-(3.19) for cell
proliferation and differentiation, (3.20)-(3.29) for bead and reactor scale mass
transport — was solved for a time frame of 21 days (equal to the duration of the
osteogenic differential experiment) using the ode15s differential and algebraic
equation solver available in the MATLAB computing environment [121].
Simulation results include the time profiles of intracellular (Figure 3.1) and
extracellular (Figure 3.2) metabolites, gene expression (Figure 3.3), cell counts
(Figure 3.4), and radial profile of cell density at the end of the differentiation period
(Figure 3.5). Results presented in Figure 3.1, Figure 3.3, and Figure 3.4 were
plotted against model predictions and experimental measurements from
well-plate cultures (using data presented in Chapter 2). A global sensitivity aiming
to assess the significance of the diffusive mass transport coefficients was also

performed; sensitivity indices yielded by the analysis are presented in Figure 3.6.

3.3.1. Metabolism

Intracellular metabolite levels start at concentrations specific to
mesenchymal stem cells (MSC) and maintain a flat profile until the cells start to
differentiate into pre-osteoblasts (PRE), between day 6 and day 7, as shown in
Figure 3.1. Next, metabolite concentration increases simultaneously with the
fraction of pre osteoblasts (shown in Figure 3.4a), reaching a maximum value
between day 9 (e.g., for glutamine) and day 12 (e.qg., for glucose). Finally, as cells
differentiate further, metabolite levels decrease and settle at osteoblast-specific

levels, around day 17.

Compared to the well-plate culture scenario (presented in Chapter 2), in
alginate-gelatin bead encapsulated cells (“bioreactor”), metabolites involved in
glycolysis and anaerobic catabolism (glucose, pyruvate, and lactate;
Figure 3.1a-c) attain peak values later, and the peaks are lower. This effect is
produced by the composition of two factors: (1) the plots present concentration
averages (over differentiation state and location within the alginate gelatin bead),
and cells located closer to the center of the bead experience lower concentrations

of glucose in their environment, resulting in lower intracellular levels and
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diminished glycolytic activity; (2) the proportion of cells at distinct differentiation
states varies with position in the alginate-gelatin bead, with cells that are located
closer to the center of the bead entering each of the last two differentiation states
(PRE and OBC) later than cells closer to the outer surface of the bead, thus
distributing the peak over a larger time frame and flattening it; this, in turn, is

caused by a corresponding delay in gene expression (Figure 3.3).

Glutaminolysis (Figure 3.1h) activity is strongly affected by the same
trend as glycolysis. In addition, the cells uptake a large portion of the available
glutamine in the environment (presented in Figure 3.2), making it impossible to

maintain high levels of intracellular glutamine between day 9 and day 16.

With both glycolysis and glutaminolysis registering reduced activity
compared with well-plate culture, the metabolites in the TCA cycle show
corresponding concentration declines between day 9 and day 12 (citrate,
iso-citrate, succinate, and fumarate; Figure 3.1d-g), particularly while
pre-osteoblasts (PRE) remain the predominant differentiation state (Figure 3.4a).
As more cells terminally differentiate into osteoblasts (OBC), metabolic activity
decreases, in agreement with experimental measurements [44], and culture
medium metabolite concentrations return to higher values (presented in
Figure 3.2).
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Figure 3.1. Average intracellular metabolite levels during osteogenic differentiation of
MSCs; comparison between rotating wall bioreactor (thick solid black line), well plate
culture (thin dashed blue line), and experimental data for well plates (blue diamonds for
experimental values and vertical blue lines for standard deviation)
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Figure 3.2. Culture medium metabolite levels during osteogenic differentiation of MSCs

3.3.2. Gene expression

Gene expression results are reported as average values (over cell
differentiation state and location inside the alginate gelatin bead). Profiles of the
average gene expression values (Figure 3.3) show an increase in Runx2 activity
around day 5 denoting the differentiation of MSCs into pre-osteoblasts, followed
by an increase in osteonectin expression around day 11, corresponding to the

formation of osteoblast cells from pre-osteoblasts.

For both genes considered in this study, their activation in alginate-gelatin
bead encapsulated cells is slightly delayed (by about 1 day) compared to well
plate cultures (Figure 3.3). The observed delay is correlated with a similar
outcome for dexamethasone concentration as it diffuses from the culture medium

inward through the hydrogel bead.
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Figure 3.3. Average relative expression of genes during osteogenic differentiation of
MSCs; comparison between rotating wall bioreactor (thick solid black line), well-plate
culture (thin dashed blue line), and experimental data for well plates (blue diamonds for
experimental values and vertical blue lines for standard deviation)

3.3.3. Cell counts and density distribution

Figure 3.4a shows the cell count evolution during the simulation. The
number of mesenchymal stem cells (MSCs) increases until about day 7, which
marks the beginning of differentiation into pre-osteoblasts (PRE); next, the
number of pre-osteoblasts increases gradually until about day 11, when
differentiation into osteoblasts (OBC) exceeds cellular division for
pre-osteoblasts. Finally, the osteoblast count increases gradually as they become
the predominant cellular differentiation state after day 18. The total cell count
shows a moderate rate of growth for MSCs, an accelerated rate during the

pre-osteoblast peak, and a low expansion rate for osteoblasts.

Figure 3.4b compares the total cell count per bead for alginate-gelatin
bead encapsulated cells with the total cell count per well plate (for static well plate
cultured cells). The cell count is visibly lower for encapsulated cells, due to lower
concentrations of intracellular metabolites toward the center of the
alginate-gelatin bead, which correlates with lowered energy production rate and
lower cellular division rate. It is important to note that the model presented in this
chapter uses cell density, not cell count as part of the mathematical description.
The total cell numbers plotted in Figure 3.4 (thick black line) are the total cell

count per alginate-gelatin bead and were calculated as described by equation
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(3.10). Even though Figure 3.4b suggests that well-plate cultures (dashed blue
line labeled “reference”) produce more cells that bead-encapsulated ones, the
entire culture volume should also be considered instead of just a single bead.
When comparing the two bioprocesses, the rotating wall bioreactor exhibits a
cellular density (expressed as the number of cells per culture volume unit) about

four hundred times larger than the well plate culture.
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Figure 3.4. Averaged cell counts during osteogenic differentiation of MSCs; a) total cell
count (thick black line) and partial counts for each differentiation state (thin colored
lines); b) comparison between total cell counts for the rotating wall bioreactor (thick

solid black line), well plate culture (thin dashed blue line), and experimental well plate

data (blue diamonds for experimental values and vertical bars for standard deviation)

The similar trends observed for the two processes (in Figure 3.1,
Figure 3.3, and Figure 3.4) can be justified on the basis of similar extracellular
conditions for the two processes: while the perfusion flowrate through the rotating
wall bioreactor ensured that culture medium was continuously being replenished,
culture medium exchange was performed manually for the well plate culture every

2-3 days, to prevent the accumulation of toxic waste products such as lactate.

A consequence of encapsulating cells in alginate gelatin beads (or other
materials) is that cells at the center of the bead will generally experience more
severe environmental conditions — i.e., lower nutrient concentrations and higher

waste levels. Figure 3.5 shows the radial profile of the cellular density in the bead
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at the end of the differentiation process (day 21); in this case, the cell density is
about 2.5% lower in the center than at the outer surface (for 2.3 mm diameter
beads).
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Figure 3.5. Calculated radial cell density distribution in the alginate gelatin bead at day
21

3.3.4. Sensitivity analysis

Total sensitivity indices were computed for 13 factors and two main
responses (total cell count per alginate gelatin bead, and osteoblast fraction)
evaluated at days 7, 14, and 21 of the differentiation process. The factors include
the 10 parameters that were deemed significant by the global sensitivity analysis
shown in chapter 2.2.2, whose values were allowed to vary between 50% and
150% of their nominal value, and the diffusion coefficients for glucose, lactate,
and glutamine, whose values were allowed to vary between 10% and 150% —
the larger relative deviation towards lower values was allowed considering that
an overestimation of the diffusion coefficients is more dangerous for the cultured
cells, whereas an underestimation would mean that conditions in the bioreactor
are milder than considered by the model. A total of 14000 simulations were

performed to complete the sensitivity analysis (see 0 for convergence plots).
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Within the uncertainty of the thirteen parameters that were selected for
the global sensitivity analysis, none have sensitivity index values above the 0.1
significance threshold for the response of the total cell count at the end of the

process (Figure 3.6a).
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Figure 3.6. Global sensitivity analysis results: sensitivity indices for (a) total cell count
and (b) osteoblasts fraction — names of factors with total sensitivity indices above the
0.1 threshold are indicated with bold red font

Four of the total sensitivity indices for the response of osteoblast fraction
exceed the significance threshold (RNA decay rate, DNA binding constant for the

activation of the Runx2 gene, base expression of Runx2 in mesenchymal stem
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cells, and differentiation constant controlling the specialization of PRE cells into
OBC), indicating that the uncertainty in these parameters’ values propagate into
the variance of the observed values for the osteoblast fraction response
(Figure 3.6b).

Note that all diffusivity parameters (Dgiucoses Practates @Nd Deiutamine)
have total index values below the threshold, indicating that the uncertainty in their
values does not significantly impact the variance of the mathematical model’s

prediction.

3.3.5. Discussion

Other mathematical models for culture dynamics of stem cells including
cell death and differentiation phenomena have been published in the scientific
literature; Chen et al. have described cell differentiation by assigning each
(differentiation) state a separate compartment in the mathematical model [42].
Herein, each of the differentiation states are also allocated different
compartments, but the model describes stem cell dynamics with greatly
increased detail and accuracy at every step of the differentiation process. The
use of population balance equations enables the quantification of cell population
densities (or counts) as well as the distribution (heterogeneity) of those
populations among the cell cycle phases and spatially within the alginate-gelatin
beads. Cell differentiation is not only described by the mathematical model, but it
is also precisely located within phase G (Gap 1) of the cell cycle [85,89]. The
mathematical model of MSC osteogenic differentiation provides a detailed
description of the underlying biological phenomena and advances the possibility
of obtaining high-quality engineered bone tissue through culture optimization.
Achieving such a feat solely by in-vitro experimentation entails relatively slow
progress at high costs. On the other hand, the mathematical model is potentially
useless without practical confirmation and at least some amount of
experimentation is required for informing and supporting modeling decisions,
refining parameter values, and validating the mathematical model before
rendering it ready for clinical application.

Population balance models (PBM) have previously been used in
mathematical models for stem cell cultures. Wu et al. used a PBM to describe
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cell aggregation in spinner flask cultures [55]. This work utilizes PBMs differently
and employs them for a detailed description of cell cycle phase heterogeneity,
enhanced by differentiation state and spatial heterogeneity; in this work
metabolism and cell growth are linked directly, whereas Wu et al. focused on the
transport of oxygen as the limiting factor for stem cell expansion. Bartolini et al.
used a PBM for the proliferation of stem cells in suspension reactors [56], but
were focused on bioreactor operation and dynamics, whereas this work
emphasizes intracellular metabolism and gene expression, and differentiation
and mass transport inside alginate-gelatin beads. The two PBMs also differ in the
choice of the independent distribution variable: Bartolini et al. distributed the cell
cycle over the mass of the cells, whereas this work distributes each cell cycle
phase over a cell-cycle-phase-specific cyclin, or DNA. The PBM used in this work
has similar features to that used for modeling cell-cycle-phase-specific chemical
leukemia treatment [54], and for cell-cycle-phase-specific antibody production
rates [124] but differs from both referenced works by including intracellular
metabolism, gene expression, cell differentiation, and bead and reactor level

mass transport.

Global sensitivity analysis was performed on a subset of the parameters
of the model; the newly introduced diffusivity parameters were analyzed together
with the 10 most significant parameters that were identified in the well plate
culture scenario (see Figure 3.6). The most significant parameters are still the
ones related to gene expression: RNA decay rate, DNA binding interaction, and
differentiation constants. While the newly added parameters were not deemed
significant by the global sensitivity analysis, it is possible that this result is valid
only for alginate-gelatin beads up to a certain size, above which diffusion
transport limitations affect the outcome of the process. The radius of the beads
themselves was not part of the sensitivity analysis, because the experimental
technique produced beads with a narrow size distribution [114]; furthermore, even
larger deviations (£ 10%) from the nominal 2.3 mm bead diameter did not produce
significant changes in the predictions of the model. By experimentation with
running additional simulations, it was found that a bead diameter of about 4.5 mm
leads to a large decrease in cell counts. The threshold is probably lower in

practice, as the model in its current form does not properly account for potentially

76



increased death rates among the cells closer to the center of the bead caused by
a combination of toxic lactate concentrations and hypoxia. This suggests the
existence of an optimal bead radius for alginate-gelatin beads used in the
osteogenic differentiation of MSCs, with a bead size that balances the potential
benefit of using larger beads (enables the use of higher flowrates and
recirculation of a fraction of the culture medium) and the drawbacks (higher cell

mortality).

3.4. Mathematical model validity assessment

The mathematical model presented herein has a high degree of
complexity and sophistication, which provides copious opportunity for conceptual
mistakes to slip in. Although the model was examined carefully — both in the
formulation of its equations and using global sensitivity analysis — several
computer simulations were designed and performed to confirm the qualitative
behavioral validity of the mathematical model with respect to several physical
variables. In all case studies detailed below, the model output is biologically

correct.

The mathematical model presented in this chapter does not include a
description of oxygen transport, nor its contribution to intracellular metabolism.
Although an experimental analysis showed that cells were not affected by hypoxia
under the investigated culture conditions and the results presented herein have
been confirmed experimentally [115], some of the in-silico results presented
below (such as high initial cell density or the use of larger alginate-gelatin beads)
might not fully capture the severity of the environmental conditions that would be

experienced by their biological counterpart (e.g., hypoxia).

3.4.1. Model response to initial cell density variations
Since the aim of the experimental procedure, which is represented by the
mathematical model in this chapter, is to generate osteoblasts that can be used
to treat bone defects in clinical settings, it is crucial to have sufficient suitable cells
for an effective treatment. Since cell count is directly proportional to cell density
(expressed as count of cells per unit volume, in units of cells per liter), this variable

is of great practical importance.

"7



Cell density at the end of the osteogenic differentiation process (day 21)
is one of the outputs of the model, but the result of the calculation depends on
the initial value of this variable, corresponding to the cell density in the
alginate-gelatin bead when the beads are formed. Since this variable can be

adjusted experimentally, it is meaningful to assess the effects of adjusting it.

The initial cell density has been labeled p, in this chapter. Apart from the
base value of 9 billion cells per liter, the simulation was repeated for two other
values, at about half and double the base cell density (4, and 20 billion cells per

liter, respectively).

Regarding the potential effects of changing the cell density, when the
number of cells increases within a finite volume, they should uptake nutrients at
a higher rate, leading to a lower nutrient concentration level in their environment,
i.e., the alginate-gelatin bead. In turn, this would hinder the ability of the cells to
absorb nutrients from the environment, causing a decrease in intracellular
metabolite concentrations levels (compared with a baseline level). In contrast,
when the number of cells is lower, they should uptake fewer nutrients, deplete
their resources slower, and would exhibit higher intracellular metabolite
concentration levels. Figure 3.7 confirms these predictions for all modelled

intracellular metabolites.

The effect of changing the initial cell density on the culture medium
compartment (the bulk liquid in the reactor, Figure 3.8) is analogous to the
intracellular picture: larger densities are correlated with higher total uptake rates
and result in lower metabolite levels overall for glucose and glutamine. Culture
medium lactate responds in the opposite manner, as higher intracellular
metabolism (achievable for lower cell density values) leads to increased lactate

production, which consequently increases extracellular lactate concentration.
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Figure 3.8. The response of extracellular (bulk liquid) metabolite levels to initial cell
density variations

The effects of initial cell density on gene expression are negligible
(Figure 3.9), since metabolism and gene expression are disjoint behaviors, with
the latter being strongly connected only with the differentiation agent

(dexamethasone) that initiates the osteogenic differentiation sequence.

Except for situations where higher cell densities cause cell death by
locally depleting the nutrients in the environment, increasing the (initial) cell
density should always lead to higher cell counts. The predictions of the

mathematical model agree with this result (Figure 3.10).

80



0.

Relative expression {(—)

0.

400

350

300

250

200

150

100

50

0.

35

0.3

25

0.2

5

a) Runx2

_ 70+ b) Osteonectin

py = 4-10°

65
—pO = 9-109

60 py = 20-10°

551

50

- 45_

40t

351

301

251

! 1 1 L 20 1 1 L L
0 7 14 21 0 7 14 21

Time (days) Time (days)

Figure 3.9. The response of relative gene expression to initial cell density (p,)

variations

x10° Cell count per bead

py = 4107

— = 9-10°

py = 20-10°

o
~

14 21
Time (days)
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Figure 3.11 conveys the effect of changing the initial cell density on the

final (day 21) cell density. The resulting radial cell density profiles agree with
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expectations: lower initial cell density leads to lower final density. Furthermore, at
higher cell density, the total nutrient uptake rate grows, causing cells that are
closer to the center of the alginate-gelatin bead to experience more severe
conditions compared to those closer to the outer surface of the bead (as the cells
remove nutrients as they traverse the bead radius). In conclusion, higher cell
densities accentuate the percentual difference between the surface and the

center of the bead.
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Figure 3.11. The response of the radial cell density distribution at day 21 to initial cell
density (p,) variations

These in-silico results suggest that an initial cell density of twenty billion
cells per liter would improve the final cell count (Figure 3.10) without affecting the
quality of the produced cells, as evaluated by their gene expression (Figure 3.9).
However, while the outcome is still qualitatively correct, it might not be
quantitatively accurate: (a) the death rate of cells could be higher than the
estimated value at high waste concentrations; (b) although there is no direct
connection between the selected metabolic pathways and the two genes, it is
possible that an indirect link could become more active under those conditions.
Furthermore, while the mathematical model does prohibit cell densities that are
mathematically infeasible (i.e., when the total volume of the cells exceeds the
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available local space inside the alginate-gelatin bead), it does not quantify the
effect of cell density on the transport of extracellular metabolites (i.e., the values
of the diffusion coefficients for metabolites are kept constant, irrespective of the

cell density).

3.4.2. Model response to nutrient concentration
variations

Intracellular metabolism is an essential component of the mathematical
model (because it controls the proliferation rate of the cells) as well as one of the
elements of novelty contributed by the work presented in this thesis. Although
intracellular metabolite concentration levels are controlled by molar balance
equations (and model parameters), their dynamics are also dependent on

extracellular conditions.

In addition to the base case scenario (where the culture medium was
prepared using a solution with 25 mmol/L glucose and 4 mmol/L glutamine),
simulations for two other scenarios were investigated: with lower concentrations
of nutrients (15 mmol/L glucose and 2 mmol/L glutamine) and with higher nutrient
concentrations (30 mmol/L glucose and 6 mmol/L glutamine). The effects of
nutrient concentration on intracellular and extracellular metabolism, gene
expression, cell counts, and radial cell density distribution within the
alginate-gelatin bead are presented in the figures below; the numbers (expressed
in mmol/L) in the legend associate each result (line plot) with its corresponding

scenario (Glc stands for glucose, and Glu stands for glutamine).

When changing both the glucose and glutamine concentrations in the
culture medium, the reaction of the intracellular metabolism of the cells is
predictable and reasonable: higher extracellular levels cause intracellular levels

to rise as a result (Figure 3.12).
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Figure 3.12. Response of intracellular metabolism to variations in nutrient concentration

in the culture medium

Extracellular metabolite concentration levels follow similar trends to the

base case scenario but are affected by their initial values; the general trend is

preserved, and the entire temporal profile rises and lowers depending on the

initial concentration (Figure 3.13). The production rate of lactate indirectly



depends on the concentrations of the two nutrients: when lower concentrations
are used, intracellular reaction rates and metabolic levels are reduced, leading to

overall decreased lactate levels in the culture medium.
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Figure 3.13. The response of extracellular (bulk liquid) metabolite levels to variations in
nutrient concentration in the culture medium

Gene expression is largely unaffected by changes in extracellular
metabolite concentration (Figure 3.14). The slight delay in osteonectin
expression is correlated with longer cell cycle duration, which results in a
marginally higher percentage of mesenchymal stem cells in the culture, lowering

the average values (since they only express osteonectin at a basal level).

Figure 3.15 shows the temporal evolution of the total cell count (per
alginate-gelatin bead). As expected, an environment rich in nutrients leads to a

higher cell count at the end of the process.
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Figure 3.14. The response of relative gene expression to variations in nutrient
concentration in the culture medium
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Figure 3.15. The response of total cell population per alginate-gelatin bead to variations
in nutrient concentration in the culture medium

The total cell count (shown in Figure 3.15) is directly proportional to the
total cell density (shown in Figure 3.16). By analogy with the total cell count
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outcome, decreasing the level of nutrients in the culture medium lowers cell
density. Nevertheless, when cell density is higher inside the alginate-gelatin
bead, it is also less uniform (i.e., the difference in cell density between the center
of the bead and the outer surface is highest at high cell density, which is favored

by increased nutrient levels in the culture medium).
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Figure 3.16. The response of the radial cell density distribution at day 21 to variations
in nutrient concentration in the culture medium

The predominant effect of increasing the nutrient concentration being fed
to the rotating wall bioreactor is higher cell proliferation, with minor differences in
phenotype (intracellular metabolism and gene expression are largely unaffected
at day 21 of the differentiation process). These results suggest that using a higher
nutrient concentration is preferrable. However, the availability of a concentrated
culture medium mixture might be limited and, crucially, the purpose of cellular
differentiation is to transform the mesenchymal stem cells into osteoblasts that
can be used in clinical applications. If a higher cell count is desirable, it is likely
to be more useful to obtain the required cell count in the previous experimental

stage (i.e., mesenchymal stem cell expansion).
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3.4.3. Model response to increasing lactate
concentrations in the culture medium
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Figure 3.17. Response of intracellular metabolism to variations in lactate concentration
in the culture medium

The regular culture medium fed to the bioreactor does not contain lactate,
because it is one of the waste products of the process. Three additional scenarios
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have been investigated, with progressively larger lactate concentrations in
increments of 2 mmol/L. When lactate is more concentrated in the extracellular
compartment, its evacuation from the cell is hindered and the concentration of
intracellular lactate rises (Figure 3.17c). All other intracellular metabolites are not
influenced by extracellular lactate levels. Although the expected biological
response includes changes in the levels of other metabolites, the mathematical
model cannot accurately replicate this result using the small subset of metabolites
that it incorporates, and the mathematically reasonable prediction is likely not

biologically accurate for the other 7 metabolites (Figure 3.17, subplots a, b, d-h).

Extracellular lactate concentration levels also rise the more lactate is fed
into the reactor as part of the culture medium, leaving glucose and glutamine

levels unaffected (Figure 3.18).

23 a) Glucose 14r b) Lactate 4r c) Glutamine
_O(base)
2 mM
22 12} 4 mM 351
6 mM
217 3k
10
20+ 25r
8 -
19+ 2r
6 -
18 151
4 -
17+ 1r
16} 2r 05f
15 Il 1 1 1 0 1 1 1 0 1 Il 1 1
0 7 14 21 0 7 14 21 0 7 14 21

Figure 3.18. Response of extracellular (bulk liquid) metabolite levels to variations in
lactate concentration in the culture medium

Gene expression is not affected by the increase in extracellular lactate
(Figure 3.19).
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Figure 3.19. Response of relative gene expression to variations in lactate concentration
in the culture medium

The total cell count is slightly reduced when using culture medium

contaminated with lactate (Figure 3.20).
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Figure 3.20. Response of total cell population per alginate-gelatin bead to variations in
lactate concentration in the culture medium
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The cell density in the alginate-gelatin bead is also reduced
(Figure 3.21a), but the relative radial cell density profile is largely unchanged
(Figure 3.21b).
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Figure 3.21. Response of the radial cell density distribution at day 21 to variations in
lactate concentration in the culture medium

The analysis suggests that extracellular lactate has little effect on the
outcome of the osteogenic differentiation process of mesenchymal stem cells.
The validity of the result depends on the accuracy of the death-related
parameters of the model. Although the parameters were estimated based on
experimental data, those data do not carry enough information about cell death,
given that the experimental objective was to culture — and not kill — the cells.
While qualitatively correct, the prediction of the mathematical model about the
impact of extracellular lactate on the outcome of the osteogenic differentiation,
should seek experimental confirmation before attempting to replicate the results

in clinically relevant settings.
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3.4.4. Model response to dexamethasone concentration
variations

Dexamethasone fulfils a key role in the osteogenic differentiation
process of mesenchymal stem cells: it is the differentiation agent that triggers the
chain of genetic and metabolic changes transforming MSCs into osteoblasts.
Apart from the base case simulation (where the concentration of dexamethasone
in the culture medium is 100 nmol/L), four additional scenarios were simulated
where the concentration of dexamethasone in the culture medium inlet were 80,
90, 110, and 120 nmol/L.

Intracellular metabolism (Figure 3.22) remains at basal MSC levels when
the concentration of dexamethasone is reduced to 80 nmol/L. When
dexamethasone concentration is increased to 90 nmol/L, intracellular metabolism
does shift towards the pre-osteoblast (PRE) phenotype, but the shift is
considerably delayed and flattened over a longer period, with the peak values for
each intracellular metabolite occurring about 7-10 days later than in the base
case. When using higher concentrations of dexamethasone in the culture
medium, the metabolic changes occur sooner and over a shorter duration, with

the effect being more pronounced for the highest concentration (at 120 nmol/L).

The effect on the extracellular metabolite concentration levels
(Figure 3.23) is complementary to the intracellular picture: the trends suggest the
existence of a single cell type when the concentration of dexamethasone is 80
nmol/L, and shows the typical extreme (largest for lactate, and smallest for
glucose and glutamine) value that corresponds to peak intracellular metabolic
activity and cross-membrane transport. The profile is delayed and stretched over
a longer duration when the concentration of dexamethasone is 90 nmol/L. The
larger 110 and 120 nmol/L concentrations have the opposite effect: the largest
changes occur sooner and over a shorter timespan than in the base case. The
timepoints corresponding to the largest changes are synchronized between the

intracellular (Figure 3.22) and extracellular (Figure 3.23) compartments.
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Figure 3.22. Response of intracellular metabolism to variations in dexamethasone
concentration in the culture medium
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Figure 3.23. Response of extracellular (bulk liquid) metabolite levels to variations in
dexamethasone concentration in the culture medium

Figure 3.24 shows the response of gene expression in these scenarios,
which is drastically reduced for the dexamethasone deficient scenarios, with no
significant increase in osteonectin expression, an important marker of
osteogenesis (which is incomplete in this case). On the other hand, when using
culture medium richer in dexamethasone differentiation agent, the cells
overexpress (compared to the base case) the two modelled genes, whose

relative expression is 5—10 times larger than in the base case scenario.
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Figure 3.24. Response of relative gene expression to variations in dexamethasone
concentration in the culture medium
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Figure 3.25. Response of total cell population per alginate-gelatin bead to variations in
dexamethasone concentration in the culture medium

Cell count plots (Figure 3.25) show that in the presence of reduced

dexamethasone concentration the cells continue to expand steadily. In contrast,
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when using larger concentrations of dexamethasone, the cell count stagnates
and settles at lower values, indicating that cells have terminally differentiated into
osteoblasts (which have generally larger cell cycle duration and lower growth rate

compared to mesenchymal stem cells and pre-osteoblasts).

Cell densities inside the alginate-gelatin bead at day 21 (Figure 3.26a)
are correlated with the total cell count (i.e., higher cell count corresponds to higher
cell density). Figure 3.26b shows the relative cell density at day 21 in the
alginate-gelatin bead. In the base case, cell density is lower near the center of
the bead, because the cells uptake nutrients as they are transported by molecular
diffusion, resulting in lower extracellular metabolite concentrations closer to the
center, reduced intracellular metabolic activity and lower growth rates and cell
density. This effect is qualitatively the same when the concentration of
dexamethasone is 80 nmol/L but reduced in intensity since mesenchymal stem
cells uptake less nutrients from their environment compared to pre-osteoblasts.
The same effect (lower cell density near the center of the bead) is observed when
the concentration of dexamethasone is increased to 90 nmol/L; its intensity is
even higher than in the base case, because both the count and percentage of
pre-osteoblasts in the bead are higher than in the base case, and pre-osteoblasts
uptake more nutrients than mesenchymal stem cells. When using larger
concentrations of dexamethasone than in the base case, cell density is highest
in the center of the alginate-gelatin bead, because the transport of
dexamethasone through the bead requires a finite amount of time and the cells
closer to the center of the bead experience an environment with lower
dexamethasone concentrations compared to the cells closer to the outer surface.
Therefore, cells neared to the center of the bead will express genes at a slower
pace and will differentiate later than those that are closer to the outer surface,
spending more time as mesenchymal stem cells or pre-osteoblasts, during which
they proliferate more than the cells at the surface, thus increasing their density
faster, despite facing lower nutrient concentrations and higher waste (lactate)
levels than cells at the outer bead surface.
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Figure 3.26. Response of the radial cell density distribution at day 21 to variations in
dexamethasone concentration in the culture medium

The mathematical model correctly predicts that higher dexamethasone
concentrations aid in the process of osteogenic differentiation of mesenchymal
stem cells. Although qualitatively meaningful, these results may not quantitatively
represent the biological outcome, as some of the parameters of the model may
be inaccurate due to insufficient information in the experimental data used to
estimate them. Furthermore, cells may experience gene inactivation at higher
concentrations of dexamethasone, which the mathematical model does not

account for in its current form.

3.4.5. Model response to alginate-gelatin bead diameter
variations

The size of the alginate-gelatin bead can be controlled by changing the
proportion of the ingredients or the size and shape of the nozzle that aids in the
formation of the droplets (before they are immersed in solution where they
become viscous gelatinous beads). This chapter presents the impact of changing
the radius of the alginate-gelatin bead by 30% in both directions. The legends of

the figures below show the diameter of the beads, labeled “d”.
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Figure 3.27. Response of intracellular metabolism to variations in alginate-gelatin bead
diameter

The main disadvantage of having a larger bead is caused by mass
transport limitations, which lessen the amount of nutrients that are available to

cells deeper in the bead (closer to the center). The lack of nutrients then lowers



cross-membrane transport rates and intracellular metabolite concentration levels
(Figure 3.27).

Furthermore, larger beads have proportionally higher cell counts (at the
same cell density), making the nutrient uptake and waste generation more
intense, which exacerbates the effect not only on the intracellular compartment,

but on the extracellular one as well (Figure 3.28).
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Figure 3.28. Response of extracellular (bulk liquid) metabolite levels to variations in
alginate-gelatin bead diameter

Gene expression is visibly affected by the alginate-bead size
(Figure 3.29): dexamethasone has easier access to the cells near the center of
smaller beads and can trigger the gene switches sooner than in the base case.
Larger beads impede the efficient transport of dexamethasone, whose lowered
levels require longer times to activate the expression of the two osteogenic

genes.

Although the initial cell density was identical in the three scenarios, larger
beads have a higher cell count as they can fit more cells in their larger volume,
even at the same cell density. Cell counts are, predictably, higher for larger beads
(Figure 3.30).
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Figure 3.29. Response of relative gene expression to variations in alginate-gelatin bead
diameter
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Figure 3.30. Response of total cell population per alginate-gelatin bead to variations in
alginate-gelatin bead diameter

The radial cell density profiles at day 21 show higher cell densities in
smaller alginate-gelatin beads (Figure 3.31a), corresponding to milder mass
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transport limitations. Despite the higher cell density, the cell count per bead is still

larger for bigger beads (as shown in Figure 3.30). The efficiency of the mass

transport of nutrients radially through the alginate-gelatin bead is confirmed by

the relative radial cell density profile (Figure 3.31b): the values of the cell density

at the center of the bead and at the outer surface are closer when the beads have

smaller radii.
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Figure 3.31. Response of the radial cell density distribution at day 21 to variations in
alginate-gelatin bead diameter

The results presented

in this chapter indicate that the optimal

alginate-gelatin bead size is likely determined by a tradeoff between the

convenience of using larger beads and the nutrient mass transport efficiency

observed when using smaller beads. Alginate-gelatin beads with a radius of 1.5

mm (diameter of 3 mm) do not exhibit strong mass transport limitations.
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Chapter 4. Conclusions and
Directions for future work

This chapter summarizes the key points of the current thesis, emphasizes
the original contributions within, and lists recommendations for future research
efforts.

4.1. Conclusions

This thesis demonstrates a population balance model which describes
mesenchymal stem cell (MSC) osteogenic differentiation, linking metabolism,
gene expression, and cell cycle dynamics. The model introduced in Chapter 2
captures the heterogeneity of the cell cycle, and its predictions agree with
experimental measurements. An analysis of the effects of altering the growth
rates of mesenchymal stem cells and pre-osteoblasts reveals a potential inherent
trade-off between proliferation and differentiation, even when the two behaviors
are not competing for the energetic resources of the cell. Global parameter
sensitivity analysis reveals that the most significant parameters are related to
differentiation (controlled by gene expression) and proliferation (controlled by the

duration and traversal rates of the cell cycle phases).

Chapter 3 presents a multiscale approach for the process of osteogenic
differentiation of mesenchymal stem cells in a rotating wall bioreactor, built
around population balance equations and includes a concise and carefully
selected set of intracellular metabolites, as well as gene expression and cell cycle
dynamics. The multiscale mathematical model captures cell cycle,
differentiation-state and spatial heterogeneity, and interconnects processes at
different biological and physical scales: (1) cell cycle phase and population level,
(2) bead level, and (3) bioreactor level. The mathematical model was used to
simulate the rotating wall bioreactor for 21 days of differentiation. Model
predictions agreed with experimental measurements for intracellular metabolism
as well as relative gene expression. Global sensitivity analysis revealed that mass
transport properties of the alginate-gelatin bead are less significant for the
outcome of the simulation than biological parameters of the cultured cells. Future

parameter estimation efforts should focus on more accurately determining the
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latter. The impact of alginate-gelatin bead size on the outcome of the simulation

is negligible for beads smaller than 3—4 mm in diameter.

The mathematical models proposed in this work provide a detailed view
of MSC osteogenic differentiation built on deterministic population balances that
can serve as a starting point for model-based bioprocess optimization and
support the development of bone grafts for medical applications. Although the
formulated mathematical model and the implemented companion computational
model were adapted for mesenchymal stem cells and their differentiation into the
bone cell lineage, the underlying framework is more general and may be
successfully applied to other research applications involving the differentiation of
stem cells (e.g., nerve or heart muscle cells) with minimal changes to the

structure of the mathematical model.

4.2. Original contributions

The mathematical representation for the osteogenic differentiation of
mesenchymal stem cells uses a refined population balance equation at the core
of the model. The following improvements are original contributions of the work

showcased in this thesis:

1. The continuous population balance equation for each cell cycle phase
contains a duration variable that can be set to the experimentally

determined value and the rest of the computation behaves accordingly.

2. Cellular differentiation has been localized precisely within the lumped
Gap 0/Gap 1 cell cycle phase, instead of at the end of the cell division

cycle, as done previously in the scientific literature.

3. All cell cycle phases are regarded as growth stages that are conceptually
very similar, differing only in terms of their relative position within the
division cycle and specific behaviors for transition or differentiation. Each
phase uses an appropriate modification of the primary population balance
eqguation to accounts for phase specific behaviors (i.e., the DNA synthesis
phase does not utilize a transition function, while the lumped Gap 0/Gap 1
cell cycle phase incorporates information about cellular differentiation

rates in addition to transition).
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4. The mathematical model includes a representative subset of intracellular
metabolites that showed significant changes during the process of
osteogenic differentiation of mesenchymal stem cells, selected from the
glycolysis and oxidative phosphorylation metabolic pathways (which were

shown to play a significant role in differentiation to the bone cell lineage)

5. Cross membrane transport of metabolites is rigorously modelled using a
product-inhibited transport rate equation

6. The model improves the mathematical connection between the
population-level growth rate of the cells and metabolism by connecting the
growth rate to the intracellular context of the cell instead of cell culture

metabolite levels (improving on the previously used method)

7. The mathematical model includes two genes that are characteristic of early
and late osteogenic differentiation: the runt related transcription factor 2
(Runx2) and osteonectin.

4.3. Recommendations for future directions

While researching the subject of this thesis, several weaknesses that

require further effort or inquiry have been uncovered.

Simulation speed

Although the mathematical model presented in Chapter 3 of this thesis is
flexible and accurate, the current computer implementation renders the code too
slow for model-based optimization, unless a powerful computational cluster is

available and used for calculations.

Future efforts may improve computational efficiency by coding the
mathematical model using a lower-level programming language, such as C++ or
Fortran. Alternatively, a modeling language (such as g°PROMS) may be used to
similar effect — this approach was considered for the mathematical model in this

thesis as well, but its implementation has been unsuccessful up to this point.

Another option that may be feasible under some scenarios would be to

reduce the complexity of the model. Despite being a reasonable research focus,
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completing this task successfully is challenging and might be impossible to

achieve without reducing the model’s flexibility, accuracy, or both.

Integration of computational fluid dynamics in the bioreactor model

The most complex of the mathematical models introduced in this thesis
integrates the phenomena that occur at the cell, bead, and reactor scales within
a biological reactor. The most comprehensive approach for reactor modeling
includes computational fluid dynamics (CFD) to simulate fluid flows during
dynamic bioreactor operation. Many such (CFD) modeling and simulation studies
have been published in scientific literature, including for models of bioreactors.
However, no studies that integrate multiple geometrical scales while using CFD
seem to exist, and this is likely because of the complexity of such models and the
long duration of the individual simulations. Researching the reactor scale
integrated with the cellular and bead-scale phenomena is a logical continuation

of the current thesis.

Investigation of other differentiation protocols and cell sources

The mathematical model presented in this thesis is accurate and offers
significant flexibility and modularity. However, the set of 3 differentiation states
that were included in the description of osteogenesis is based on the phenotypic
changes (intracellular metabolism) observed in mesenchymal stem cells treated

with dexamethasone as the osteogenic differentiation agent.

Although mesenchymal stem cells (MSCs) are a suitable and reliable
starting point for osteogenic differentiation processes, multiple differentiation
protocols exist, involving MSCs as well as other stem cell types (such as
pluripotent stem cells). To make the model more general, other cell sources and
cell types should be researched, and the modeling approach should attempt to
identify patterns and common ground between the various experimental

methods.
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Appendix A.Estimation results for
the important parameters of the
well plate model and their

confidence intervals

Table A.1. Estimated values of the important parameters that were identified using

global sensitivity analysis and their confidence intervals

Parameter Confidence intervals
name Nominal value 90% 95% 99%

Kaecay 1.85 0.827394 0.994523 1.33507

Kpna Runx2 117.0355 8.39000 10.0847 13.5380

Kpnaosteonectin 0.3953 0.0694921  0.0835291 0.112132

W Runxz2 0.2775 0.173551 0.208608 0.280041
kS 0.19 0.0427088  0.0513357  0.0689145
kirr 35 4.50081 5.40996 7.26248
e s 5.25107'®  4.1682.107'° 5.0101-107"°  6.7257-10°"°
E{MSE) 400 65.1075 78.2588 105.057
EPRE) 80 19.7698 23.7633 31.9004
keat,2 22.66 2.71351 3.26163 4.37850
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Appendix B.Convergence of
sensitivity analysis for well-plate
parameters
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Figure B.1. Convergence plot of global sensitivity analysis for well-plate parameters,
when the analyzed response is the total cell count
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Figure B.2. Convergence plot of global sensitivity analysis for well-plate parameters,
when the analyzed response is the osteoblast-only cell count
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Appendix C.Statistical significance
of experimental measurements for
gene expression during
osteogenesis in well plates

This appendix presents experimental measurements of gene expression

for well-plate cultures, together with statistical significance markers.
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Figure C.1. Experimental measurements for Runx2 expression during osteogenesis of
mesenchymal stem cells in well-plate cultures, with statistical significance markers; the
capital letter D on the horizontal axis denotes the day of the measurement
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Figure C.2. Experimental measurements for osteonectin expression during
osteogenesis of mesenchymal stem cells in well-plate cultures, with statistical
significance markers; the capital letter D on the horizontal axis denotes the day of the
measurement
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Appendix D.Convergence of
sensitivity analysis for bioreactor
parameters

This appendix includes plots of the total sensitivity indices of the
parameters included in the global sensitivity analysis for the bioreactor model
presented in Chapter 3. Figure D. shows the complete history of sensitivity index
values, while Figure D.2 only shows index values calculated using between
10,000 and 14,000 simulations.
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Figure D.1. Convergence plot of global sensitivity analysis for bioreactor parameters
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For the figures included in this appendix the values on the horizontal axis
indicate the number of simulations that were used in the calculation of (sensitivity

index) values plotted on the vertical axis.
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Figure D.2. Convergence plot for global sensitivity analysis showing only the last 4,000
iterations (out of 14,000 in total)

125



