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Abstract

The increasing complexity of clinical and biological effects of multimodality thera-
pies often results in substantial challenges to the clinical and preclinical development
of novel therapeutic drugs. Mathematical modelling that is informed by experimen-
tal data can aid in understanding and studying the multiple (nonlinear) therapeutic
effects and responses of these drugs, which can assist in the preclinical design
and development, and its clinical implementation. The multiscale complexity of
cancer necessitates the adoption of a multiscale approach, incorporating appropriate
mechanisms to obtain meaningful and predictive mathematical models to study the
therapeutic effects and outcomes.

DNA damage occurs thousands of times per cell per day. The DNA damage
response (DDR) is responsible for detecting and repairing DNA damage. The DDR
pathways can be exploited for anti-cancer treatments. DDR inhibitor drugs can be
used to cause certain pathways to stop working, which enhances cancer growth
inhibition and/or death. The ataxia-telangiectasia and Rad3-related (ATR) inhibitor
ceralasertib and the poly (ADP-ribose) polymerase (PARP) inhibitor olaparib have
shown synergistic activity, in vitro, in the FaDu ATM-KO cell line. Experimental
data has shown that when combined, lower doses of the drugs for shorter treatment
times can induce greater toxicity in cancer cells compared to using either drug as a
monotherapy.

Here, we develop biologically-motivated mathematical models that include the
cell cycle-specific interactions of both ceralasertib and olaparib to: (1) explore the
prominence of each cell cycle-specific drug interaction, (2) find optimal doses of
ceralasertib and olaparib in combination, and (3) study the competition for space
between drug-sensitive and drug-resistant cancer cells that are subjected to DDR
inhibitor drugs. These models are implemented using both deterministic ordinary
differential equation (ODE) models and a stochastic agent-based model (ABM) and
are parameterised and evaluated against in vitro data.
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additive, or synergistic respectively. Note that the colour bars are

different in Figures (a)-(d). . . . . . . . . . . . . . . . . . . . . . . . . 78

5.3 The combination indices (CIs) for Model MC can deduce synergis-

tic drug doses. The top row shows the synergy of efficacy CI values

using (a) Bliss and (b) HSA. The bottom row shows the synergy of

potency CI values using (c) Loewe and (d) LSD. The CI values can be

less than 1 which represents synergy (blue), or greater than 1 which

represents antagonism (yellow). . . . . . . . . . . . . . . . . . . . . . 79

5.4 The Pareto optimal solutions are the values for which you cannot

improve the output of one reference model without making the

result of the second reference model worse. The Pareto fronts for

Model MC are displayed in red in all four criterion spaces, with

combinations that are not Pareto optimal in blue. The top row shows

the Bliss model (SoE) and the bottom row shows HSA (SoE). The

left column shows Loewe (SoP) and the right column shows LSD

(SoP). Each scatterplot displays the CI values of the given reference

models. Note that CI values less than one correspond to synergistic

drug combinations. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 81
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5.5 The drug doses of ceralasertib and olaparib that are Pareto optimal

using the four reference models can inform optimal doses for

experimental validation. Figures show the drug doses of ceralasertib

(horizontal axes) and olaparib (vertical axes) of the Pareto optimal

combinations. (a)-(d) The top row shows the Bliss model (SoE) and

the bottom row shows HSA (SoE). The left column shows Loewe (SoP)

and the right column shows LSD (SoP). (e) The number represents the

number of criterion spaces that the combination is a Pareto optimal,

i.e., a "4" indicates that this combination is Pareto optimal in all

four criterion spaces. The red dots show the combinations used in

experimental data 2. In Figures (a)-(e), the heatmap in the background

shows the total growth inhibition of the combination compared to

giving no drug (calculated by equation 5.1). . . . . . . . . . . . . . . 82
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6.1 The ABM is parameterised and evaluated against in vitro experimental

data 2. (a) In the ABM, cells can be in undamaged and cycling (green nodes)

or damaged and/or non-cycling (red nodes) cell cycle states. Cells can

progress through the undamaged states (G1, S, and G2/M) and damaged

states (SD, NC). Cell-crowding may also cause cells to enter the additional

G0 state that represents quiescent cells. Each cell in the ABM has an individ-

ual cell cycle clock that tracks its progression through the cell cycle. Cells

in state SD experience DNA replication stress and cells in state NC have

irreparable DNA damage. p and q represent drug-dependent probabilities

that a particular path will be chosen at a fork. The PARPi inhibits cells from

progressing from state G1 to S. The green path represents DNA damage

repair, which is inhibited by both the ATRi and the PARPi. The time and

drug dependencies of the parameters in (a) have been omitted for ease

of presentation. (b) The parameter vB, which denotes the neighbourhood

order in which daughter cells can be placed in the ABM, is calibrated from

the in vitro data. Other parameter values are read from the in vitro data

and mapped from the compartment model. The plots show simulated and

experimental cell confluency over 310 hours for various dose combinations

of the ATRi and PARPi. Training data is used to estimate vB (plots I-V) and

test data is used to evaluate the model (plot VI). The solid curves represent

the simulation results from the ABM. The dashed curves represent the

mean in vitro data, with the standard error of the mean for 3 experiments

indicated with error bars. . . . . . . . . . . . . . . . . . . . . . . . . . . 89
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6.2 Daughter cells are placed using both von Neumann and Moore

neighbourhoods to achieve circular-like growth of the cancer cells.

If vB = 3, when a parental cell divides, a daughter cell gets placed

in the 1st, 2nd, or 3rd O.N of the parental cell using either (a) the

von Neumann neighbourhood or (b) the Moore neighbourhood. The

numbers in the figure indicate the order of the neighbourhood and P

indicates the parental cell. (c) Every time a cell divides in the ABM,

the choice of von Neumann neighbourhood or Moore neighbourhood

is randomly selected to achieve a circular-like growth of the cells. . . 91

6.3 In the cell crowding limited ABM, cells are initiated in (a) single-

cell clusters, (b) multi-cell clusters, or (c) monoclusters. In (a,b,c),

we seed P0 cells on the lattice, where 0.7P0 cells are drug-sensitive

(orange) and 0.3P0 cells are drug-resistant (purple). The example

snapshots in (a,b,c) are taken when the total cell counts have reached

the critical value P∗ which is chosen stochastically and determines

when drugs should be applied. . . . . . . . . . . . . . . . . . . . . . . 97
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6.4 A consistency analysis is performed to decide how many in sil-

ico simulations are needed to make conclusions from the ABM

to mitigate any model uncertainty arising from intrinsic-model

stochasticity. The figure shows the maximal scaled Â-measures

(vertical axis) for different distribution sizes (horizontal axis) relating

to two output variables: the cell confluency for 0.3µM ceralasertib

and 0.2µM olaparib half-way through (X1) and at the end of the

simulation (X2). We generate distribution groups each comprising

20 distributions, i.e., 20 simulations of size d. To see how equal

two distributions are, the Â-measures are calculated by comparing

distributions 1 and k′ for our chosen output variables, where k′ =

2, 3, . . . , 20. Each Â-measure produces a value between 0 and 1,

where a value of 1 means the first distribution group is stochastically

greater and a value of 0 means the second distribution group is

stochastically greater. To omit which of the distributions are greater,

and see only how equal the two distributions in question are, we

scale these Â-values to generate values between 0.5 and 1. We then

take the maximum value in each group to get the maximum scaled

Â-measure. We seek the smallest d that produces a small statistical

significance, i.e., scaled Â-values below the green line. Scaled Â-

values between the green and orange line have a medium stochastic

significance and scaled Â-values between the orange and red lines

have a large stochastic significance. . . . . . . . . . . . . . . . . . . . 101
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6.5 Cells that are resistant to an ATRi (ceralasertib) and a PARPi (olaparib)

compete for spatial resources with drug-sensitive cells. P0 cells are

randomly seeded on the lattice in single-cell clusters (a,d), multi-cell clusters

(b,e), or monoclusters (c,f), with either 0.1P0 (a,b,c) or 0.3P0 (d,e,f) drug-

resistant cells. Simulations are performed with no drugs (top row in each

panel a-f), ceralasertib monotherapy (left column of the treatment section

in each panel a-f), olaparib monotherapy (middle column of the treatment

section in each panel a-f), and combination therapy (right column of the

treatment section in each panel a-f) for high (middle row in each panel

a-f) and low (bottom row in each panel a-f) doses. Examples of initial and

final simulation snapshots are shown in each panel a-f with drug-sensitive

(orange) and drug-resistant (purple) cells. Panels a-f also include plots of

the dynamic mean fraction of drug-sensitive (orange) and drug-resistant

(purple) cells, and standard deviations (dashed curves) from 100 simulation

runs. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 102

6.6 Cells that are resistant to an ATRi (ceralasertib) compete for spatial

resources with drug-sensitive cells. P0 cells are randomly seeded on

the lattice in single-cell clusters (a,d), multi-cell clusters (b,e), or mono-

clusters (c,f), with either 0.1P0 (a,b,c) or 0.3P0 (d,e,f) drug-resistant cells.

Simulations are performed with no drugs (top row in each panel a-f),

ceralasertib monotherapy (left column of the treatment section in each panel

a-f), olaparib monotherapy (middle column of the treatment section in each

panel a-f), and combination therapy (right column of the treatment section in

each panel a-f) for high (middle row in each panel a-f) and low (bottom row

in each panel a-f) doses. Examples of initial and final simulation snapshots

are shown in each panel a-f with drug-sensitive (orange) and drug-resistant

(purple) cells. Panels a-f also include plots of the dynamic mean fraction

of drug-sensitive (orange) and drug-resistant (purple) cells, and standard

deviations (dashed curves) from 100 simulation runs. . . . . . . . . . . . 103
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6.7 Cells that are resistant to a PARPi (olaparib) compete for spatial resources

with drug-sensitive cells. P0 cells are randomly seeded on the lattice

in single-cell clusters (a,d), multi-cell clusters (b,e), or monoclusters (c,f),

with either 0.1P0 (a,b,c) or 0.3P0 (d,e,f) drug-resistant cells. Simulations

are performed with no drugs (top row in each panel a-f), ceralasertib

monotherapy (left column of the treatment section in each panel a-f), ola-

parib monotherapy (middle column of the treatment section in each panel

a-f), and combination therapy (right column of the treatment section in each

panel a-f) for high (middle row in each panel a-f) and low (bottom row in

each panel a-f) doses. Examples of initial and final simulation snapshots

are shown in each panel a-f with drug-sensitive (orange) and drug-resistant

(purple) cells. Panels a-f also include plots of the dynamic mean fraction

of drug-sensitive (orange) and drug-resistant (purple) cells, and standard

deviations (dashed curves) from 100 simulation runs. . . . . . . . . . . . . 104

6.8 The spatial organisation of cells with and without treatment. In

(a-i), we seed a total number of P0 cells on the lattice, where 0.7P0

cells are drug-sensitive (orange) and 0.3P0 cells are drug-resistant

(purple). Cells are seeded in single-cell clusters (a,d,g), multi-cell

clusters (b,e,h), or monoclusters (c,f,i). Simulations are performed

with no drugs (top row in each panel a-g), combination therapy (a,b,c),

ceralasertib monotherapy (d,e,f), and olaparib monotherapy (g,h,i)

for high (middle row in each panel a-i) and low (bottom row in each

panel a-i) doses. Examples of initial and final simulation snapshots

are shown in each panel. . . . . . . . . . . . . . . . . . . . . . . . . . 105
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6.9 Drug doses and spatial cell configurations impact the dynamics

of total cell counts and the composition between drug-sensitive

and drug-resistant cells. The heatmaps show results from in silico

experiments in which drug-sensitive and drug-resistant cells coexist.

At the start of the experiments, P0 cells are seeded on the lattice, where

0.3P0 cells are resistant to both ceralasertib and olaparib. Two inputs

are varied in the simulations: (1) the number of clusters in which cells

are seeded (indicated by the horizontal heatmap axes), and (2) the

combination treatment drug doses (indicated by the vertical heatmap

axes). The results show (a) the total cell count and (b) the fraction of

drug-resistant cells at the end of the simulations. Each heatmap bin

shows the mean value of 100 simulation runs. . . . . . . . . . . . . . 107

6.10 Spatial cell configurations, drug doses, and cell doubling times

impact the dynamics of total cell counts and the composition be-

tween drug-sensitive and drug-resistant cells. At the start of the

experiments, P0 cells are seeded on the lattice, where 0.3P0 cells are

resistant to both ceralasertib and olaparib. Three inputs are varied in

the simulations: (1) the seeded cluster configurations (left, middle,

right panel), (2) the combination treatment drug doses (indicated by

the vertical heatmap axes), and (3) the mean doubling time of the

drug-resistant cells (indicated by the horizontal heatmap axes). The

heatmaps show the total cell count (top panel) and the fraction of

drug-resistant cells (bottom panel) at the end of the simulation. Each

heatmap bin shows the mean value of 100 simulation runs. . . . . . 109
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A.1 Cell death occurs at a delayed rate in Model HC (Chapter 2). The

plots show simulated and experimental cell confluency over 310

hours for various dose combinations of ceralasertib and olaparib with

(a) one, (b) two, and (c) three transit compartments to represent death

delay. Cells spend θ amount of time in each transit compartment.

Training data is used to parameterise (plot I) and test data is used to

evaluate the model (plot II) against experimental data 1. The solid

curves represent the simulation results from the compartment model.

The dashed curves represent the mean in vitro data, with standard

errors for 3 experiments indicated with error bars. . . . . . . . . . . . 139

A.2 Latin hypercube analysis is a method to see how sensitive the

model output is to global changes in parameter values. The figure

displays scatter-plots relating to the linear correlations between each

parameter in its investigated range (horizontal axes) and the model

output (vertical axes). Here, the model output is the RMSE of the cell

confluency throughout the time-course of the simulation (equation

2.10) in response to no drug treatment. . . . . . . . . . . . . . . . . . . 140

A.3 Latin hypercube analysis is a method to see how sensitive the

model output is to global changes in parameter values. The figure

displays scatter-plots relating to the linear correlations between each

parameter in its investigated range (horizontal axes) and the model

output (vertical axes). Here, the model output is the RMSE of the cell

confluency throughout the time-course of the simulation (equation

2.10) in response to 0.03 µM olaparib. . . . . . . . . . . . . . . . . . . 141
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A.4 Latin hypercube analysis is a method to see how sensitive the

model output is to global changes in parameter values. The figure

displays scatter-plots relating to the linear correlations between each

parameter in its investigated range (horizontal axes) and the model

output (vertical axes). Here, the model output is the RMSE of the cell

confluency throughout the time-course of the simulation (equation

2.10) in response to 0.3 µM olaparib. . . . . . . . . . . . . . . . . . . . 142

A.5 Latin hypercube analysis is a method to see how sensitive the

model output is to global changes in parameter values. The figure

displays scatter-plots relating to the linear correlations between each

parameter in its investigated range (horizontal axes) and the model

output (vertical axes). Here, the model output is the RMSE of the cell

confluency throughout the time-course of the simulation (equation

2.10) in response to 0.1 µM ceralasertib. . . . . . . . . . . . . . . . . . 143

A.6 Latin hypercube analysis is a method to see how sensitive the

model output is to global changes in parameter values. The figure

displays scatter-plots relating to the linear correlations between each

parameter in its investigated range (horizontal axes) and the model

output (vertical axes). Here, the model output is the RMSE of the cell

confluency throughout the time-course of the simulation (equation

2.10) in response to 0.3 µM ceralasertib. . . . . . . . . . . . . . . . . . 144

A.7 Latin hypercube analysis is a method to see how sensitive the

model output is to global changes in parameter values. The figure

displays scatter-plots relating to the linear correlations between each

parameter in its investigated range (horizontal axes) and the model

output (vertical axes). Here, the model output is the RMSE of the cell

confluency throughout the time-course of the simulation (equation

2.10) in response to 0.1 µM ceralasertib + 0.03 µM olaparib. . . . . . . 145
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A.8 Latin hypercube analysis is a method to see how sensitive the

model output is to global changes in parameter values. The figure

displays scatter-plots relating to the linear correlations between each

parameter in its investigated range (horizontal axes) and the model

output (vertical axes). Here, the model output is the RMSE of the cell

confluency throughout the time-course of the simulation (equation

2.10) in response to 0.1 µM ceralasertib + 0.3 µM olaparib. . . . . . . 146

A.9 Latin hypercube analysis is a method to see how sensitive the

model output is to global changes in parameter values. The figure

displays scatter-plots relating to the linear correlations between each

parameter in its investigated range (horizontal axes) and the model

output (vertical axes). Here, the model output is the RMSE of the cell

confluency throughout the time-course of the simulation (equation

2.10) in response to 0.3 µM ceralasertib + 0.03 µM olaparib. . . . . . . 147

A.10 Latin hypercube analysis is a method to see how sensitive the

model output is to global changes in parameter values. The figure

displays scatter-plots relating to the linear correlations between each

parameter in its investigated range (horizontal axes) and the model

output (vertical axes). Here, the model output is the RMSE of the cell

confluency throughout the time-course of the simulation (equation

2.10) in response to 0.3 µM ceralasertib + 0.3 µM olaparib. . . . . . . 148
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A.11 Three compartment models are parameterised and evaluated against in

vitro data and are visually compared for the best model fit. The plots show

the schematic of the three compartment models: (a) Model LC, (c) Model

MC, and (e) Model HC. The time and drug dependencies of the parameters

in (a,c,e) have been omitted for ease of presentation. (b,d,f) The plots show

simulated and experimental cell confluency over 310 hours for various dose

combinations of ceralasertib and olaparib. Training data is used to estimate

model parameters (plots I-V) and test data is used to evaluate the model

(plot VI with the orange borders). The solid curves represent the simulation

results from the three compartment models: (b) Model LC, (d) Model MC,

and (f) Model HC. The dashed curves represent the mean in vitro data, with

standard error of the mean for 3 experiments indicated with error bars. . . 149

A.12 The parameter vB, which denotes the neighbourhood order in

which daughter cells can be placed in the ABM, is calibrated from

experimental data 2. The plots show simulated and experimental

cell confluency over 310 hours for various dose combinations of

ceralasertib and olaparib. Training data is used to estimate vB (plots

I-V) and test data is used to evaluate the model (plot VI). We test

multiple values of vB: (a) vB = 1, (b) vB = 2, (c) vB = 3, (d) vB = 4, (e)

vB = 5, and (f) vB = ∞ The latter represents the case where cells can

divide anywhere as long as it is within the lattice boundary. The solid

curves represent the simulation results from the ABM. The dashed

curves represent the mean in vitro data, with standard errors for 3

experiments indicated with error bars. . . . . . . . . . . . . . . . . . 153
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A.13 Cells that are resistant to an ATRi (ceralasertib) and a PARPi (olaparib)

compete for spatial resources with drug-sensitive cells. P0 cells are

randomly seeded on the lattice in single-cell clusters (a,d), multi-cell clusters

(b,e), or monoclusters (c,f), with either 0.1P0 (a,b,c) or 0.3P0 (d,e,f) drug-

resistant cells. Simulations are performed with no drugs (top row in each

panel a-f), ceralasertib monotherapy (left column of the treatment section

in each panel a-f), olaparib monotherapy (middle column of the treatment

section in each panel a-f), and combination therapy (right column of the

treatment section in each panel a-f) for high (middle row in each panel

a-f) and low (bottom row in each panel a-f) doses. Examples of initial and

final simulation snapshots are shown in each panel a-f with drug-sensitive

(orange) and drug-resistant (purple) cells. Panels a-f also include plots of

the dynamic mean fraction of drug-sensitive (orange) and drug-resistant

(purple) cells, and standard deviations (dashed curves) from 100 simulation

runs. These in silico experiments are performed with no-flux boundary

conditions. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 155
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A.14 Cells that are resistant to an ATRi (ceralasertib) compete for spatial

resources with drug-sensitive cells. P0 cells are randomly seeded on

the lattice in single-cell clusters (a,d), multi-cell clusters (b,e), or mono-

clusters (c,f), with either 0.1P0 (a,b,c) or 0.3P0 (d,e,f) drug-resistant cells.

Simulations are performed with no drugs (top row in each panel a-f),

ceralasertib monotherapy (left column of the treatment section in each

panel a-f), olaparib monotherapy (middle column of the treatment section

in each panel a-f), and combination therapy (right column of the treatment

section in each panel a-f) for high (middle row in each panel a-f) and low

(bottom row in each panel a-f) doses. Examples of initial and final simulation

snapshots are shown in each panel a-f with drug-sensitive (orange) and

drug-resistant (purple) cells. Panels a-f also include plots of the dynamic

mean fraction of drug-sensitive (orange) and drug-resistant (purple) cells,

and standard deviations (dashed curves) from 100 simulation runs. These

in silico experiments are performed with no-flux boundary conditions. . . 156
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A.15 Cells that are resistant to a PARPi (olaparib) compete for spatial resources

with drug-sensitive cells. P0 cells are randomly seeded on the lattice

in single-cell clusters (a,d), multi-cell clusters (b,e), or monoclusters (c,f),

with either 0.1P0 (a,b,c) or 0.3P0 (d,e,f) drug-resistant cells. Simulations

are performed with no drugs (top row in each panel a-f), ceralasertib

monotherapy (left column of the treatment section in each panel a-f), ola-

parib monotherapy (middle column of the treatment section in each panel

a-f), and combination therapy (right column of the treatment section in

each panel a-f) for high (middle row in each panel a-f) and low (bottom

row in each panel a-f) doses. Examples of initial and final simulation

snapshots are shown in each panel a-f with drug-sensitive (orange) and

drug-resistant (purple) cells. Panels a-f also include plots of the dynamic

mean fraction of drug-sensitive (orange) and drug-resistant (purple) cells,

and standard deviations (dashed curves) from 100 simulation runs. These

in silico experiments are performed with no-flux boundary conditions. . . 157

A.16 Drug doses and spatial cell configurations impact the dynamics

of total cell counts and the composition between drug-sensitive

and drug-resistant cells. The heatmaps show results from in silico

experiments in which drug-sensitive and drug-resistant cells coexist.

At the start of the experiments, P0 cells are seeded on the lattice, where

0.3P0 cells are resistant to both ceralasertib and olaparib. Two inputs

are varied in the simulations: (1) the number of clusters in which cells

are seeded (indicated by the horizontal heatmap axes), and (2) the

combination treatment drug doses (indicated by the vertical heatmap

axes). The results show (a) the total cell count and (b) the fraction

of drug-resistant cells at the end of the simulations. Each heatmap

bin shows the mean value of 100 simulation runs. These in silico

experiments are performed with no-flux boundary conditions. . . . 158
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A.17 Spatial cell configurations, drug doses, and cell doubling times

impact the dynamics of total cell counts and the composition be-

tween drug-sensitive and drug-resistant cells. At the start of the

experiments, P0 cells are seeded on the lattice, where 0.3P0 cells are

resistant to both ceralasertib and olaparib. Three inputs are varied in

the simulations: (1) the seeded cluster configurations (left, middle,

right panel), (2) the combination treatment drug doses (indicated by

the vertical heatmap axes), and (3) the mean doubling time of the

drug-resistant cells (indicated by the horizontal heatmap axes). The

heatmaps show the total cell count (top panel) and the fraction of

drug-resistant cells (bottom panel) at the end of the simulation. Each

heatmap bin shows the mean value of 100 simulation runs. These in

silico experiments are performed with no-flux boundary conditions. 159

A.18 A consistency analysis is performed to decide how many in sil-

ico simulations are enough to draw conclusions from the ABM

to mitigate any model uncertainty arising from intrinsic-model

stochasticity. Each figure displays the Â-measures (top) and the

scaled Â-measures (bottom) for distribution sizes (a) d = 1, (b) d = 5,

(c) d = 50, (d) d = 100, and (e) d = 300. X1 represents the cell

confluency halfway through the simulation and X2 represents the cell

confluency at the end of the simulation both with 0.3 µM ceralasertib

and 0.2 µM olaparib. . . . . . . . . . . . . . . . . . . . . . . . . . . . . 160
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A.19 Drug doses and spatial cell configurations impact the dynamics

of total cell counts and the composition between drug-sensitive

and drug-resistant cells. The heatmaps show results from in silico

experiments in which drug-sensitive and drug-resistant cells coexist.

At the start of the experiments, P0 cells are seeded on the lattice, where

0.3P0 cells are resistant to both ceralasertib and olaparib. Two inputs

are varied in the simulations: (1) the number of clusters in which cells

are seeded (indicated by the horizontal heatmap axes), and (2) the

combination treatment drug doses (indicated by the vertical heatmap

axes). The results show (a) the total cell count and (b) the fraction of

drug-resistant cells at the end of the simulations. Each heatmap bin

shows the median value of 100 simulation runs. . . . . . . . . . . . . 161

A.20 Drug doses and spatial cell configurations impact the dynamics

of total cell counts and the composition between drug-sensitive

and drug-resistant cells. The heatmaps show results from in silico

experiments in which drug-sensitive and drug-resistant cells coexist.

At the start of the experiments, P0 cells are seeded on the lattice, where

0.3P0 cells are resistant to both ceralasertib and olaparib. Two inputs

are varied in the simulations: (1) the number of clusters in which cells

are seeded (indicated by the horizontal heatmap axes), and (2) the

combination treatment drug doses (indicated by the vertical heatmap

axes). The results show (a) the total cell count and (b) the fraction of

drug-resistant cells at the end of the simulations. Each heatmap bin

shows the standard deviation value of 100 simulation runs. . . . . . 162
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A.21 Drug doses and spatial cell configurations impact the dynamics

of total cell counts and the composition between drug-sensitive

and drug-resistant cells. The heatmaps show results from in silico

experiments in which drug-sensitive and drug-resistant cells coexist.

At the start of the experiments, P0 cells are seeded on the lattice, where

0.3P0 cells are resistant to both ceralasertib and olaparib. Two inputs

are varied in the simulations: (1) the number of clusters in which cells

are seeded (indicated by the horizontal heatmap axes), and (2) the

combination treatment drug doses (indicated by the vertical heatmap

axes). The results show (a) the total cell count and (b) the fraction of

drug-resistant cells at the end of the simulations. Each heatmap bin

shows the variance value of 100 simulation runs. . . . . . . . . . . . 163
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Chapter 1

Introduction

Cancer remains a leading cause of death worldwide [17, 184]. It is estimated that

half of the people born in the United Kingdom will be diagnosed with cancer at

some point in their lives [27]. Due to the heterogeneous and complex nature of

cancer, which makes certain treatments ineffective [17], only around half of those

diagnosed with cancer in England and Wales will survive for 10 or more years

after diagnosis [27]. Thus, there is a desperate need for further cancer research

to be conducted to improve treatment strategies and increase cancer survival. In

vitro and in vivo experiments have become crucial in cancer research, studying cell

growth, metastasis, drug resistance, and anti-cancer treatments [120]. However,

these studies can be costly and time-consuming. Mathematical oncology is a

growing field of research that uses mathematical and computational models to

study cancer that offers an ethical, quick, and easily adaptable way to complement

and supplement conventional experimental studies [120, 73]. These models have

been widely adopted to gain more understanding of biological cancer systems,

study optimal treatment strategies, and produce predictions on cancer progression

[73, 119, 153, 17]. They can also be used to test theories developed in laboratories

and/or clinics that are unfeasible to test in experimental settings, or even to validate

or guide experimental studies [73].
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1.1 Biological Background

To proliferate, cells must progress through the cell cycle, a process where cells

replicate and duplicate their deoxyribonucleic acid (DNA) to create two daughter

cells [91]. The cell cycle is controlled by protein kinases known as cyclin-dependent

kinases and consists of four main phases: gap 1 (G1), synthesis (S), gap 2 (G2), and

mitosis (M) [91]. Cells in the G1 phase grow and prepare for DNA replication, which

occurs in the S phase, and cells in the subsequent G2 phase prepare for cell division,

which occurs in the M phase [91] (Figure 1.1).

G1

G2

S

M

G1/S checkpoint

intra-S checkpoint

G2/M checkpoint

FIGURE 1.1: The cell cycle process based on work by O’Connor (2015). Cells progress
through the gap 1 (G1), synthesis (S), gap 2 (G2), and mitosis (M) phases. Cells must
pass the cell cycle checkpoints to progress through the cell cycle. If a damaged cell

encounters a checkpoint, it should be arrested to allow time for repair.
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1.1.1 DNA Damage

Every day, each cell in the human body faces roughly 70,000 lesions of DNA damage

[173]. DNA damage could be due to endogenous damage such as DNA replication

errors [13], oxidation damage [37], and hydrolysis [41]. Furthermore, DNA damage

could be due to exogenous damage such as sunlight [13], cigarette smoking [85], and

ionising radiation [137]. The most common form of DNA damage is single-strand

breaks (SSBs), which occur approximately 10,000-55,000 times to each cell per day

[137, 173, 84]. SSBs occur when one strand in the DNA double helix is broken

[84]. The repair of SSBs relies heavily on the family of enzymes poly (ADP-ribose)

polymerase (PARP) [129]. PARP is responsible for detecting the break, binding to

the break to avoid further damage, and then dissociating from the break to allow

for repair [83, 113, 137, 78, 162].

The most cytotoxic and difficult DNA damage to repair is double-strand breaks

(DSBs) [137], which occur around 25 times per cell, per day [173]. DSBs occur when

both strands in the DNA double helix are broken [118]. These commonly arise

during the replication process from replication errors [13]. For example, a SSB can

collide with the replication fork if not repaired before DNA replication (Figure 1.2).

This can cause the replication fork to stall or collapse, which can form single-ended

DSBs (seDSBs) [113, 83, 137, 130, 78, 12]. The homologous recombination repair

(HRR) pathway is the only pathway to accurately repair seDSBs [12, 95]. HRR works

by using the identical sister chromatid as a template for repair [44]. This means

SSBSSB ssDNA
seDSB

FIGURE 1.2: Unrepaired DNA lesions can lead to further DNA damage based on
work by Helleday et al. [79]. SSBs can collide with the replication fork if left unrepaired,

which results in seDSBs.
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that HRR is restricted to the S and G2 phases when the sister chromatid is available

[44, 18]. During the end resection stage in HRR, single-stranded DNA (ssDNA)

overhangs are formed [103, 93], which activates ataxia telangiectasia and Rad3-

related (ATR) [18, 34, 76]. Therefore, ATR is a key protein involved in the repair

of replication stress. Another common DSB repair pathway is non-homologous

end-joining (NHEJ), which operates throughout the cell cycle and works by ligating

the broken ends of the DSB without the need for a homologous template [118]. This

means that NHEJ is suitable for double-ended DSBs where the two broken ends

can easily be joined together [50]. However, since seDSBs only have one distal end,

the repair of seDSBs via NHEJ can lead to genetic rearrangements and genomic

instability [32, 40, 44].

1.1.2 DNA Damage Response

In response to DNA damage, many intracellular events are triggered to detect

and repair the damage. These cellular responses are associated with the DNA

damage response (DDR). The DDR is regulated by proteins which are responsible for

detecting DNA damage, arresting damaged cells to allow time for repair, activating

the repair mechanisms, and inducing apoptosis if the damage is too severe for repair

[76]. The DDR consists of cell cycle checkpoints, which cells must pass through to

continue through the cell cycle. The main checkpoints are the G1/S checkpoint, the

intra-S checkpoint, and the G2/M checkpoint [137] (Figure 1.1). The activation of the

cell cycle checkpoints relies heavily on the ATR and ataxia-telangiectasia-mutated

(ATM) proteins, both of which are members of the phosphoinositide 3-kinase (PI3K)

family [76, 29]. If a damaged cell encounters a checkpoint, it should be arrested to

allow time for repair [137, 157]. In cancer cells, certain aspects of the DDR tend to

be faulty [6]. For example, the proteins responsible for activating the checkpoints

may be defective, which allows DNA damaged cells to pass the checkpoints and

potentially cause deleterious mutations during replication and division, which

could cause cancer [13].
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1.1.3 DNA Damage Response Inhibitor Drugs

Many anti-cancer treatments target cells in specific phases of the cell cycle [68].

Examples of cell cycle-specific drugs are DDR inhibitor drugs, which can inhibit

specific pathways in the DDR [188]. DDR inhibitor drugs can take advantage of

cancer cells with certain DDR defects, by simultaneously deactivating their relevant

DDR pathways to maximise DNA damage [20]. These DDR deficiencies in cancer

cells can be exploited by DDR inhibitor drugs through synthetic lethality [20]. The

concept of synthetic lethality is that the loss/inhibition of two functions in the DDR

is lethal to the cell, whereas the cell can function with the loss/inhibition of either

one alone [137, 139]. One example of synthetic lethality is PARP inhibitor (PARPi)

drugs in cells with breast cancer gene (BRCA) mutations. BRCA1/2 are important

in HRR, hence, when a PARPi (such as olaparib) is given in a HRR-deficient cancer,

the PARPi generated seDSBs, which need HRR to be accurately repaired, will cause

genomic instability because other repair pathways (such as NHEJ) will repair the

damage inaccurately [22, 78, 113].

In this study, we focus on two DDR inhibitor drugs: ceralasertib and olaparib.

Ceralasertib is an ATR inhibitor (ATRi) drug that inhibits the activity of ATR. This

causes a greater reliance on other mechanisms of the DDR, such as ATM [113, 34,

76, 29]. Treatment with ceralasertib can inhibit cell cycle checkpoint activation

and the repair of DNA replication damage [113, 137, 34, 76]. This is because

ATR is important for activating the G2/M checkpoint, which prevents damaged

cells from progressing to mitosis [113, 34]. Therefore, treatment with ceralasertib

can cause genomic instability which can lead to mitotic catastrophe [113, 34, 29].

Currently, ceralasertib is used in clinical Phase I and II trials for treating advanced

solid tumours, advanced solid malignancies, and melanomas that are resistant to

programmed death-ligand 1 inhibitors [180, 9, 10]. Olaparib is a PARPi drug that

inhibits the enzymatic activity of PARP1/2. Treatment with olaparib has been shown

to trap PARP1 onto SSBs, which inhibits their repair [113, 109]. If not repaired before
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Olaparib

SSB

Cell Repair

Replication
Damage

Ceralasertib
Cell Repair

Cell Death

Replication

FIGURE 1.3: The synergy between PARP and ATR inhibitor drugs. Olaparib can
inhibit the repair of SSBs. If SSBs are not repaired before the replication process, they
can collide with the replication fork and cause replication damage. Ceralasertib can
inhibit the repair of DNA replication damage. When given in combination, ceralasertib
and olaparib can reduce the number of cancer cells that are repaired, thus increasing

the amount of cell death.

DNA replication, DNA SSBs can lead to DNA replication stress, which may cause

cell death. PARP has also been shown to contribute to DNA replication fork reversal

and stability, thus, PARP inhibition can lead to increased genomic instability [151].

Olaparib is FDA-approved for the treatment of ovarian, breast, pancreatic, and

prostate cancer [54, 53, 52, 55].

Combining ceralasertib and olaparib has demonstrated synergistic activity both in

vitro and in vivo [113]. Their combination is currently being used in Phase II clinical

trials [92, 1]. The synergy between PARP and ATR inhibitors is described in Figure

1.3 and could also be explained by them being the primary regulators of the cell

cycle checkpoints [76]. It is fairly common for diseases to have mutations in ATM

[34], which causes a greater reliance on ATR for checkpoint signalling and DNA

repair [113]. Using an ATRi in ATM-deficient cancers targets only the cancer cells

which lack ATM for signalling, while sparing the non-cancerous cells with intact

ATM function [178, 128, 113].
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1.2 Mathematical Modelling

Recently, mathematical and computational modelling approaches have been con-

sidered an effective and complementary way to study cancer progression and

anti-cancer treatments [24]. These models are able to incorporate and investigate

details such as cell proliferation, cell death, and drug interactions. By intertwining

biological data from in vitro studies, in vivo studies, or clinical trials with mathemat-

ical models, we may help limit the need for animal studies [94, 153, 154]. There exists

many databases and software for building models of cancer cell populations, some

of which are mentioned by Edelma et al. [46]. Mathematical models of cancer cell

populations provide a quick, cheap, and ethical way to investigate hypotheses that

are unfeasible to test in experimental settings [73, 153]. For example, in silico models

have been developed to study how the spatial architecture of cancer cells affects

drug treatment [168]. In silico models can also be used to study optimal dosage,

sequencing, and scheduling of anti-cancer drug treatments as monotherapies or in

combination [165]. Mathematical models have previously been used to inform

experimental and clinical studies [34, 189]. For example, Checkley et al. [34]

developed a mechanistic cell cycle model that has been used in Phase I clinical

trials to help predict efficacious starting doses of ATRi and ironising radiation alone

and in combination. Furthermore, a game theory model developed by Zhang et

al. [189] has also been used in clinical trials of prostate cancer to predict personalised

treatment strategies.

Many anti-cancer drugs are cell cycle-specific [68], which means that cells in partic-

ular phases of the cell cycle can be more sensitive to certain treatments compared to

cells in other phases. Cell cycle-specific drugs include DDR inhibitor drugs such

as ceralasertib and olaparib, which we study in this thesis. The distribution of

cells can be studied in vitro using flow cytometry, a technology that allows us to

track cell cycle progression and determine the cell cycle phases [125, 142]. In this

thesis, inspired by in vitro data, we aim to implement cell cycle dynamics into the
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mathematical models we develop and study the cell cycle phase-specific interactions

of the drugs.

There exist many modelling approaches to study cell cycle-specific drug interactions.

For example, multiscale modelling is a popular approach for modelling tumour

growth and drug effects [25, 110, 182, 42, 49]. Models that study cancer growth

include deterministic models which produce the same output each time (e.g.,

ordinary differential equation and partial differential models) and stochastic models

which produce a different output each time (e.g., agent-based models) [158, 24].

Among the various modelling approaches that exist, we focus on two: ordinary

differential equation (ODE)-based models and agent-based models (ABMs). In this

thesis, we aim to develop a data-informed ODE-based model to study temporal

dynamics and a data-informed multiscale mathematical model to incorporate

multiple scales of information in space and/or time [73].

1.2.1 ODE-Based Models

ODE-based models describe the temporal evolution of cancer cell populations

[33, 24]. For example, compartment models comprise a set of compartments

(i.e., variables) that are represented by a system of ODEs. They provide a fairly

straightforward way to implement cancer cell populations and drug interactions as

each compartment can represent the number of cells in a certain cell cycle state. For

instance, compartments can represent the cell cycle phases (G1, S, G2, M), where

cells can move between compartments via rate constants. These types of models

have been used to study the responses of cancer cell populations to monotherapies

and combinations of radiation [34], chemotherapy drugs [70, 127, 126, 114, 155, 190],

and DDR inhibitor drugs [147, 34, 155, 190].

In the early 1990s, Béla Novák and John J. Tyson started their journey of modelling

the cell cycle, now with over 40 papers on cell cycle regulation in mammalian cells

and yeast cells [38]. To control progression through the cell cycle, each cell has its
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own mechanisms [134]. Therefore, they developed a six-variable model governed

by a set of ODEs, where five variables represent protein concentrations, and one

variable represents cell mass [174, 133, 72, 145]. To determine the phase of a cell,

the authors assess the values of the proteins, and when a daughter cell is produced,

the cell mass is halved. The model developed by Tyson and Novák [174] has been

extended by Alarcón et al., who included the effects of p27, a protein which is

upregulated under hypoxic regions [3].

1.2.2 Agent-Based Models

ABMs can be utilised to describe the spatio-temporal dynamics of cancer cell

populations, which can include multiple different agents that can interact with

each other and their environment [73, 24]. For instance, an agent could represent

a cancer cell. One may create a heterogeneous population if cells exhibit different

phenotypes [77]. To control cell cycle progression, the system of ODEs presented by

Tyson and Novák [174] and Alarcón et al. [3] have been implemented into various

ABMs such as those developed by Powathil et al. [145] who studied the effects of

chemotherapy on the cell cycle and Hamis et al. [72] who studied chemotherapeutic

drug resistance in cancer. Another common way to implement the cell cycle in

ABMs is to assign each cell with a cell cycle clock where each cell spends an allotted

amount of time in each phase. ABMs that incorporate the cell cycle in this manner

can, and have been used to study treatment responses to radiation [23, 100, 152,

5], chemotherapy drugs [143], DDR inhibitor drugs [76], and hypoxia-activated

prodrugs [75] in simulated cancer cells.

Furthermore, modelling frameworks such as PhysiCell and CompuCell3D have

become a popular tool for studying the proliferation of cancer cells. PhysiCell is

an open-source physics-based cell simulator that simulates cells in 3D tissues [64,

63]. Similarly, CompuCell3D is another modelling environment that produces a

multiscale environment that uses the Cellular Potts Model to model cell behaviour

[169].
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In this thesis, we aim to develop both compartment models and ABMs which

incorporate the cell cycle-specific interactions of DDR inhibitor drugs and study

their effects on cell proliferation.

1.3 Experimental Data

In an in vitro study, Lloyd et al. [113] proposed synergy between ATR and PARP

inhibitor drugs in ATM-deficient cancer cell lines. In this thesis, we study this

synergy and investigate optimal doses of the drugs. To do so, we develop, train,

and test our mathematical models using experimental data performed by the global

pharmaceutical company AstraZeneca [113]. The data is from in vitro experiments

in which cells from the FaDu ATM-knockout (ATM-KO) cell line, an epithelial

morphology cell line derived from a human with squamous cell carcinoma, were

subjected to two DDR inhibitor drugs, namely ceralasertib and olaparib. FaDu ATM-

KO cells are ATM-deficient. Two independent repeats of the in vitro experiments

were conducted, which we will refer to as experimental data 1 (Figure 1.4) and

experimental data 2 (Figure 1.5). In the experiments, cells were plated in wells

(Figure 1.6) and exposed to different doses of ceralasertib and olaparib either alone

or in combination with one another. Cells were treated with dimethyl sulfoxide

(DMSO), a solvent commonly used as a vehicle in cell culture experiments, for the

control case when there was no drug treatment.

Cell confluency (Figures 1.4 (a) and 1.5 (a)), apoptosis activity (Figures 1.4 (b) and 1.5

(b)), and cell death activity (Figures 1.4 (c) and 1.5 (c)) were measured approximately

every 3 hours for 310 hours. Cells were co-stained with caspase 3/7 and cytotox to

measure apoptosis and cell death activity respectively. Cell confluency and fluores-

cence intensities were measured using incucyte ZOOM 2016A software developed

by Essen BioScience [87]. This software allows for real-time analysis of live cells

plated in wells, enabling the measurement of cell morphology and phenotype [87].

Cell growth was measured by the percentage of phase confluency, i.e., how much
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FIGURE 1.4: Experimental data 1. The in vitro experiments measured (a) cell confluency
(%), (b) apoptosis activity, (c) cell death activity, (d) the percentage of cells in the G1
phase, (e) the percentage of cells in the S phase, (f) the percentage of cells in the G2/M
phase, and (g) the percentage of cells in that are γH2AX positive. In (a)-(g), plots (I)
represent no drug treatment, plots (II) represent ceralasertib monotherapy, plots (III)
represent olaparib monotherapy, and plots (IV) represent combination therapy. The
cell confluency displays the mean with standard error of the mean for 3 experiments
indicated with error bars. The mean fluorescence levels of caspase 3/7 and cytotox
were normalised to total cell confluency to measure apoptosis and cell death activity

respectively.
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FIGURE 1.5: Experimental data 2. The in vitro experiments measured (a) cell confluency
(%), (b) apoptosis activity, (c) cell death activity, (d) the percentage of cells in the G1
phase, (e) the percentage of cells in the S phase, (f) the percentage of cells in the G2/M
phase, and (g) the percentage of cells in that are γH2AX positive. In (a)-(g), plots (I)
represent no drug treatment, plots (II) represent ceralasertib monotherapy, plots (III)
represent olaparib monotherapy, and plots (IV) represent combination therapy. The
cell confluency displays the mean with standard error of the mean for 3 experiments
indicated with error bars. The mean fluorescence levels of caspase 3/7 and cytotox
were normalised to total cell confluency to measure apoptosis and cell death activity

respectively.
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FIGURE 1.6: Cells are plated in wells in the in vitro experiments. An example of a
96-well plate.

area is covered with cells. Apoptosis was measured by mean fluorescence levels of

active caspase 3/7 and the total number of dead cells in the well was measured by

mean fluorescence levels of cytotox. This means that cells stained with caspase 3/7

and cytotox are undergoing apoptosis or cell death respectively, and cells not stained

with these markers are not. Measuring apoptosis and cell death via fluorescence

intensities means that the values correspond to the number of apoptotic cells/dead

cells at the specific measurement point. Consequently, these values may not be

cumulative. Experimental data 1 and 2 show significant variability. For instance,

cells reach 100% cell confluence in experimental data 2 with no drug treatment

(Figure 1.5 (a)), but they only reach 80% cell confluence with no drug treatment in

experimental data 1 (Figure 1.4 (a)).

The experimental data also includes two independent repeats of EdU pulse-chase

experiments, which track the progression of cells through the cell cycle phases over

24 hours. This data measured the percentage of cells in G1 (Figures 1.4 (d) and 1.5

(d)), S (Figures 1.4 (e) and 1.5 (e)), and G2/M (Figures 1.4 (f) and 1.5 (f)). It also
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measured how many cells are γH2AX positive (Figures 1.4 (g) and 1.5 (g)), a marker

of DNA damage [163, 113].

1.4 Thesis Outline

This thesis aims to develop mathematical models to:

1. Investigate the prominence of each cell cycle-specific drug interaction of

ceralasertib and olaparib.

2. Find their potential optimal doses in combination.

3. Study the competition for space between drug-sensitive and drug-resistant

cancer cells that are subjected to DDR inhibitor drugs.

To do so, we parameterise and evaluate our mathematical models against in vitro

data (Section 1.3) [113].

In this thesis, we develop two compartment models, which we name high-complexity

(Model HC) and medium-complexity (Model MC). We have chosen the term com-

plexity to compare the mathematical models in terms of intricacy, number of

compartments, and number of parameters. We first develop a compartment model

with, Model HC, that is discussed in Chapter 2. This model is calibrated and

evaluated against experimental data 1 (Section 1.3) and is used to investigate

the temporal dynamics of a cancer cell population. We study the interactions

of ceralasertib and olaparib and how the omission of each drug effect impacts the

proliferation of the simulated cancer cell population. We also use this model to

explore new combinations of the DDR inhibitor drugs to maximise cytotoxicity. In

Chapter 3, we conduct a local and global sensitivity analysis to study how sensitive

the output of Model HC is to perturbations in the parameter values.

To study the spatial competition and the interplay between drug-sensitive and

drug-resistant cancer cells, we map a compartment model onto an ABM which can
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investigate the spatial and temporal dynamics of cancer cell populations. Moreover,

informed by the results of the sensitivity analyses and the need for a simplified

model to map to the ABM, we simplify Model HC to Model MC to reduce the

number of parameters. Details of the model simplification can be found in Chapter

4. This model is calibrated and evaluated against experimental data 2 (Section 1.3).

In Chapter 5, Model MC is used to investigate the synergy between ceralasertib and

olaparib using four reference models for synergy (Bliss, Highest-single agent (HSA),

Loewe, and Lowest-single dose (LSD)) that determine if a drug combination dose is

synergistic or not. We then use four criterion spaces that pair the reference models

(Loewe-Bliss, LSD-Bliss, Loewe- HSA, and LSD-HS), which we use to investigate

Pareto optimal doses that are deemed optimal on all four criterion spaces.

Lastly, in Chapter 6, we map Model MC onto a 2-D on-lattice ABM and introduce

drug-resistant cancer cell populations. This model is calibrated and evaluated

against experimental data 2 (Section 1.3) and is used to investigate the temporal and

spatial dynamics of cancer cell populations. We study how treatment responses are

impacted by: (i) differently seeded spatial configurations of the cells on the lattice,

(ii) the initial fraction of drug-resistant cells, (iii) the drugs to which the cells are

resistant, (iv) drug treatments (i.e., monotherapies and combinations of the drugs),

(v) drug doses, and (vi) the doubling time of drug-resistant cells in relation to the

doubling time of drug-sensitive cells.

Overall, our objective is to study treatment responses to combinations of ceralasertib

and olaparib, considering scenarios both with and without the involvement of drug

resistance and spatial competition.
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Chapter 2

Compartment Model: Investigating

Temporal Dynamics

2.1 Introduction

The ATR inhibitor drug ceralasertib and the PARP inhibitor drug olaparib are both

cell cycle-specific drugs that target cells in specific phases of the cell cycle [113, 137,

109, 151]. Experimental studies have observed synergy between ceralasertib and

olaparib [113]. Indeed, in vitro studies observed that these drugs can be combined

with lower doses and for shorter treatment periods to induce greater or equal

toxicity in cancer cells compared to using either drug as a single agent [113]. In

this work, our focus is to explore the effects of these drugs in combination. We

investigate which drug effects exert the most significant growth inhibition of cancer

cell populations to gain a better understanding of the drugs. Furthermore, we

study new combination doses of ceralasertib and olaparib which could potentially

optimise cytotoxicity.

One way to study drug interactions and to explore new drug combinations is

through mathematical modelling. Recently, Checkley et al. [34] developed a math-

ematical model of the cell cycle to study the effects of ceralasertib alone and in

combination with ionising radiation. The authors calibrated their model to a
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human colon carcinoma cell line and then translated the model into a tumour

growth model developed by Evans et al. [51]. The translated model simulated time

series tumour growth following treatment and was compared to in vivo mouse

xenografts. The model was used to inform clinicians of the efficacious starting

doses for Phase I clinical trials of ceralasertib monotherapy and in combination

with ionising radiation. Similarly, Miao et al. [126] developed mathematical models

of the cell cycle which were used to study the chemotherapy drugs gemcitabine

and trabectedin as monotherapies and in combination. The model was fitted to

multiple in vitro cell lines and was able to capture the different cell line-specific

drug interactions. They used these models to study the effects of the drugs on

the cell cycle and identified that gemcitabine targets cells in the S phase, whereas

trabectedin targets cells in the S and G2/M phases.

Motivated by these previous mathematical models, we develop a biologically

motivated compartment model with high complexity (HC), which we call Model

HC. The mathematical model considers the cell cycle-specific interactions of the

DDR inhibitor drugs, ceralasertib and olaparib (Section 2.2.1). In the model, each

drug targets cells in multiple cell cycle phases. We explore the model with and

without these drug effects to investigate which effects have the most effect on

the total growth inhibition of simulated cancer cells (Section 2.3.1). After careful

model selection, the model is calibrated (Section 2.3.2) and compared (Section 2.3.3)

to experimental data 1 (Section 1.3) obtained from our collaborators AstraZeneca.

Furthermore, we use this model to investigate new doses of ceralasertib and olaparib

in combination, which have not been studied in vitro (Section 2.3.4). This can be

potentially helpful in exploring optimised drug dosage and delivery.

2.2 Model and Method

Inspired by the models developed by Checkley et al. [34] and Miao et al. [126] and

the need for an updated model to study the effects of ceralasertib and olaparib as
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monotherapies and in combination, we develop an extended model by considering

relevant biological interactions of ceralasertib and olaparib. The simulations of the

model are implemented in MATLAB and the parameters have been estimated using

a non-linear least squares method [108], which calibrates the mathematical model to

experimental data 1 (Section 1.3) provided by AstraZeneca [113]. We use the model

to study the changes in cancer cell populations over time in response to ceralasertib

and olaparib.

2.2.1 Temporal Cell Population Dynamics: A Compartment Model

2.2.1.1 Modelling the Cell Cycle

The compartment model describes a population of asynchronous cancer cells

progressing through the cell cycle. We study the growth of cancer cells in response

to the DDR inhibitor drugs ceralasertib and olaparib, both of which are cell cycle-

specific drugs. Hence, the model compartments represent cell cycle phase states. A

schematic representation of the model is shown in Figure 2.1. The green nodes in

Figure 2.1 represent undamaged cell cycle states, namely, the gap 1 (G1) state, the

synthesis (S) state, and the combined gap 2/mitosis (G2/M) state. These states are

taken from the biological cell cycle, where cells in the G1 phase prepare for DNA

replication, which occurs in the S phase, and cells in the G2 phase prepare for cell

division, which occurs in the M phase [91]. The red nodes in Figure 2.1 represent

cells with DNA damage, which can occur during the S phase (SD) and the G2/M

phase (G2D). Cells are at high risk of becoming DNA damaged during the DNA

replication process (e.g., from DNA replication errors [13]). In the model, state SD

represents cells with DNA replication stress [34], which is assumed to be mainly

single-ended DSBs (seDSBs) from unrepaired SSBs. State G2D does not represent a

specific type of DNA damage, but we assume that it will be mainly attributed to

errors after DNA replication and unrepaired/incorrectly repaired DNA damage

from state SD. The red cross in Figure 2.1 represents cell death via apoptosis, which
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2 5 1 −

Ceralasertib Olaparib

+ Olaparib

+ Ceralasertib

G1 S G2/M

SD G2D

ƮƟ

FIGURE 2.1: The high-complexity compartment model (Model HC). In Model HC,
cells can be in undamaged and cycling cell cycle states (green nodes), damaged and
non-cycling cell cycle states (red nodes), or a dead state (red cross). Cells can progress
through the undamaged states (G1, S, and G2/M) and damaged states (SD and G2D).
Cells in state SD experience DNA replication stress and cells in state G2D are cells with
damage in the G2/M phase. Cells can die via apoptosis and progress to state D (red
cross). The paths show the transitions between states where ki, i = 1, . . . , 8 are rate
constants. p and q represent probabilities that a particular path will be chosen at a
fork. N(t) = [G1](t) + [S](t) + [SD](t) + [G2/M](t) + [G2D](t) + [D](t) is the total
number of cells in the system (alive and dead) and CHC is the carrying capacity. The
green paths represent DNA damage repair, where ceralasertib inhibits repair of cells in
state SD and olaparib inhibits the repair of cells in state G2D. Also, olaparib increases
the number of cells that progress to state SD from state G1 and ceralasertib releases
cells from state G2D to state D. A1 is a time-dependent rate constant that represents

delayed cell death caused by ceralasertib, where θ represents the delay time.

we call state D. Cells in state D remain there for the duration of the simulation and

can no longer progress through the cell cycle [34].

Cells in the model progress through the compartments (i.e., the cell cycle states) via

paths that are associated with rates. Cells leave state G1 at a rate of k1 and enter

the S phase with DNA damage (state SD) at a rate proportional to the probability

p or without damage (state S) at a rate that is proportional to 1 − p. Cells in state

SD can be repaired at a rate k3, which is represented by the transition from state

SD to S. We assume that cells in state SD can directly enter state G2D at a rate k6
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because cells highly depend on the G2/M checkpoint after exposure to increased

DNA damage during replication [137]. Ataxia-telangiectasia-mutated (ATM) is

needed for homologous recombination repair (HRR) signalling and counteracting

seDSB repair via non-homologous end-joining (NHEJ). When HRR is delayed due

to ATM deficiency, more cells with seDSBs will be repaired via NHEJ, which can

cause aberrant chromatid fusions and cell death [12, 113]. We assume that cells in

the model are ATM-deficient and cells in state SD are cells with seDSBs. Hence,

cells can transition from state SD to G2D because cells in state SD are likely to be

repaired via NHEJ. If cells are not repaired from the SD state, they can be removed

from the cell cycle and enter state D at a rate of k4.

Cells leave the undamaged S state at a rate of k2. However, damage can occur at

any stage in the cell cycle, so we assume that cells can directly enter state G2D

from the state S at a rate that is proportional to the probability q. Similarly, cells

can transition from state S to G2/M at a rate that is proportional to 1 − q. Cells in

state G2D can be repaired at a rate of k7. The G2/M checkpoint is responsible for

repairing any damaged cells before they enter mitosis [137, 166]. Therefore, in the

model, the repair of cells in state G2D is represented by the transition from state

G2D to G2/M. If cells in state G2D are not repaired, we assume that cells can die via

mitotic catastrophe [113, 34, 29]. Hence, in the absence of drugs, cells in the model

can be removed from the system and progress to state D at a rate of k8.

To incorporate the in vitro scenario where the growth is limited by space availability,

the cells in the model divide at a rate k5 that is proportional to a logistic growth

rate,
(

1 − N(t)
CHC

)
. Here, k5 is the rate of cells leaving state G2/M, N(t) = [G1](t) +

[S](t) + [SD](t) + [G2/M](t) + [G2D](t) + [D](t) is the total number of cells in the

system (alive and dead), and CHC is the carrying capacity [126]. We assume that

dead cells are not removed from the system in the time frame of interest so they still

take up space. Also, we assume that dead cells represent cell debris from cells that

are dying and therefore do not contribute to the cell confluency.
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Following Figure 2.1, the mathematical model is described by a system of ODEs,

where each dependent variable [y] represents the number of cells in compartment

y. The mathematical model for the case with no drug treatment can be written as

equations (2.1a)-(2.1f):

d[G1](t)
dt

= 2k5

(
1 − N(t)

CHC

)
[G2/M](t)− k1[G1](t), (2.1a)

d[S](t)
dt

= k1(1 − p)[G1](t)− k2[S](t) + k3[SD](t), (2.1b)

d[G2/M](t)
dt

= k2(1 − q)[S](t)− k5

(
1 − N(t)

CHC

)
[G2/M](t) + k7[G2D](t), (2.1c)

d[SD](t)
dt

= k1 p[G1](t)− k3[SD](t)− k6[SD](t)− k4[SD](t), (2.1d)

d[G2D](t)
dt

= k2q[S](t) + k6[SD](t)− k7[G2D](t)− k8[G2D](t), (2.1e)

d[D](t)
dt

= k4[SD](t) + k8[G2D](t). (2.1f)

2.2.1.2 Modelling the Effects of Ceralasertib

ATR is involved in promoting the repair of seDSBs via homologous recombination

repair (HRR) and for stabilising and restarting stalled replication forks [113]. Further-

more, ATR is significant for activating the intra-S checkpoint which is responsible

for arresting damaged cells in the S phase and delaying the replication process [113,

137]. Ceralasertib is an ATR inhibitor drug that dose-dependently inhibits the repair

of replication damage. In the model, this repair is represented by the transition to

state S from state SD, thus, increasing doses of ceralasertib decreases the value of k3

[34].

In the in vitro experiments, treatment with ceralasertib resulted in abrogation of the

G2/M checkpoint, which is responsible for preventing damaged cells from entering

mitosis [69]. Thus, ceralasertib releases cells from G2 arrest, which forces them

to undergo mitotic catastrophe [34, 113]. However, drug effects are not always

instantaneous. The combination of ceralasertib and olaparib could allow for shorter
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treatment times as it induces cell death in ATM-deficient cell lines within one to

two cell divisions [113]. Here, we assume that ceralasertib induces cell death from

state G2D. Furthermore, to incorporate the delay observed in the drug-induced

cell death, we introduce a transit compartment into the model to represent death

delay [126, 114, 127]. A1 represents a time-dependent rate at which cells leave state

G2D (equation 2.3e), where θ represents the time spent in the delay. The value of

A1 increases over time to represent delayed death, as can be observed in Figure

2.2. Although more than one transit compartment can be used without adding any

extra parameters, experimental data only warrants one transit compartment which

is implemented in this model (See Appendix A.1.1 for more details).

In the model, we include the drug effects using the sigmoid Emax equation which is

a modification of the Hill equation [80] and can be used to describe the relationship

between drug dose and effect over time, i.e., the concentration-effect relationship

[146, 66]. This equation illustrates that the drug effect increases with higher drug

FIGURE 2.2: Drug-related cell death is not always instantaneous, thus, we introduce
a transit compartment into the compartment model to represent death delay. A1
is a time-dependent rate at which cells transition from state G2D to state D (vertical
axis). The value of A1 increases over the time course of the experiment (horizontal axis).
This represents ceralasertib-related death delay. In this example, A1 is calculated via

equation 2.3e with 0.3 µM ceralasertib.
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concentrations, as shown in Figure 2.3. Ceralasertib drug effects are included using

the sigmoid Emax equation [67] and are given by:

EffectCera,1 = Imax,C ·

 ATRihC,1

IChC,1
50,C + ATRihC,1

 , (2.2a)

EffectCera,2 = Kmax,C ·

 ATRihC,2

KChC,2
50,C + ATRihC,2

 . (2.2b)

ATRi represents the concentration of the ATR inhibitor drug, ceralasertib. Imax,C

and Kmax,C represent the maximal inhibitory effect and the maximal killing effect

of ceralasertib respectively. IC50,C and KC50,C represent the concentration of cer-

alasertib resulting in half the maximal inhibitory effect and half the maximal killing

effect respectively, and lastly hC,1 and hC,2 represent the Hill coefficients.

The updated equations, incorporating the effects of ceralasertib are given by:
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FIGURE 2.3: The concentration-effect relationship illustrated by the sigmoid Emax
Equation. Here, we use the parameter values from Equation 2.2a given in Table 2.3.
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d[S](t)
dt

=k1(1 − p)[G1](t)− k2[S](t) + k3(1 − EffectCera,1)[SD](t), (2.3a)

d[SD](t)
dt

=k1 p[G1](t)− k3(1 − EffectCera,1)[SD](t)− k6[SD](t)

− k4[SD](t),
(2.3b)

d[G2D](t)
dt

=k2q[S](t) + k6[SD](t)− k7[G2D](t)− k8[G2D](t)

− [A1](t)[G2D](t),
(2.3c)

d[D](t)
dt

=k4[SD](t) + k8[G2D](t) + [A1](t)[G2D](t), (2.3d)

d[A1](t)
dt

=
1
θ
(EffectCera,2 − [A1](t)). (2.3e)

2.2.1.3 Modelling the Effects of Olaparib

Olaparib is an S phase-dependent drug [113]. Olaparib treatment inhibits the repair

of SSBs, which can collide with the replication fork and generate seDSBs [113, 83,

137, 130, 12]. Hence, when olaparib treatment is added to the model, we assume that

more cells will enter state SD rather than state S. Thus, olaparib dose-dependently

increases the value of the probability p.

It has been observed that when olaparib is given, there is an increased accumulation

of cells in the G2 phase due to cell cycle arrest [113]. Note that G2 accumulation after

olaparib treatment was also found in other cell lines [95]. We have incorporated

this into the model by assuming that the repair of cells in state G2D will be dose-

dependently inhibited by olaparib treatment.

Here, these olaparib drug effects are modelled using the sigmoid Emax equation

[67] and are given by:

EffectOla,1 = Emax,O ·

 PARPihO,1

EChO,1
50,O + PARPihO,1

 , (2.4a)
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EffectOla,2 = Imax,O ·

 PARPihO,2

IChO,2
50,O + PARPihO,2

 . (2.4b)

PARPi represents the concentration of the PARP inhibitor drug, olaparib. Emax,O

and Imax,O represent the maximal effect and the maximal inhibitory effect of olaparib

respectively. EC50,O and IC50,O represent the concentration of olaparib resulting in

half the maximal effect and half the maximal inhibitory effect respectively, and lastly

hO,1 and hO,2 represent the Hill coefficients.

The updated equations, incorporating the effects of olaparib are given by:

d[S](t)
dt

=k1(1 − p(1 + EffectOla,1))[G1](t)− k2[S](t) + k3[SD](t), (2.5a)

d[G2/M](t)
dt

=k2(1 − q)[S](t)− k5

(
1 − N(t)

CHC

)
[G2/M](t)

+ k7(1 − EffectOla,2)[G2D](t),
(2.5b)

d[SD](t)
dt

=k1 p(1 + EffectOla,1)[G1](t)− k3[SD](t)− k6[SD](t)

− k4[SD](t),
(2.5c)

d[G2D](t)
dt

=k2q[S](t) + k6[SD](t)− k7(1 − EffectOla,2)[G2D](t)

− k8[G2D](t).
(2.5d)

2.2.1.4 Modelling the Effects of Both Ceralasertib and Olaparib

The drug effects are modelled by:

EffectCera,1 = Imax,C ·

 ATRihC,1

IChC,1
50,C + ATRihC,1

 , (2.6a)

EffectCera,2 = Kmax,C ·

 ATRihC,2

KChC,2
50,C + ATRihC,2

 , (2.6b)
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EffectOla,1 = Emax,O ·

 PARPihO,1

EChO,1
50,O + PARPihO,1

 , (2.6c)

EffectOla,2 = Imax,O ·

 PARPihO,2

IChO,2
50,O + PARPihO,2

 . (2.6d)

Combining the effects of ceralasertib and olaparib, the mathematical model can be

written as:

d[G1](t)
dt

=2k5

(
1 − N(t)

CHC

)
[G2/M](t)− k1[G1](t), (2.7a)

d[S](t)
dt

=k1(1 − p(1 + EffectOla,1))[G1](t)− k2[S](t)

+ k3(1 − EffectCera,1)[SD](t),
(2.7b)

d[G2/M](t)
dt

=k2(1 − q)[S](t)− k5

(
1 − N(t)

CHC

)
[G2/M](t)

+ k7(1 − EffectOla,2)[G2D](t),
(2.7c)

d[SD](t)
dt

=k1 p(1 + EffectOla,1)[G1](t)− k3(1 − EffectCera,1)[SD](t)

− k6[SD](t)− k4[SD](t),
(2.7d)

d[G2D](t)
dt

=k2q[S](t) + k6[SD](t)− k7(1 − EffectOla,2)[G2D](t)

− k8[G2D](t)− [A1](t)[G2D](t),
(2.7e)

d[D](t)
dt

=k4[SD](t) + k8[G2D](t) + [A1](t)[G2D](t), (2.7f)

d[A1](t)
dt

=
1
θ
(EffectCera,2 − [A1](t)). (2.7g)

We also define the total number of cells that are:

in S phase : [Stot](t) = [S](t) + [SD](t), (2.8a)

in G2/M phase : [G2/Mtot](t) = [G2/M](t) + [G2D](t), (2.8b)
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damaged = [SD](t) + [G2D](t), (2.8c)

alive = [G1](t) + [S](t) + [SD](t) + [G2/M](t) + [G2D](t). (2.8d)

2.2.2 Model Parameterisation

Here, we assume that all cells are ATM-deficient and that they do not change in

size/volume throughout the duration of the in silcio experiments. In line with

the experimental data, the model simulations start with an initial cell population

of 1500 cells, and the full dose of the drugs are given at the start of the in silico

experiments. Since we are studying the case of in vitro cells, we assume that the

drug concentration is constant throughout the time course of our simulations (up to

310 hours) and no drug elimination or decay happens during this time [76].

2.2.2.1 Initial Conditions

The initial conditions of the compartments are obtained from EdU pulse-chase

experiments (Section 1.3) [113]. These experiments measure the percentage of cells

in phases G1, S, and G2/M, as well as cells that are γH2AX positive, a marker of

DNA damage [163]. We assume that cells in state SD are γH2AX positive because

cells in state SD have DNA replication stress. The initial fraction of cells in state G2D

is approximated to be the remaining fraction. We start with zero cells in the death

compartment [34]. Note that the initial concentration in the transit compartment

is A1(0) = 0. The initial fraction of cells in G1, S, G2/M, SD and G2D are given in

Table 2.1.

2.2.2.2 Model Parameters

The model parameters are estimated using the lsqnonlin function, a local non-linear

least squares method in MATLAB [108]. Using this method, we minimise the sum

of squares of the residuals between the model output, i.e., the total number of cells

in the system, and the in vitro mean cell confluency data, which was measured
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Parameter
Name

Parameter
Value

Parameter Description

G10 0.458 The fraction of cells in state G1 at the start of the
simulation.

S0 0.133 The fraction of cells in state S at the start of the simulation.
SD0 0.0157 The fraction of cells in state SD at the start of the

simulation.
G2/M0 0.0023 The fraction of cells in state G2/M at the start of the

simulation.
G2D0 0.391 The fraction of cells in state G2D at the start of the

simulation.
D0 0 The fraction of cells in state D at the start of the simulation.

TABLE 2.1: Initial conditions are estimated from in vitro experimental data 1. The
initial fraction of cells in states G1, S, SD, G2D, and G2/M are estimated from pulse-

chase data. At the start of the simulations, no cells are in the dead state (D).

approximately every 3 hours for 310 hours. Note that the in vitro data may be noisy,

however, we use the mean from three experimental repeats to measure the residuals

as a single value for each time point. In the in vitro data, we also have the standard

error of the mean (SEM) given by [107]:

SEM =
standard deviation√

sample size
. (2.9)

Here, estimations are done using a part of the data (namely, all data except

mono- and combination therapies including 0.3 µM olaparib). The estimated

parameters (given in Tables 2.2 and 2.3) are then used to compare the results of other

combinations that are not used in the calibration process. Appropriate sensitivity

analyses are performed to study these estimated parameters in Chapter 3.

To ensure a positive number of cells, we set the lower bounds of all parameters to be

zero and the upper bounds of Imax,C and Imax,O to be one. Both probability constants

p and q are bounded between zero and one. Following the experimental data and

the assumption that cells stay the same size throughout the experiment, the carrying

capacity, CHC, was estimated to be less than 100,000. To avoid cells staying in the

death delay for a prolonged amount of time, θ was bounded at 4 days. Consistent

with the upper bounds used in the model by Checkley et al. [34], all rate constants
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ki, i = 1, 2, . . . , 8 are bounded at 1.0e+06 and all hill coefficients (hO,1, hO,2, hC,1, and

hC,2) are bounded at 100. To ensure a biologically relevant concentration of each

drug, we bounded EC50,O, IC50,O, IC50,C, and KC50,C at 100. Kmax,C and Emax,O are

bounded between zero and infinity.

Parameter

Name

Parameter Value Parameter Description

k1 0.050779 (1/hour) The rate at which cells leave state G1.

k2 0.17906 (1/hour) The rate at which cells leave state S.

k3 0.39181 (1/hour) The rate at which cells leave state SD and

enter state S.

k4 1.1443 (1/hour) The rate at which cells leave state SD and

enter state D.

k5 0.060188 (1/hour) The rate at which cells leave state G2/M.

k6 0.32358 (1/hour) The rate at which cells leave state SD and

enter state G2D.

k7 2.1526 (1/hour) The rate at which cells leave state G2D

and enter G2/M.

k8 0.0010523 (1/hour) The rate at which cells leave state G2D

and enter state D.

p 0.14826 The probability that cells transition from

state G1 to SD.

q 0.45458 The probability that cells transition from

state S to G2D.

CHC 13727.7261 (cells/A) The carrying capacity in the compartment

model (Model HC).

θ 95.9914 hours The transit step time.

TABLE 2.2: Parameter values are estimated from in vitro experimental data 1. The
table displays the parameter values that are used in the compartment model (Model

HC). A denotes the area of the spatial domain in the in vitro experiment
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Parameter

Name

Parameter

Value

Parameter Description

Imax,C 0.92714 The maximal drug effect of ceralasertib inhibiting

the repair of cells in state SD.

IC50,C 5.3318 µM The concentration of ceralasertib that results in

half of Imax,C.

hC,1 5.1795 The Hill coefficient of ceralasertib inhibiting the

repair of cells in state SD.

Kmax,C 2.8866 The maximal drug effect of ceralasertib killing

cells from state G2D.

KC50,C 0.14143 µM The concentration of ceralasertib that results in

half of Kmax.C, i.e., the sensitivity constant.

hC,2 5.6103 The Hill coefficient of ceralasertib-related cell

death.

Emax,O 1.9721 The maximal drug effect of olaparib increasing p.

EC50,O 0.15942 µM The concentration of olaparib that results in half

of Emax,O.

hO,1 0.40941 The Hill coefficient of olaparib increasing p.

Imax,O 1 The maximal drug effect of olaparib inhibiting

repair of cells in state G2D.

IC50,O 0.041212 µM The concentration of olaparib that results in half

of Imax,O.

hO,2 0.10945 The Hill coefficient of olaparib inhibiting repair

of cells in state G2D.

TABLE 2.3: Drug-related parameter values are estimated from in vitro experimental
data 1. The table displays the drug-related parameter values that are used in the

compartment model (Model HC).



32 Chapter 2. Compartment Model: Investigating Temporal Dynamics

2.3 Results

2.3.1 Model Analysis: Insight Into Drug Interactions

The synergy between ATR and PARP inhibitor drugs in ATM-deficient cancers was

proposed by Lloyd et al. [113]. Both ceralasertib and olaparib exert their effects in

targeting DDR pathways at multiple points of the cell cycle [113]. Motivated by this,

the developed model incorporates the effects of these drugs at multiple points. By

removing each drug effect one at a time, we can investigate which drug effects have

the greatest impact on the growth of the cancer cell population.

We studied Model HC described in Section 2.2.1 against four alternative model

versions (labelled Version 1-4, Figure 2.4), each without an individual drug effect. To

compare the models, the model goodness of fit is assessed for each drug treatment j

using the root mean square error (RMSE), which is given by

RMSEj =

√√√√√ η

∑
k=1

(yj,k − f j(tk))2

η
. (2.10)

Here, the RMSE is calculated at each of the η experimental data time points,

where yj,k are the experimental cell confluency data points for treatment j at the

corresponding time points tk and f j(tk) are the simulation cell confluency values at

times tk for treatment j, calculated by:

f j(tk) = 100 · [G1](tk) + [S](tk) + [G2/M](tk) + [SD](tk) + [G2D](tk)

CHC
. (2.11)

Note that the in vitro data may be noisy and yj,k is equal to the mean from three

experimental repeats, so we measure the RMSE as a single value for each time point.

Further, the total RMSE of each model is calculated for all drug treatments together

is calculated by:
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Total RMSE =

√√√√√√
9
∑

j=1

η

∑
k=1

(yj,k − f j(tk))2

η
. (2.12)

Figure 2.4 shows Model HC and the four model variations that we test to estimate

the cell confluency data. Columns 1-5 in Figure 2.4 show: (1) Model HC which

includes all of the drug effects, (2) Model version 1, which is Model HC without

olaparib increasing the number of cells that progress to state SD, (3) Model version

2, which is Model HC without olaparib inhibiting the repair of cells from state

G2D, (4) Model version 3, which is Model HC without ceralasertib inhibiting the

repair of cells from state SD, and (5) Model version 4, which is Model HC without

ceralasertib-related cell death. Each model is parameterised using the non-linear

least squares function lsqnonlin on MATLAB using a part of the data with the

parameter bounds given in Section 2.2.2 [108]. The parameter values of each of these

models are given in Table 2.4.

By observing the middle and bottom rows in Figure 2.4, we see that for different

sets of parameter values, each of the model versions provides a qualitatively good

comparison with the experimental data. This shows that one could further simplify

the developed model (Model HC) by omitting some of the detailed drug actions.

This will potentially leave the other actions more prominent. Version 2 and Version

4 of the model have the highest RMSE (the value underneath each schematic in

Figure 2.4), which means that omitting these drug effects significantly impacts the

growth of the simulated cancer cell population. This illustrates the importance of

both the influence of olaparib inhibiting the repair of cells in state G2D and the

transit compartment introduced for ceralasertib-specific death delay.

For each of the five models, the model goodness of fit is assessed for each drug

treatment separately using the RMSE (equation 2.10; Figure 2.5). In this figure, the

values on the y axis refer to the normalised cell confluency percentages that are

summed over all of the data time points. A normalised RMSE value close to zero
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means that the model provides a better fit to the in vitro data at each time point,

whereas, an RMSE value close to one means the model provides a worse fit to the in

vitro data over the time course of the experiments. By comparing the individual

treatment RMSE values for each of the five models (Figure 2.5), it is hard to deduce

which model best fits the data since different models fit different treatments better.

In summary, all five models are able to satisfactorily predict the unseen time series

data. However, since Model HC gives the lowest total RMSE among all the models

(12.2405), we argue that Model HC is the most appropriate model to study cell

population dynamics in response to 0.1-0.3 µM ceralasertib and 0.03-0.3 µM olaparib.

Parameter Model HC Version 1 Version 2 Version 3 Version 4
k1 0.050779 0.050776 0.055148 0.050001 0.08564
k2 0.17906 0.6567 0.18401 0.17135 0.041513
k3 0.39181 0.0093758 1.2473 0.41375 1.3673
k4 1.1443 0.0054583 0.57106 0.21322 0.29128
k5 0.060188 0.062766 0.097768 0.069557 0.074812
k6 0.32358 0.43111 1.7469 0.41388 0.49978
k7 2.1526 1.5779 1.4393 2.3031 1324.0654
k8 0.0010523 0.25615 0.27765 0.10024 0.00011566
p 0.14826 0.54072 0.41088 0.40579 0.7596
q 0.45458 0.38494 0.30325 0.37705 0.75154
CHC 13727.7261 15830.6007 17010.369 14755.5444 12589.3397
θ 95.9914 95.9161 50.2541 95.9936 n/a
Imax,C 0.92714 0.95138 0.9984 n/a 1
IC50,C 5.3318 0.71927 2.8783e-05 n/a 0.10004
hC,1 5.1795 39.9005 2.1978 n/a 11.7832
Kmax,C 2.8866 1.2788 0.99065 2.847 n/a
KC50,C 0.14143 0.12936 0.20345 0.13427 n/a
hC,2 5.6103 6.3084 6.2309 6.2307 n/a
Emax,O 1.9721 n/a 1.1057 1.3047 1.4611
EC50,O 0.15942 n/a 0.15741 0.099947 0.14802
hO,1 0.40941 n/a 0.40721 0.35009 0.39859
Imax,O 1 1 n/a 1 0.9635
IC50,O 0.041212 0.09522 n/a 0.1044 2.4554
hO,2 0.10945 0.25487 n/a 0.27817 4.2192

TABLE 2.4: Parameter values for all model variations are estimated from in vitro
experimental data 1. The table displays the parameter values that are used in the

compartment models (Model HC and Versions 1-4).
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FIGURE 2.4: Mathematical models can give insight into drug interactions. The
figure shows five variations of Model HC to study the role of ceralasertib and olaparib
at multiple points of action. The plots show the model schematic (top row) and
the simulated and experimental cell confluency over 310 hours for various dose
combinations of ceralasertib and olaparib. The five models are parameterised and
evaluated against experimental data 1. Training data is used to estimate model
parameters (middle row) and test data is used to evaluate the model (bottom row).
The solid curves represent the simulation results from the compartment models. The
dashed curves represent the mean in vitro data, with the standard error of the mean for
3 experiments indicated with error bars. The total RMSE value is given underneath the

model schematic for each model version calculated via equation 2.12.
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FIGURE 2.5: The RMSE value calculates how well the mathematical models fit
experimental data 1. For each of the model variations (with and without certain
drug effects), the RMSE values for each drug treatment are calculated via equation
2.10 for each of the nine treatments. Here, the horizontal axis represents different
treatment combinations and the vertical axis represents the corresponding RMSE value

normalised by dividing each by the maximum RMSE value.

2.3.2 Model Calibration and Parameter Estimation

The model is first calibrated using a part of the in vitro experimental data provided

by AstraZeneca (Section 1.3) [113] using the non-linear least squares method on

MATLAB (Section 2.2.2) [108]. Populations of FaDu ATM-KO cells were exposed to

both the ATR inhibitor drug ceralasertib and the PARP inhibitor drug olaparib, both

as monotherapies and combination therapies.

Both the simulated and experimental cell confluency for the drug treatments used to

train the model are shown in Figure 2.6. We can see from this figure that Model HC

is capable of capturing the cell confluency data throughout the time course of the

experiment. Thus, in agreement with the experimental data, the model indicates that

the combination of the drugs requires lower doses and shorter treatment periods to

induce growth inhibition and death of cancer cells.
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FIGURE 2.6: The compartment model (Model HC) is parameterised by in vitro
experimental data 1. The plots show simulated and experimental cell confluency
over 310 hours for various dose combinations of ceralasertib and olaparib used to
parameterise and train the model. The solid curves represent the simulation results
from the compartment model (Model HC). The dashed curves represent the mean in
vitro data, with the standard error of the mean for 3 experiments indicated with error

bars.

2.3.3 Model Analysis: Comparing In Silico and In Vitro Results

2.3.3.1 Model Analysis: Cell Confluency Data

Here, we use the model together with the estimated parameters to simulate the

effects of 0.3 µM olaparib and both combinations using this dose (0.1 µM ceralasertib

+ 0.3 µM olaparib and 0.3 µM ceralasertib + 0.3 µM olaparib). The in silico results

are compared with the experimental data to study the performance of the model

to simulate the effects of drug combinations that were not previously used in the

estimation process. Figure 2.7 shows the in silico and in vitro comparisons of the cell

confluency over 310 hours for the doses not included in our parameter optimisation.

The model is able to satisfactorily capture the trends of the unseen time series data

(Figure 2.7). We note that the fit of the purple curve in Figure 2.7 (0.1 µM ceralasertib

+ 0.3 µM olaparib) is not as good as other unseen data. As with any biological

experiments, we do not expect an accurate prediction for every combination due
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FIGURE 2.7: The compartment model (Model HC) is evaluated against in vitro
experimental data 1. The plots show simulated and experimental cell confluency
over 310 hours for various dose combinations of ceralasertib and olaparib used to
evaluate and test the model. The solid curves represent the simulation results from the
compartment model (Model HC). The dashed curves represent the mean in vitro data,

with the standard error of the mean for 3 experiments indicated with error bars.

to the inherent complexity. It might also be due to the strong synergistic effects

of these combinations, which the model failed to capture. However, although we

are unable to fit one combination, we believe that the model is able to predict the

overall data well.

Overall, from both the estimation and comparison results, we conclude that the

combination therapies result in a lower cell confluence throughout the experiments

meaning there is more growth inhibition and cell death of cancer cells. Since the

compartment model (Figure 2.1) is able to satisfactorily predict unseen time series

data, we argue that Model HC is appropriate for our current study which aims at

modelling cell population dynamics in response to 0.1-0.3 µM ceralasertib doses

and 0.03-0.3 µM olaparib doses.
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2.3.3.2 Model Analysis: Cell Death Data

Here, we qualitatively compare the in silico results of cell death to the experimental

data provided by AstraZeneca that was measured using caspase 3/7 intensity

(Section 1.3) [113]. The experimental data shows how growth inhibition correlates

with apoptotic activity. Caspase 3/7 activity was detected earlier (within 36 hours)

after combination treatment, which implies that apoptosis is the main reason for

growth inhibition. As for single-agent treatment, caspase 3/7 activity was seen at

later time points, implying multiple rounds of cell division and/or prolonged drug

exposure were needed to produce cancer growth inhibition [113].

The experimental data shows the cells stained with caspase 3/7 at each time point,

which means that the experimental data is not cumulative compared to the in

silico model. Therefore, both the data and simulation cell death values have been

normalised between zero and one for ease of comparison. The details of caspase

3/7 and cytotox markers were not incorporated into the model, so we cannot

quantitatively compare our in silico results to the in vitro data. Instead, we show that

the mathematical model can qualitatively show the same trend as the experimental

data.

The normalised apoptosis activity from the experimental data (left column) and

from the in silico simulations (right column) are displayed in Figure 2.8. Although

the model slightly underestimates the amount of cell death after treatment with

0.1 µM ceralasertib (the data suggests a value of 0.6, whereas the simulation gives

a value of roughly 0.45), overall, the model is capable of capturing the qualitative

trends of apoptosis (Figure 2.8).

2.3.4 Model Analysis: Investigating Combination Therapy

Cancer is often targeted with multimodality treatments and here, we study the

effects of two DDR inhibitor drugs which are given in combination. When such

combinations are used to target cancer cells, it is useful to study their optimal



40 Chapter 2. Compartment Model: Investigating Temporal Dynamics
N

or
m

al
is

ed
 C

el
l D

ea
th

DMSO Data Olaparib Data

Ceralasertib Data Combination Data
DMSO Sim

Ceralasertib Sim

Olaparib Sim

Combination Sim

Time (hours)

0 20 40 60 80 100 120
0

0.5

1

0.3 M Ceralasertib + 
0.3 M Olaparib (Simulation)

0 20 40 60 80 100 120
0

0.5

1

0.1 M Ceralasertib + 
0.03 M Olaparib (Data)

0 20 40 60 80 100 120
0

0.5

1

0.3 M Ceralasertib + 
0.3 M Olaparib (Data)

0 20 40 60 80 100 120
0

0.5

1

0.1 M Ceralasertib + 
0.03 M Olaparib (Simulation)

0 20 40 60 80 100 120
0

0.5

1

0.1 M Ceralasertib + 
0.3 M Olaparib (Simulation)

0 20 40 60 80 100 120
0

0.5

1

0.3 M Ceralasertib + 
0.03 M Olaparib (Simulation)

0 20 40 60 80 100 120
0

0.5

1

0.1 M Ceralasertib + 
0.3 M Olaparib (Data)

0 20 40 60 80 100 120
0

0.5

1

0.3 M Ceralasertib + 
0.03 M Olaparib (Data)

FIGURE 2.8: The compartment model (Model HC) is evaluated against in vitro cell
death data from experimental data 1. The plots show experimental cell death (left
panel) measured by caspase 3/7 intensity and simulated total cell death (right panel)
for 310 hours for various dose combinations of ceralasertib and olaparib. All output
values are normalised between zero and one for ease of comparison. Each plot shows a
different combination dose for each drug treatment: no drug treatment (black), olaparib
monotherapy (red), ceralasertib monotherapy (blue), and combination therapy (green).

combinations, dosage, and scheduling to maximise their effects. Here, we use

the developed mathematical model, which is calibrated with experimental data



2.3. Results 41

0 50 100 150 200 250 300
Time (hours)

10

20

30

40

50

60
C

el
l C

on
flu

en
cy

 (%
)

Cell Confluency - Increasing the Olaparib 
Dose with 0.1 M Ceralasertib            

0.1 M Cera + 0.03 M Ola
0.1 M Cera + 0.3 M Ola
0.1 M Cera + 0.5 M Ola
0.1 M Cera + 0.8 M Ola

0.1 M Cera + 1 M Ola
0.1 M Cera + 1.5 M Ola
0.1 M Cera + 2 M Ola
0.1 M Cera + 5 M Ola

0 50 100 150 200 250 300
Time (hours)

10

15

20

25

C
el

l C
on

flu
en

cy
 (%

)

Cell Confluency - Increasing the Olaparib 
Dose with 0.3 M Ceralasertib

0.3 M Cera + 0.03 M Ola
0.3 M Cera + 0.3 M Ola
0.3 M Cera + 0.5 M Ola
0.3 M Cera + 0.8 M Ola

0.3 M Cera + 1 M Ola
0.3 M Cera + 1.5 M Ola
0.3 M Cera + 2 M Ola
0.3 M Cera + 5 M Ola

FIGURE 2.9: Model MC is used to investigate optimal doses of drug combinations.
The plots show the cell confluency of the new doses of olaparib given with 0.1
µM ceralasertib (left) and 0.3 µM ceralasertib (right). The dotted curves show the

combination treatments that we have experimental data for.

to investigate other combinations of ceralasertib and olaparib which were not

investigated in the in vitro experiments. Although results obtained from the

modelling studies can often guide further experimental studies, any conclusions

should be substantiated with experiments.

The experimental data shows that using both drugs in combination allowed for

lower doses of the drugs to be used for shorter treatment periods to induce growth

inhibition and cytotoxicity of cancer cells [113]. We investigate the effects on the

cell confluency when we add increasing doses of olaparib (0.5 µM, 0.8 µM, 1µM, 1.5

µM, 2 µM, and 5 µM) to the two studied doses of ceralasertib (0.1 µM and 0.3 µM).

We fix the doses of ceralasertib and vary the doses of olaparib because the model is

able to predict the three unseen time series data including including doses of 0.3

µM olaparib (Section 2.3.3).

Figure 2.9 shows the effect of combining 0.1 µM (left plot) and 0.3 µM (right plot) of

ceralasertib with the new doses of olaparib to the cell confluency over 310 hours.

As expected, increasing the olaparib dose lowers the cell confluency significantly.

This is particularly significant when we add olaparib to 0.3 µM ceralasertib (right

plot of Figure 2.9). Here, we see cell confluency values of approximately 10% (the

initial confluency), showing the cytotoxic nature of the drugs.
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In summary, the results show that using higher doses of the drugs induced cell

death and growth inhibition in a much shorter time frame. This is more significant

when olaparib is combined with higher doses of ceralasertib.

2.4 Conclusion

In this study, we develop a mechanistic model that represents cancer cells progress-

ing through the cell cycle. To account for the effects of DDR pathway inhibitor

drugs, cells can be DNA damaged or undamaged. Including every drug mechanism

into the model and the in-depth nature of the DNA damage is elusive. Therefore,

in this model, we incorporate only the main drug interactions and DNA damage.

After careful model selection to decide on which drug effects we should include

in the model, we can calibrate and validate our model. We compare the in silico

results to experimental in vitro data provided by AstraZeneca [113]. Our in silico

model results are consistent with the experimental in vitro data, which shows that

the combination of ceralasertib and olaparib induces greater or equal cytotoxicity

and growth inhibition of cancer cells at lower doses and for shorter treatment

times compared to either monotherapy. Although one could better fit the data by

calibrating the model to all treatment data at once, we decided to use only part of

the data to compare the results of the parameterised model, which allowed us to

study the model’s usefulness in simulating new drug dose combinations.

The results from well-calibrated and validated models can often guide further

experimental investigations into drug doses, effects, and combinations that can

result in a maximum effect while keeping to the tolerated levels. Therefore, we could

expand this model to investigate different sequencing and schedules of the drugs to

better get the optimal treatment strategy for cytotoxic and growth inhibitory effects

of cancer cells. However, the results from the models should be experimentally

validated before any further application. Given that Model HC includes a high

number of parameters, most of which are sought with wide intervals between their
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upper and lower bounds, using a global optimiser to find the optimal parameter

values is too time-consuming and computationally heavy. A future direction for

this model could involve optimising the parameters directly from the data. For

parameters that cannot be directly fitted from the data, we could seek narrower

bounds to reduce the computational costs and therefore make a global optimiser

possible. Furthermore, the parameter values are currently significantly different

across the five model variations (see Table 2.4 in Section 2.3.1). In the future, we

could consider globally optimising a subset of the parameters instead. This means

that certain parameters, such as the drug-specific parameters, would be consistent

throughout the five model variations.

To conclude, this deterministic model, which incorporates appropriate biological

details, is able to satisfactorily capture the quantitative nature of the cell confluency

data and the qualitative trends of the cell death data found in vitro. By doing so, we

explore a range of new combinations of ceralasertib and olaparib which increase the

growth inhibition and cytotoxicity of cancer cells.
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Chapter 3

Sensitivity Analysis

3.1 Introduction

Model HC includes a high number of parameters, which can lead to parameter

uncertainty. A higher number of parameters means that minor changes in multiple

parameter values can significantly affect the model output. This is because a

change in one parameter value can influence how other parameters affect the model

output, accentuated when more parameters are incorporated into the model. Also,

increasing the number of parameters leads to a higher risk of overfitting to the

in vitro data (see Appendix A.3.1 for an example of this). We therefore perform

sensitivity analysis (SA) to study how sensitive our model output is to changes in

the parameter values (i.e., the model inputs) [71, 159]. In other words, SA allows

us to see how parameter uncertainty can cause model output uncertainty. We can

investigate which parameters influence the uncertainty in the model output, and

which do not [74, 170]. If a parameter has no significant effect on the model output,

then the modeller can choose to fix the value of the parameter instead or even

sometimes omit the parameter all together [74, 170]. This will reduce the number of

parameters to be optimised. In Chapter 2, we studied the output of the compartment

model with and without relevant drug effects. Once the SA is performed, if some of

the incorporated drug effects show no significant impact on the model output, there

is the potential to simplify the compartment model.
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One of the simplest approaches to SA is to perform local SA [170]. This entails

assessing the model output(s) when perturbing one parameter value at a time, whilst

all other parameters remain constant [112, 170]. A more complex form of SA is global

SA, which involves assessing the model output(s) when perturbing all parameter

values simultaneously [112, 170]. In general, global SA is a lot more computationally

heavy compared to local SA. However, it enables us to see relationships between

the model parameters, which cannot be studied using local SA [112].

For the compartment model (Model HC) described in Chapter 2, we perform two

uncertainty and sensitivity analyses to investigate the uncertainty in the parameters

listed in Tables 2.2 and 2.3. We perform robustness analysis (Section 3.2) and Latin

hypercube analysis (Section 3.3), which check how sensitive the model is to local

and global parameter perturbations respectively.

3.2 Robustness Analysis

3.2.1 Method

Robustness analysis is a method of local SA that involves perturbing one parameter

value at a time, whilst keeping all other values fixed at their optimised value, and

assessing how it affects the model output [74]. Here, we take the input as each

of the 24 model parameters listed in Tables 2.2 and 2.3 and the output as the cell

confluency over 310 hours for all nine treatments (no drug, monotherapies, and

combination therapies).

For each of the input parameters, pi, i = 1, 2, . . . , 24, we investigate 10 equally

spaced values in the range of ±20% the optimised value, i.e., within the range [pi ·

0.8, pi · 1.2] [74]. We ensure that all parameter values investigated make biological

sense so that the model does not output a negative number of cells. For this reason,

the parameter values must never go below zero and parameters Imax,C, Imax,O, p,

and q must not exceed one.



3.2. Robustness Analysis 47

3.2.2 Results

For each parameter pi, we investigate 10 different values, pl
i , l = 1, . . . , 10 and assess

the model output, f j(tk, pl
i), for each treatment j and each time point tk = 0, . . . , η.

Here, the model output is the cell confluency. The results of the robustness analysis

are summarised in Figure 3.1 where, for each parameter pi, we plot the maximum

and minimum values of the model output out of the 10 investigated values of pi at

each time point. In other words, for each parameter pi, treatment j, and time point

tk, we plot the maximum model output maxl=1,...,10( f j(tk, pl
i)) and the minimum

model output minl=1,...,10( f j(tk, pl
i)).

For ease of comparison, for each treatment j and parameter pi, we calculate the total

difference between the maximum and minimum model output over the time course

of the simulation. This is calculated by:

Total Difference(j, pi) =
η

∑
k=1

(
max

l=1,...,10
( f j(tk, pl

i))− min
l=1,...,10

( f j(tk, pl
i))

)
. (3.1)

Figure 3.2 displays the total difference for each parameter and each drug treatment.

By observing Figure 3.2, we can see that perturbing the drug parameters which

relate to ceralasertib inhibiting repair from state SD to S (Imax,C, IC50,C, hC,1) has

little effect on the model output for any of the nine treatments. This is because the

maximum dose of ceralasertib in the in silico experiments is 0.3 µM, which results in

EffectCera,1 = 3.119260196 · 10−7 with the optimised parameter values. This implies

that there is little difference in the number of cells that repair from state SD to S

when given ceralasertib treatment compared to giving no drug treatment. Hence,

this drug effect is not significantly impacted by perturbing these parameter values

by ±20%. This coincides with Section 2.3.1, where there is only a little difference

between the RMSE of Model HC and model version 3 where we omit this drug

effect. Also, perturbing k8 has little effect on the model, which is unsurprising since

the optimised value of k8 = 0.0010523 is very small because most cell death from
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FIGURE 3.1: Robustness analysis is a method to see how sensitive the model output
is to local changes in parameter values. Each figure represents one parameter, pi,
i = 1, . . . , 24. We investigate 10 equally spaced values of pi within ±20% of its
optimised value. The maximum and minimum values of the cell confluency from
the 10 investigated parameter values are displayed for the time course of 310 hours.

Each colour represents a different drug treatment.
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FIGURE 3.2: Robustness analysis is a method to see how sensitive the model
output is to local changes in parameter values. We investigate 10 equally spaced
values of pi within ±20% of its optimised value. For each treatment (represented by
different colours) and each of the 24 parameters (horizontal axis), we plot the total
difference between the maximum and minimum cell confluency over the duration of

the simulation calculated by equation 3.1 (vertical axis).

state G2D is ceralasertib-related. Thus, perturbing this value by ±20% does not

significantly increase the amount of cell death from state G2D.

The parameters that are the most sensitive and have the biggest effect on the model

output are k5, p, q, CHC, and KC50,C. k5 is the rate of cells dividing and re-entering

the cell cycle, hence, varying this value means more or fewer cells are progressing

through the cell cycle for every treatment. The probabilities p and q represent the

probability of cells entering the damaged cell cycle states SD and G2D respectively.

Thus, varying these values will cause fewer or more cells to go to states SD and

G2D respectively, which affects the amount of cell death. Varying p affects all drug

treatments, whereas varying q only affects those treatments including ceralasertib.

This is most likely because increasing q causes more cells to enter G2D where they

can die from ceralasertib-related cell death. CHC represents the carrying capacity,

i.e., the total number of cells allowed in the system. Since this value is also used in

the logistic growth term, perturbing this value affects how many cells re-enter the
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cell cycle for all drug treatments. Lastly, the value of KC50,C has a significant effect

on the model, mainly for those treatments including 0.1 µM of ceralasertib. This is

likely because this parameter affects the amount of ceralasertib-related cell death

from state G2D. Treatment with 0.1 µM of ceralasertib has no significant effect on the

model output compared to no drug treatment. Hence, perturbing values of KC50,C

can significantly change the amount of ceralasertib-related cell death from state

G2D. All other parameters have an effect on the model output but not as significant

as the ones explained.

3.3 Latin Hypercube Analysis

3.3.1 Method

Latin hypercube analysis is a type of global SA that tests how the model output

is affected by global parameter perturbations, i.e., after simultaneously varying

all 24 model parameters at the same time [74]. We take the input as each of the

24 model parameters listed in Tables 2.2 and 2.3 and the output as the RMSE

(equation 2.10) of the cell confluency for each treatment separately. We vary each

parameter, pi, i = 1,. . . , 24 between ±20% of its optimal value, i.e., within the

range [pL
i , pU

i ] = [pi · 0.8, pi · 1.2] [74]. Here, L and U denote the lower and upper

bounds respectively. For this study, we investigate w = 100 different values of each

parameter.

First, we use the "lhsdesign" function in MATLAB to generate a Latin hypercube

sample (LHS) of w randomly distributed and permuted values between zero and

one for each parameter [74]. These w values are randomly sampled from w intervals

given by

(
0,

1
w

)
,
(

1
w

,
2
w

)
, . . . ,

(
1 − 1

w
, 1
)

,
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where each interval is only sampled from once and chosen from a uniform distri-

bution, in no particular order [111]. For each of the 24 parameters, we repeat

this process to obtain w values for parameter 1 (X1
1 , X2

1 , . . . , Xw
1 ), w values for

parameter 2 (X1
2 , X2

2 , . . . , Xw
2 ), and so on until we obtain w values for parameter

24 (X1
24, X2

24, . . . , Xw
24). Hence, we get 24 · w values, X j

i ∈ (0, 1), where i = 1, 2, . . . , 24

and j = 1, 2, . . . , w. To obtain appropriate parameter values pj
i to investigate, within

the upper and lower bounds [pL
i , pU

i ], we do the following:

pj
i = pL

i + X j
i · (pU

i − pL
i ). (3.2)

This process gives us w parameter combinations to perform the Latin hypercube

analysis: (p1
1, p1

2, . . . , p1
24), (p2

1, p2
2, . . . , p2

24), . . . , (pw
1 , pw

2 , . . . , pw
24). In other words,

we run the model once where p1 = p1
1, p2 = p1

2, . . . , p24 = p1
24, then again where

p1 = p2
1, p2 = p2

2, . . . , p24 = p2
24, and so on up to where we set p1 = pw

1 , p2 = pw
2 , . . . ,

p24 = pw
24.

Once we have appropriate parameter values to investigate, we can then assess the

correlation between the input and output variables. To determine the strength of

the linear correlations, the Pearson Product Moment Correlation Coefficients are

calculated for each parameter and drug treatment. Coefficient values in [0, 0.1)

are defined as ‘negligible’, [0.1, 0.4) as ‘weak’, [0.4, 0.7) as ‘moderate’, [0.7, 0.9) as

‘strong’, and [0.9, 1] as ‘very strong’ [74, 161].

To exemplify the LHS process, let us take a 2-D space, where we are only performing

the LHS on 2 parameters p1 ∈ [pL
1 , pU

1 ] and p2 ∈ [pL
2 , pU

2 ] and we sample w = 4 pairs

of parameters (pj
1, pj

2), j = 1, . . . , w. To do so, for each parameter, we randomly

sample one value from each of the w equally spaced intervals in no particular order:

(0, 0.25), (0.25, 0.5), (0.5, 0.75), (0.75, 1).

This can be viewed as a w × w square grid (Figure 3.3 (a)), where there are w2



52 Chapter 3. Sensitivity Analysis

potential pairs of intervals we could choose from. In a LHS, we sample w parameter

pairs such that each interval is only sampled from exactly once. In other words, we

take values once from each row and once from each column [74]. After performing

the LHS, we get w sets of coordinates (X j
1, X j

2) on the square grid (Figure 3.3 (a)).

By using equation 3.2, we obtain w pairs of the two parameters to investigate and

perform the Latin hypercube analysis on (Figure 3.3 (b)).

X
X

X

X
0 0.25 0.5 0.75 1

0

0.25

0.5

0.75

1

(X1,X2)

(a)
X

X
X

X

(b)

Equation 3.2

p2
U

p 2 j

p1
L p1

U

p1
 j

(p1,p2)4 4

(p1,p2)1 1

(p1,p2)3 3

(p1,p2)2 2

X 2 j

X1
 j

(X1,X2)4 4

(X1,X2)1 1

3 3

(X1,X2)2 2

p2
L

FIGURE 3.3: A visualisation of LHS performed in a 2-D space. (a) LHS in a 2-D
space can be viewed as a w × w grid, where each row and each column is uniformly
randomly sampled from once to obtain w pairs of values (X j

1, X j
2), j = 1, 2, 3, 4. (b) By

using equation 3.2 to obtain appropriate parameter values pj
i , this gives us w parameter

combinations (pj
1, pj

2), j = 1, 2, 3, 4 to use for the Latin hypercube analysis. This figure is
inspired by the work of Hamis et al. [74].

3.3.2 Results

For each parameter and drug treatment, the Pearson Product Moment Correlation

Coefficients are displayed in Figure 3.4. We deduce that the majority of parameters

have a negligible to weak correlation with the RMSE value for the given parameter

range. However, there are a few parameters that do have a strong correlation with

the RMSE for certain drug treatments. This means that parameter perturbations

could lead to a worse simulation fit to the experimental data. The parameter p has a

moderate negative correlation (-0.49466) only for the combination 0.1µM ceralasertib

+ 0.3µM olaparib. This means that increasing values of p (i.e., more cells enter state
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SD) cause decreasing values of the RMSE output. The carrying capacity CHC has

a moderate negative correlation (-0.57238) for DMSO. The parameter KC50,C has a

moderate positive correlation (0.665229) for the combination 0.1µM ceralasertib +

0.3µM olaparib. However, the parameter KC50,C has a strong negative correlation

(-0.71697) for 0.1µM ceralasertib monotherapy. Note that Appendix A.2.1 provides

scatter-plots that show the detailed correlations between the model parameters and

the model output.

3.4 Conclusion

SA can be a useful tool when developing mathematical models by determining how

each parameter contributes to uncertainties in the model output [43]. By performing

SA we can see which parameters have the most effect on the model output. These

sensitive parameters can then be carefully looked at and parameterised more

efficiently [43]. SA also shows us which parameters do not affect the model output.

The modeller can choose between fixing these non-sensitive parameters within

the parameter range as this will not significantly change the model outputs, or

the modeller may omit the parameters from the model all together and create a

simplified model [43, 148].

When choosing the parameter values to investigate, we choose to evenly distribute

the parameter values in robustness analysis, while in Latin hypercube analysis we

use Latin hypercube sampling. We could also choose to randomly sample them.

Furthermore, we conduct the SA by investigating parameter values within 20% of

their optimised parameters found during the initial model fitting. However, if the pa-

rameter values are not identifiable, the sensitivity may be under- or over-estimated

if explored only within this region. Therefore, since a parameter identifiability

analysis is not conducted in these in silico experiments, in the future, we could

conduct the SA by exploring parameter values within the original parameter search

space given in Section 2.2.2.2 instead.
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FIGURE 3.4: Latin hypercube analysis is a method to see how sensitive the model
output is to global changes in parameter values. The figure displays the Pearson
Product-Moment Correlation Coefficients relating to the linear correlations between
each parameter (columns) and output for each treatment (rows). Here, the model
output is the RMSE of the cell confluency throughout the time course of the simulation

(equation 2.10) in response to each drug treatment separately.
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Also, we chose to perform only two types of SA: robustness analysis and Latin

hypercube analysis. There exists a wide range of other SA techniques that can be

used on ODE systems. One example is derivative-based local SA which involves

calculating the partial derivative with respect to each parameter [45]. Another

example is the Morris method which involves calculating the partial derivative

using a finite difference scheme [148]. This technique extends the derivative-based

local SA into a global SA. A review of other techniques can be found by Qian et

al. [148].

In our case both the local and global SA agree that the parameters p, CHC, and

KC50,C cause the most output sensitivity when perturbed. Hence we may want to

look further at the value of these parameters and ensure their values are biologically

relevant. Since a lot of the parameters in the model are non-sensitive and do not

affect the model output, we could also think about reducing the model described in

Chapter 2 and omitting some of the parameters.
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Chapter 4

Model Simplification: Minimalistic

Approach

4.1 Introduction

Sensitivity analysis explored the sensitivity of some of the parameters used in Model

HC (Chapter 3) and indicated that one could reduce the complexity of the model

even further. Moreover, we would also like to study the competition for space

between drug-sensitive and drug-resistant cancer cells that are subjected to DDR

inhibitor drugs. Since temporal compartment models do not consider space, we

aim to map a compartment model onto a 2-D agent-based model (ABM), where the

growth of the cell population is affected by spatial structure. This does not require a

complex model because we are focusing only on the spatial competition between

two subpopulations: drug-sensitive cells and drug-resistant cells.

Informed by sensitivity analysis, as a first step toward studying the spatial com-

petition between subpopulations, we simplify the compartment model to reduce

the number of parameters (Section 4.2.1). The model is parameterised and eval-

uated against experimental data 2 (Section 1.3) obtained from our collaborators

AstraZeneca (Section 4.2.2). The simplified model is called Model MC because it

will have medium complexity (MC). A data-driven model selection that motivates
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the choice of the model is included in Appendix A.3.1. Since the model will still

include the effects of ceralasertib and olaparib, it may also be used to study the

optimal combination doses of the drugs.

4.2 Model and Method

4.2.1 Temporal Cell Population Dynamics: A Simplified Compartment

Model

We develop a compartment model that describes how cell populations that are: (a)

not spatially structured, and (b) fully drug-sensitive change over time in response

to treatments with one or two DDR inhibitor drugs. One of these drugs is an

ATRi (ceralasertib), and the other drug is a PARPi (olaparib). For this part of the

study, we use experimental data 2 (Section 1.3) to parameterise and evaluate our

mathematical model. We choose to use experimental data 2 to see if we can develop

a mathematical model to capture the trends in this data set as both experimental data

1 and 2 show significant variability. The simulations of the model are implemented

in MATLAB and the parameters are estimated by using a global optimiser on

MATLAB, minimising the sum of square residuals between the model output and

the in vitro data. In the compartment model, cell division and drug effects are

respectively modelled by a cell cycle model (Section 4.2.1.1) and a drug response

model (Section 4.2.1.2).

To simplify Model HC (Chapter 2), we keep only the necessary drug effects and

compartments to minimise the number of parameters. We first omit the G2D

compartment because we do not have data for the number of damaged cells in the

G2/M phase. Also, since we cannot quantitatively use the cell death in vitro data

because the experiments use fluorescence intensities to measure cell death (Section

1.3) which are not included in our model, we do not include a dead state in the

model. Instead, we include a non-cycling (NC) state which represents cells with

irreparable DNA damage. Note that cells in the NC state contribute to both the total
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number of cells and the cell confluency. Lastly, we minimise the number of drug

effects in the model and include only one set of drug-specific parameters for each

drug. To obtain synergy from the simplified model, we include a combined Emax

equation (equation 4.8).

4.2.1.1 Modelling the Cell Cycle

The compartment model used in this study (Figure 4.1 (a)) is based on previous

modelling work by Hamis et al. [76], Checkley et al. [34], and work completed

in Chapter 2 [147]. The model is described by a system of ODEs, in which each

dependent variable [y] describes the concentration of cells in compartment y. The

drugs that we consider in this study target cells that are in specific phases of the cell

cycle and, accordingly, each compartment represents a cell cycle phase state. We

include three undamaged and proliferative cell cycle states in the model, specifically

the gap 1 (G1) state, the synthesis (S) state, and the combined gap 2/mitosis (G2/M)

state (Figure 4.1 (a)). This model is an abstraction of the biological cell cycle, where

cells in the gap 1 phase grow and prepare for DNA replication, which occurs in the

synthesis phase, and cells in the subsequent gap 2 phase prepare for cell division,

which occurs in the mitosis phase [91]. We also include a damaged S state (SD),

representing cells that have replication stress-induced DNA damage, a type of DNA

damage that results from faulty DNA replication [137, 160]. FaDu ATM-KO cells,

which are used to calibrate our model, are prone to such replication stress [113]. A

non-cycling (NC) state is also included in the model. Cells in the NC state have

irreparable DNA damage and are thus unable to proliferate. Cells that enter the NC

state remain there throughout the entire simulation.

In the model, cells progress through the cell cycle states via unidirectional paths that

are associated with rates (Figure 4.1 (a)). These rates depend on drug concentrations,

as explained in more detail in Section 4.2.1.2, and the total cell concentration N(t).

The latter dependency is included in the model to achieve logistic growth rates of

the cell populations, as are observed in the in vitro data that we use to parameterise
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FIGURE 4.1: The compartment model (Model MC) is parameterised and evaluated
against in vitro experimental data 2. (a) In the compartment model, cells can be in
undamaged and cycling (green nodes) or damaged and/or non-cycling (red nodes)
cell cycle states. Cells can progress through the undamaged states (G1, S, and G2/M)
and damaged states (SD, NC). Cells in SD experience DNA replication stress and cells
in NC have irreparable DNA damage. The paths show the transitions between states
where ki(N(t)), i = 1, 2, 3, 4 are rate constants and s is a scaling parameter. p and q
represent drug-dependent probabilities that a particular path will be chosen at a fork.
The PARPi inhibits cells from progressing from state G1 to S. The green path represents
DNA damage repair, which is inhibited by both the ATRi and the PARPi. The time and
drug dependencies of the parameters in (a) have been omitted for ease of presentation.
(b) The plots show simulated and experimental cell confluency over 310 hours for
various dose combinations of the ATRi and PARPi. Training data is used to estimate
model parameters (plots I-V) and test data is used to evaluate the model (plot VI).
The solid curves represent the simulation results from the compartment model. The
dashed curves represent the mean in vitro data, with the standard error of the mean for

3 experiments indicated with error bars.
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and evaluate our model (Section 4.2.2). Note that after the G1 state, cells enter

the S state at a rate that is proportional to a weighting factor p, and cells enter the

damaged SD state at a rate that is proportional to 1 − p. The factor p decreases

with increasing concentrations of the PARPi (olaparib), which captures the drug’s

replication stress-inducing drug effect. Note also that cells in the SD state repair

their DNA damage at a rate that is proportional to the weighting factor q, which

is a function of both the PARPi and the ATRi (ceralasertib). As such, q describes

the fraction of cells leaving SD that enter state S. The remaining fraction of cells

that leave the SD state enter the NC state. The factor q decreases with increasing

drug concentrations, which captures the replication repair-inhibiting drug effects of

the ATRi and PARPi. Cells that successfully progress to, and leave, the G2/M state

re-renter the G1 state and produce a daughter cell that is initiated in state G1 (Figure

4.1 (a)). The compartment model is described with the following system of ODEs:

d[G1](t)
dt

=2k4
(

N(t)
)
s[G2/M](t)− k1

(
N(t)

)
s[G1](t), (4.1a)

d[S](t)
dt

=k1
(

N(t)
)
sp([drugOla])[G1](t)− k2

(
N(t)

)
s[S](t)

+ k3
(

N(t)
)
q([drugCera], [drugOla])[SD](t),

(4.1b)

d[SD](t)
dt

=k1
(

N(t)
)
s(1 − p([drugOla])[G1](t)− k3

(
N(t)

)
[SD](t), (4.1c)

d[G2/M](t)
dt

=k2
(

N(t)
)
s[S](t)− k4

(
N(t)

)
s[G2/M](t), (4.1d)

d[NC](t)
dt

=k3
(

N(t)
)
(1 − q([drugCera], [drugOla]))[SD](t), (4.1e)

with the initial conditions:
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[G1](0) = G10 · N(0), (4.2a)

[S](0) = S0 · N(0), (4.2b)

[SD](0) = SD0 · N(0), (4.2c)

[G2/M](0) = G2/M0 · N(0), (4.2d)

[NC](0) = NC0 · N(0). (4.2e)

In equations 4.1a-e and 4.2a-e, N(t) is the total concentration of the cell population

at time t,

N(t) = [G1](t) + [S](t) + [SD](t) + [G2/M](t) + [NC](t). (4.3)

The drug effects p([drugOla]) and q([drugCera], [drugOla]) are described in Section

4.2.1.2. In our model, we assume that cell cycle progression is halted when cells are

in the SD state. Therefore, to fit the model to cell doubling time data, we multiply

the rate parameters k1
(

N(t)
)
, k2

(
N(t)

)
, and k4

(
N(t)

)
with a scaling parameter s in

equations 4.1a-e. To achieve logistic growth of N(t), all rates k1
(

N(t)
)

to k4
(

N(t)
)

depend on N(t) and the carrying capacity CMC such that,

ki
(

N(t)
)
= k′i

(
1 − N(t)

CMC

)
for i = 1, 2, 3, 4, (4.4)

where the values of k′i are estimated from in vitro data and are given in Table 4.2.

4.2.1.2 Modelling DDR Inhibitor Drugs

The effects of the ATRi (ceralasertib) and the PARPi (olaparib) are implicitly mod-

elled by inhibition of the rates at which cells progress in the cell cycle model where
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paths are weighted by factors p([drugOla]) and q([drugCera], [drugOla]) (Figure 4.1

(a)). The drug effects are modelled by:

p([drugOla]) = p0(1 − E2
(
[drugOla]

)
) (4.5)

and

q([drugCera], [drugOla]) = q0(1 − E1,2
(
[drugCera], [drugOla]

)
), (4.6)

where p0 and q0 are the baseline weighting factors that represent the system in

the absence of drugs, and [drugCera] and [drugOla] denote the concentration of

ceralasertib and olaparib respectively. The functions E1 and E2 are calculated using

the sigmoid Emax model [82, 76] and are introduced to achieve drug effects that

match in vitro data (Section 4.2.2). We thus set:

E1
(
[drugCera]

)
= Emax,1

[drugCera]
h1

[drugCera]
h1 + ECh1

50,1

, (4.7a)

E2
(
[drugOla]

)
= Emax,2

[drugOla]
h2

[drugOla]
h2 + ECh2

50,2

, (4.7b)

where Emax,i is the maximal drug effect, hi is the Hill coefficient, EC50,i is the

concentration of the drug that results in half the maximal drug effect, and i =

1, 2 to represent ceralasertib and olaparib respectively. To model the combined

effect of the two drugs, we use the Bliss independence synergy model [101] so that:

E1,2
(
[drugCera], [drugOla]

)
= E1

(
[drugCera]

)
+ E2

(
[drugOla]

)
−E1

(
[drugCera]

)
· E2

(
[drugOla]

)
.

(4.8)

4.2.2 Model Parameterisation

The compartment model parameters are estimated from an in vitro experiment

in which FaDu ATM-KO cells were subjected to one or two DDR inhibitor drugs

(experimental data 2, Section 1.3) [113]. Cell confluency and cell death data were
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reported for 0-310 hours, and pulse-chase data were reported for 0-24 hours. To

parameterise the compartment model, we first directly read some model parameters

(N(0), CMC, G10, S0, SD0, G2/M0, k′1, k′2, k′4, q0) from the in vitro data. We thereafter

estimate the remaining parameters (p0, k′3, s, Emax,1, E50,1, h1, Emax,2, E50,2, h2) with a

global optimiser in MATLAB that minimises the sum of squares of the residuals

between the model output and the in vitro data [175].

The in vitro cell confluency data gives the percentage of area in the well plates

covered by cells. Based on three experimental repeats and in the absence of drugs,

the initial mean cell confluency is 4.82%. Hence, in the compartment model, the

initial concentration of cells is N(0) = 4.82. The carrying capacity is CMC = 100

which represents 100% cell confluency in the in vitro experiments. We calculate

the initial concentration of cells in each compartment based on the mean values

obtained from pulse-chase experiments recorded two hours after the start of the

experiments. These experiments measure the fraction of cells in G1, S, and G2/M.

They also measure cells that are γH2AX positive, a marker of DNA damage [163].

We assume that cells in state SD are γH2AX positive as we associate this state with

replication stress. The fractions (G10, S0, SD0, G2/M0) are multiplied by the initial

concentration of cells, N(0), to estimate the respective initial concentration of cells

in compartments G1, S, SD, and G2/M. We assume that all initial cells in the system

Parameter
Name

Parameter
Value

Parameter Description

G10 0.36 The fraction of cells in state G1 at the start of the
simulation.

S0 0.14 The fraction of cells in state S at the start of the simulation.
SD0 0.04 The fraction of cells in state SD at the start of the

simulation.
G2/M0 0.46 The fraction of cells in state G2/M at the start of the

simulation.
NC0 0 The fraction of cells in state NC at the start of the

simulation.

TABLE 4.1: Initial conditions are estimated from in vitro experimental data 2. The
initial fraction of cells in states G1, S, SD, and G2/M are estimated from pulse-chase

data. At the start of the simulations, no cells are in the non-cycling state NC.
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are cycling (G1, S, or G2/M), or have the potential to become cycling (SD). Thus, no

cells are in the NC state at the beginning of the simulation.

The baseline probability q0 is set to one based on observations from in vitro experi-

ments which monitor cells with loss of membrane integrity by using a cell death

marker, cytotox, in the absence of drug treatment. The cytotox intensity decreased

over time in these experiments in experimental data 2 (Section 1.3; Figure 1.5), thus,

in the mathematical model, we assume all cells will repair in the absence of the

drugs.

Parameter Name Parameter Value Parameter Description
Parameter values that are estimated by fitting the compartment model to in vitro data.
CMC 100 (cells/A) The carrying capacity in the compartment

model (Model MC).
N(0) 4.82 (cells/A) The total number of initial cells.
p0 0.3558 The probability that cells transition from

state G1 to S in the absence of drugs.
q0 1 The probability that cells transition from

state SD to S in the absence of drugs.
s 1.824 The scaling parameter that adjusts for cell

cycle arrest.
k′1 0.0678 (1/hour) The rate at which cells leave state G1 in

the absence of cell crowding.
k′2 0.1742 (1/hour) The rate at which cells leave state S in the

absence of cell crowding.
k′3 0.1420 (1/hour) The rate at which cells leave state SD in

the absence of cell crowding.
k′4 0.0530 (1/hour) The rate at which cells leave state G2/M

in the absence of cell crowding.
Emax,1 1 The maximal drug effect of ceralasertib.
E50,1 0.2579 µM The concentration of ceralasertib that

results in half the maximal effect.
h1 1.5187 The Hill coefficient of ceralasertib.
Emax,2 0.5609 The maximal drug effect of olaparib.
E50,2 0.1275 µM The concentration of olaparib that results

in half the maximal effect.
h2 1.0962 The Hill coefficient of olaparib.

TABLE 4.2: Parameter values are estimated from in vitro experimental data 2. The
table displays the parameter values that are used in the compartment model (Model

MC). A denotes the area of the spatial domain in the in vitro experiment.
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The parameters ki(N(t)), i = 1, 2, 3, and 4 represent the rate at which cells leave G1,

S, SD, and G2/M respectively. The doubling time of FaDu ATM-KO cells is 41 hours

and we assume that the initial fraction of cells in state y is also the fraction of the

cells doubling time that the cell spends in state y. Since the rates are measured in

units of 1/hour, we estimate the following:

k′1 =
1

41 · G10
, (4.9a)

k′2 =
1

41 · S0
, (4.9b)

k′4 =
1

41 · G2/M0
. (4.9c)

The parameters (p0, k′3, s, Emax,1, E50,1, h1, Emax,2, E50,2, h2) are estimated by using a

global optimiser on MATLAB, minimising the sum of square residuals between the

model output and the in vitro data.

Following the 80-20 rule of thumb, which recommends using 80% of available data

to train a model, and 20% of available data to test a model [96], we use data from

nine time series experiments to parameterise (or train) the model (Fig 4.1b I-V) and

two time series experiments to evaluate (or test) the model (Fig 4.1b VI).

Parameter values related to the initial conditions are listed in Table 4.1 and all other

parameters are listed in Table 4.2. Since the compartment model (Figure 4.1 (a)) is

able to satisfactorily predict unseen time series data, we argue that the model is

appropriate for our current study which aims at modelling cell population dynamics

in response to 0.1-1 µM ceralasertib doses and 0.2-1 µM olaparib doses.

4.3 Conclusion

In this Chapter, we have simplified the compartment model described in Chapter 2

by reducing the number of compartments and parameters. Here, we have adapted
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some of the modelling assumptions to simplify the model and calibrated the model

with experimental data 2 (Section 1.3). A single model may not always adequately

fit all data as these drugs given in various doses may have varying effects on the

cell populations. The selection of a particular model depends on the questions that

we are trying to answer and the mechanisms that we intend to study. One may

need to consider complex models depending on the study, while in other cases,

simplified models are sufficient. For example, the simplified model that incorporates

a combined Emax model (Model MC) will suffice to predict new drug combinations

and parameterise the ABM. However, when studying the individual modes of drug

actions of ceralasertib and olaparib as we did in Chapter 2, a more complex model

seemed more appropriate.

In Appendix A.3.1, we compare both Model MC and Model HC to experimental

data 2. In the future, we could also compare both Model MC and Model HC

to experimental data 1. By doing so, we can compare the model goodness of

fits visually or by computing the RMSEs. In addition to this, we could perform

information criteria analyses such as Akaike information criteria [144] or Bayesian

information criteria [132] to balance model goodness of fit to the experimental data

with model complexity. We may then select the most applicable model for further

investigations on new drug dose combinations.
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Chapter 5

Drug Synergy: Investigating Drug

Combinations

5.1 Introduction

Anti-cancer drug treatments are commonly administered as monotherapies [16] at

their maximum tolerated doses (MTDs) [122, 97]. However, giving drugs at their

MTDs has been associated with drug resistance [122, 97, 102]. For instance, drugs

administered at their MTDs are only cytotoxic to drug-sensitive cells. Consequently,

the elimination of drug-sensitive populations causes the rapid proliferation of

drug-resistant populations often due to the lack of competition between the drug-

sensitive cells that have been eliminated [97, 122]. Cancer therapies can utilise the

combination of multiple different anti-cancer treatments at lower doses (compared

to their MTDs) to optimise cancer growth inhibition, increase cytotoxicity, and

avoid drug resistance [113, 16]. Many experimental studies have found that drugs

administered at doses lower than their MTDs are more effective at controlling the

size of tumours compared to giving drugs at their MTDs [156, 113, 11, 176]. These

combined treatments include combinations of surgery, DDR inhibitors, ionising

radiation, and chemotherapy [105, 65]. Many anti-cancer drugs exist these days and

have the potential to be combined to enforce such effects. However, it is difficult to
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understand which drug combinations work well and which do not.

To improve the efficacy of cancer treatments, we aim to find combination doses that

act synergistically to achieve a desired effect [62]. To do so, there exist reference

models to determine the interaction between drug combinations [185]. The observed

drug combination effect is compared to the additive effect predicted by the reference

model and the combination is labelled as synergistic, additive, or antagonistic. A

combination is said to be synergistic when the combination effect is greater than the

expected additive effect [62, 185], i.e., if the combination achieves the effect E with

lower drug doses then it is synergistic [116]. Conversely, a combination is said to be

antagonistic when the combination effect is less than the expected additive effect.

However, the exact definition of additive is somewhat subjective and differs for each

reference model. A common misunderstanding of additivity is that you add the

independent effects of the drugs to obtain the expected additivity. However, this is

untrue because, for example, if drug A kills 60% of cells and drug B kills 70% of cells,

it is impossible to kill 130% of cells [62]. This has made it difficult for researchers

to agree on what defines a drug combination as synergistic. Instead, we observe

that there is no “correct” reference model for synergism that should always be used.

Many people have debated which method is the best and why different methods

fit different scenarios better. For example, Greco et al. [67] debates between using

either the Loewe additivity model or the Bliss independence model - two of the

most commonly used reference models. Others have addressed the limitations of

already developed reference models and have proposed their own reference models,

for example, Yadav et al. [185] proposed the zero interaction potency model and

Gevertz et al. [62] proposed the lowest single dose (LSD) model.

Based on the experimental evidence, Lloyd et al. [113] proposed that there is

synergy between ATR and PARP inhibitors in ATM-deficient cancers. Gevertz

et al. [62] developed the Multi-Objective Optimization of Combination Synergy -

Dose Selection (MOOCS-DS) which can be used to find synergistic drug doses that
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can be used as a guide for combination drug dose selection in experimental studies.

In this Chapter, we explore the combination doses of ceralasertib and olaparib for

which the compartment model described in Chapter 4, Model MC, shows synergistic

effects. To do so, we use four different reference models: Bliss, highest single agent,

Loewe, and LSD (Section 5.2). Also, we use the MOOCD-DS model to investigate

optimal combination doses of ceralasertib and olaparib.

5.2 Method

The methods used in this Section are based on previous work by Gevertz et al. [62],

Yadav et al. [185], and Greco et al. [67].

We compare the interactions of the drugs by comparing the drug effects to an effect,

E, where E(d1, d2) represents the effect after giving dose d1 of drug 1 and dose d2 of

drug 2. The measure of the effect, E, is decided by the modeller and could measure

the total tumour growth inhibition or the total number of dead cells, for example.

Here, we define the effect E as the normalised total number of cells at the end of the

simulation compared to the effect in the absence of drugs, such that:

E =
N0(tend)− Nj(tend)

N0(tend)
, (5.1)

where Nj(tend) = [G1]j(tend)+ [S]j(tend)+ [SD]j(tend)+ [G2/M]j(tend)+ [NC]j(tend)

is the total number of cells in the system at the end of the simulation for each drug

treatment j and j = 0 represents the no drug treatment case.

Following Gevertz et al. [62], the definitions of synergy can be split into two cate-

gories: (1) the synergy of efficacy (SoE) which describes drugs as synergistic if the

combination dose has a better effect compared to giving the drugs as monotherapies,

or (2) the synergy of potency (SoP) which maximises combination synergy by

identifying the smallest possible drug doses to reach an effect E. SoE is an effect-

based approach, where the decision of whether drugs are synergistic depends on
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the output of the model, i.e., the efficacy. SoP is a dose-effect approach, where the

decision of whether drugs are synergistic depends on the input of the model, i.e.,

the drug doses.

We use four reference models to investigate synergy between ceralasertib and

olaparib, namely, the Bliss independence model [19], the highest single agent (HSA)

[179], the Loewe additivity model [115], and the lowest single dose (LSD) [62].

The former three are well-known reference models, and the latter was introduced

by Gevertz et al. [62] as a similar method to HSA but potency-based rather than

efficacy-based. Both Bliss and HSA are considered as SoE and both Loewe and LSD

are considered as SoP.

A combination index (CI) is a number that allows the clarification of drug synergism,

additivity, or antagonism [62, 56]. The calculation of the CI varies for each reference

model, but the method of clarification remains consistent and is determined by:

CI =


> 1, Antagonism,

= 1, Additive,

< 1, Synergy.

(5.2)

5.2.1 Synergy of Efficacy

For a reference model, x, the expected effect of the drug combination is Ex(d1, d2)

and the actual effect of the drug combination is E(d1, d2). If the actual effect is the

same as the expected effect (i.e., E(d1, d2) = Ex(d1, d2)), then we define the drug

combination as additive. If the actual effect is greater than what was expected (i.e.,

E(d1, d2) > Ex(d1, d2)), then we say the drugs work better together in combination

and hence, the combination is said to be synergistic. If the actual effect is less than

what was expected (i.e., E(d1, d2) < Ex(d1, d2)), then we say the combination is

antagonistic.
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Therefore, for SoE reference models such as Bliss and HSA, to define a combination

of drugs as synergistic, additive, or antagonistic, the CI is defined as the ratio

between the expected additive effect and the actual effect [62], such that

CI =
Ex(d1, d2)

E(d1, d2)
. (5.3)

5.2.1.1 Bliss Independence Model

The Bliss independence model uses probabilistic theory and assumes that the two

drugs in combination work independently and do not interact with one another

[116]. However, the model assumes that the two drugs do contribute to a common

effect. Thus, for the Bliss independence model, the expected effect of the drugs

(equation 5.4) and the CI (equation 5.5) can be calculated by:

EBliss(d1, d2) = E(d1, 0) + E(0, d2)− E(d1, 0)E(0, d2), (5.4)

CIBliss(d1, d2) =
EBliss(d1, d2)

E(d1, d2)
. (5.5)

5.2.1.2 Highest Single Agent (HSA)

The highest single agent (HSA) method states that a combination dose (d1, d2)

is additive if its efficacy is equal to that of the efficacy achieved from the more

efficacious monotherapy, (d1, 0) or (0, d2) [62]. In other words, any additional effect

over the highest monotherapy is considered synergistic. Thus, for the HSA model,

the expected effect of the drugs (equation 5.6) and the CI (equation 5.7) can be

calculated by:

EHSA(d1, d2) = max{E(d1, 0), E(0, d2)}, (5.6)
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CIHSA(d1, d2) =
EHSA(d1, d2)

E(d1, d2)
. (5.7)

5.2.2 Synergy of Potency

The methods to calculate the CI values for the SoP models are more complicated

compared to those for the SoE models.

5.2.2.1 Loewe Additivity Model

The following is based on previous work by Gevertz et al. [62], Yadav et al. [185],

Lederer et al. [106], and Geary et al. [61].

The Loewe additivity model assumes that the two drugs in combination act on the

same pathway with similar modes of action [62]. Following the Dose Equivalence

Principle, there exist monotherapy drug doses D1 and D2 of drug 1 and drug 2

respectively, that produce the same effect, i.e., (E(D1, 0) = E(0, D2)) [62]. Drug A

is defined to be more potent than drug B if a lower dose of drug A elicits the same

effect as a higher dose of drug B.

Without loss of generality, we assume that drug 2 is just as or more potent than

drug 1, i.e., a lower dose of drug 2 elicits the same effect as a higher dose of drug

1 (E(D1, 0) = E(0, D2), where D2 < D1). Therefore, we can express the dose D2 of

drug 2 through scaling the dose D1 of drug 1 by the fixed potency ratio k ∈ (0, 1]

such that:

D2 = kD1 =⇒ k = D2/D1. (5.8)

Let (d1, d2) be a combination of drugs 1 and 2, where d1 and d2 represent the doses

of drugs 1 and 2 respectively that are used in the combination. We consider a

combination (d1, d2) that achieves the same effect, E, as the monotherapy doses D1
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and D2, i.e., E(d1, d2) = E(D1, 0) = E(0, D2). Loewe defines additivity when:

D2 = d2 + kd1. (5.9)

After division by D2, Loewe additivity can be defined when:

d1

D1
+

d2

D2
= 1. (5.10)

If the actual dose of the combination (d1, d2) that achieves the same effect as

the monotherapies is smaller than what is expected by Loewe, we classify the

combination as synergistic [62]. If the actual effect of the combination (d1, d2) is

bigger than what is expected by Loewe, we classify the combination as antagonistic

[62]. Thus, we can express the Loewe CI as follows

CILoewe(d1, d2) =
d1

D1
+

d2

D2
. (5.11)

5.2.2.2 Lowest Single Dose (LSD)

The potency-based equivalent of the efficacy-based HSA method is the lowest single

dose (LSD), which was developed by Gevertz et al. [62]. This approach firstly defines

a percent inhibition (PI), PIi
50, which is the dose of drug i that achieves 50% of the

desired effect compared to the control case. In our case, this is 50% of the normalised

total number of cells compared to that from the no drug case (equation 5.1), i.e.,

E(PI1
50, 0) = E(0, PI2

50) = 0.5. Secondly, to compare the potency of multiple drugs,

the relative potency is defined to be the ratio of the monotherapy dose, Di, of a

drug i to its PI, PIi
50, i.e., Di

PIi
50

. For example, let us assume that drug 1 and drug

2 can both reach a target effect, E, at monotherapy doses D1 and D2 respectively,

i.e., E(D1, 0) = E(0, D2). We can compare the potency of drug 1 and drug 2 using

the relative potency ratios D1
PI1

50
and D2

PI2
50

. If a combination (d1, d2) achieves the same
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effect as both monotherapies, i.e., E(D1, 0) = E(0, D2) = E(d1, d2), then the drugs

are deemed additive if the relative combination dose

dcomb(d1, d2) =
d1

PI1
50

+
d2

PI2
50

(5.12)

is equal to the more potent monotherapy (i.e., the relative potency of the drug that

needs a lower dose to achieve the same efficacy) defined by:

Dpot(D1, D2) = min
{ D1

PI1
50

,
D2

PI2
50

}
. (5.13)

Note that Dpot(D1, D2) can be seen as the additive expectation defined by the LSD

model.

Hence, the CI for the LSA model can be defined as follows:

CILSD(d1, d2) =
dcomb(d1, d2)

Dpot(D1, D2)
. (5.14)

If the relative combination dose is lower than the more potent monotherapy, then

the combination is deemed synergistic. Conversely, if the relative combination

dose is greater than the more potent monotherapy, then the combination is deemed

antagonistic.

5.3 Results

In this section, we use the compartment model described in Chapter 4 (Model MC)

to: (1) investigate how the choice of reference model impacts the combinations that

we deem synergistic and (2) explore new synergistic optimal combination doses by

using the MOOCS-DS method.
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5.3.1 Combinations Deemed Synergistic Depend on the Reference Model

We can qualitatively compare the combination doses that are predicted as synergistic

by the four reference models to those deemed synergistic in an in vitro experiment

performed by AstraZeneca [113]. Note that we cannot quantitatively compare them

because the methods used to define synergy in the in silico experiments and in the in

vitro experiments were different. In the experimental data, excess Loewe and fitted

results were used to measure synergy, whereas, in the simulations, combination

indices for each of the four reference models are used.

When using the Loewe additivity model, the experimental data deems all com-

bination doses with more than 0.03 µM of ceralasertib or less than 0.3 µM of

olaparib as synergistic (Figure 5.1 (a)), with the highest doses of both drugs being

the most synergistic. In the experimental data, all combination doses exhibit growth

inhibition and cytotoxicity (Figure 5.1 (b)). Using Model MC described in Chapter

4, we calculate the combination indices (CI) for the model using the synergy of

efficacy models (Bliss and HSA) and the synergy of potency models (Loewe and

LSD). The CIs are calculated using the effect defined in equation 5.1. The results are

summarised in Figure 5.2, which displays the CI values of ceralasertib up to 1 µM
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FIGURE 5.1: In vitro data shows that ceralasertib and olaparib are synergistic in
the FaDu ATM-KO cell line. (a) Excess Loewe uses the Loewe additivity model to
calculate the excess activity above what is expected from an additive combination. (b)

Fitted results represent growth inhibition (0-100) and cytotoxic activity (100-200).
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FIGURE 5.2: The combination indices (CIs) for Model MC can deduce synergistic
drug doses. The top row shows the synergy of efficacy CI values using (a) Bliss and (b)
HSA. The bottom row shows the synergy of potency CI values using (c) Loewe and (d)
LSD. Drug combinations can have CI values that are greater than 1, equal to 1, and less
than 1, which represent the combination being categorised as antagonistic, additive, or

synergistic respectively. Note that the colour bars are different in Figures (a)-(d).

and olaparib up to 3 µM, using all four reference models. Note that the colour bars

are different for each reference model.

The synergistic and antagonistic combinations can be seen more easily in Figure

5.3 which splits the drug combinations into 3 categories: (1) synergistic (CI values

less than 1), (2) additive (CI values equal to 1), and (3) antagonistic (CI values

greater than 1). Note that none of the CI values were exactly equal to 1, which

means none of the drug combinations tested were deemed additive by the four

reference models. Both the SoE models (Bliss and HSA) produced similar results

and deemed all investigated combination doses as synergistic (blue colour in Figure
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FIGURE 5.3: The combination indices (CIs) for Model MC can deduce synergistic
drug doses. The top row shows the synergy of efficacy CI values using (a) Bliss and (b)
HSA. The bottom row shows the synergy of potency CI values using (c) Loewe and (d)
LSD. The CI values can be less than 1 which represents synergy (blue), or greater than 1

which represents antagonism (yellow).

5.3 (a) and (b)). The CI values for the Bliss are within the range 0.2023 to 0.993

and the CI values for HSA are within the range 0.1113 to 0.9865 (Figure 5.2 (a)

and (b)). However, both SoP models (Loewe and LSD) deemed some investigated

combination doses as antagonistic (yellow colour in Figure 5.3 (c) and (d)). The CI

values for the Loewe additivity model are within the range 0.0075 (synergy) to 1.604

(antagonism), and the CI values for LSD are within the range 0.01 (synergy) to 14.8

(antagonism) (Figure 5.2 (c) and (d)). Loewe deemed only the very low combination

doses as antagonistic, whereas LSD defined all combinations with less than 0.24
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µM ceralasertib as antagonistic. LSD is the only reference model to agree with the

experimental data in that combinations with low doses of ceralasertib and high

doses of olaparib are antagonistic.

In summary, the combination doses that are classed as synergistic depend on how

we define synergy (SoE or SoP). If we define synergy using SoE then all combination

doses are defined as synergistic, but if we define synergy using SoP then some

doses are deemed antagonistic. The drug interactions also depend on the reference

model we use. The simulated synergy maps are very similar for Bliss and HSA,

which means that the outcome is not dependent on how we define SoE. However,

the reference models used in SoE (Loewe and LSD) produce significantly different

synergy maps, which means that the outcome is impacted by how we define SoP.

Overall, a commonality in all four reference models and the experimental data is

that the highest doses of both drugs are determined as synergistic.

5.3.2 Pareto Fronts Can Find Optimal Drug Combinations

In this part of the study, we study the optimal combination doses. Following Gevertz

et al. [62], we define four criterion spaces: Loewe-Bliss, LSD-Bliss, Loewe-HSA, and

LSD-HSA. For each of the four criterion spaces, we find the Pareto fronts (Figures

5.4), which are the set of values for which one objective function cannot be improved

without worsening a second objective function [62]. Here, each criterion space has

two objective functions we aim to minimise, namely, the CI values for the reference

models used in the criterion space. Note that we aim to minimise the CI values

because synergy is defined when the CI value is less than one. The Pareto fronts

are found using a grid search, which evaluates each combination of CI values and

determines whether it is a Pareto optimal. From the Pareto fronts, we can find the

Pareto optimal solutions (Figure 5.5), which are the set of drug doses corresponding

to the CI values found using the Pareto fronts [62].

While the majority of the Pareto optimal solutions appear on only one Pareto front,
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FIGURE 5.4: The Pareto optimal solutions are the values for which you cannot
improve the output of one reference model without making the result of the second
reference model worse. The Pareto fronts for Model MC are displayed in red in all
four criterion spaces, with combinations that are not Pareto optimal in blue. The
top row shows the Bliss model (SoE) and the bottom row shows HSA (SoE). The left
column shows Loewe (SoP) and the right column shows LSD (SoP). Each scatterplot
displays the CI values of the given reference models. Note that CI values less than one

correspond to synergistic drug combinations.

47% of all Pareto optimal solutions appear on more than one Pareto fronts (Figure

5.5 (e)). Six Pareto optimal solutions are even deemed optimally synergistic in all

four of the criterion spaces (indicated by a "4" in Figure 5.5 (e)). None of the Pareto

optimal doses are equivalent to those used in experimental data (red dots in Figure

5.5 (e)). Interestingly, four out of the five combination doses investigated in vitro

included drug doses that were a lot higher than the optimal synergistic doses found

using the MOOCS-DS model. The highest Pareto optimal dose of ceralasertib found

using the MOOCS-DS model is 0.68 µM, while the in vitro studies used doses of
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FIGURE 5.5: The drug doses of ceralasertib and olaparib that are Pareto optimal using
the four reference models can inform optimal doses for experimental validation.
Figures show the drug doses of ceralasertib (horizontal axes) and olaparib (vertical
axes) of the Pareto optimal combinations. (a)-(d) The top row shows the Bliss model
(SoE) and the bottom row shows HSA (SoE). The left column shows Loewe (SoP) and
the right column shows LSD (SoP). (e) The number represents the number of criterion
spaces that the combination is a Pareto optimal, i.e., a "4" indicates that this combination
is Pareto optimal in all four criterion spaces. The red dots show the combinations used
in experimental data 2. In Figures (a)-(e), the heatmap in the background shows the
total growth inhibition of the combination compared to giving no drug (calculated by

equation 5.1).

ceralasertib up to 1 µM. Similarly, the highest Pareto optimal dose of olaparib found

using the MOOCS-DS model is 0.62 µM, while the in vitro studies used doses of

olaparib up to 1 µM.
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In summary, the synergistic combinations are sensitive not only to the definition of

synergy (SoE and SoP) but also to the reference models within SoE and SoP.

5.4 Conclusion

In this Chapter, we have shown that the doses used in the combination treatment

of ceralasertib and olaparib in the in vitro experiments are not necessarily the

optimal doses. We have explored a range of combination drug doses that are

within the maximal tolerated dose of each drug. We have found Pareto optimal

combinations that use lower doses of both drugs compared to those used in the in

vitro experiments. These Pareto optimal combinations found using the MOOCS-DS

method can be used to guide the starting drug doses in future experimental studies,

which may be more efficacious than those already studied in vitro.
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Chapter 6

Multiscale Model: Investigating

Spatio-Temporal Dynamics

6.1 Introduction

The interplay between drug-sensitive and drug-resistant cancer cells has been

observed to impact treatment responses in experimental settings [47, 99, 136, 11].

This interplay is driven by cell-to-cell interactions, which, for example, are mediated

by cells’ ability to send and receive signalling molecules [7, 21] and compete for

resources [172]. In this work, we are specifically interested in interactions between

drug-sensitive and drug-resistant cancer cells that compete for one such resource:

space. Cancer cells can express drug resistance in several ways. Here, we focus on

two broad categories of drug resistance, namely intrinsic and inherited resistance.

Intrinsic drug resistance refers to resistance that exists in cancer cells or tumours

before they are subjected to treatments [181]. Inherited resistance occurs when drug-

resistant parental cells pass on their drug-resistant traits to their daughter cells [57].

Cancer cells can be resistant to different types of therapies, including chemotherapy

[140], radiotherapy [2], and targeted therapies, such as DDR inhibitor drugs [15]

which are the focus of this thesis. Cancer cells that are resistant to multiple drugs

simultaneously can be referred to as multi-drug-resistant [48].
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In clinics, cancer drug treatments are commonly administered at maximum tolerated

doses (MTDs). However, MTDs have been associated with rapid onsets of drug

resistance [102]. As alternative treatment approaches to MTDs, drugs can be

administered at low doses (i.e., lower than MTD doses) as part of single-drug

or combination therapies. In fact, experimental results suggest that low-dose drug

treatments can out-perform MTD strategies in certain in vitro experiments [113,

11, 176]. Beyond drug combinations and doses, another factor that may influence

treatment responses is the spatial distribution of cancer cells [60, 98, 164]. With

recent technological advances, there now exist methods that enable us to observe

spatial organisations of different cell types within biopsied tumours. These methods

include spatial transcriptomics [86] and mass spectrometry imaging [187]. Although

these methods reveal spatial, intratumoural cell structures, they do not explicitly

provide dynamic information about the interplay between different intratumoural

cell types for example.

One way to study the dynamics of spatially structured cancer cell populations is

through simulations and mathematical modelling. Indeed, several mathematical

models have been developed for studying interactions between drug-sensitive

and drug-resistant cancer cells. These include two-dimensional (2-D) agent-based

models (ABMs) in which each agent typically represents one cancer cell [183]. For

instance, Strobl et al. [168] used such a model to study the competition between drug-

sensitive and drug-resistant cancer cell subpopulations during adaptive therapy

treatments. The authors showed that not only the inter-subpopulation competition

(between drug-sensitive and drug-resistant cells), but also the intra-population

competition impact treatment responses in silico. Hamis et al. [72] also used a

2-D ABM to study the eco-evolution of cancer cell populations comprising drug-

sensitive and drug-resistant cells. By including different types of drug-resistant cells

in their model (e.g., cells that are drug-resistant before treatments start, and cells

that become drug-resistant once they are exposed to drugs), the authors showed

that the mechanisms by which cells are drug-resistant affect treatment responses
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and optimal treatment strategies. In a third 2-D ABM, Bacevic et al. [11] simulated

a cross-section through tumour spheroids with drug-sensitive and drug-resistant

cells. They showed that drug-resistant cells on the periphery of the spheroid had

a proliferative advantage over drug-resistant cells in the middle of the spheroid,

which they attributed to a surplus of space and oxygen resources on the spheroid’s

periphery. A shared finding between the three aforementioned ABM studies is

that the spatial composition of drug-sensitive and drug-resistant cells impacts cell

population dynamics and treatment responses.

Inspired by these previous studies we, in this work, use a 2-D ABM to simulate

the interplay between drug-sensitive and drug-resistant cancer cells in response to

different drug combinations and doses. By including spatio-temporal dynamics in

our mathematical model, we aim to understand how the spatial structure of cells,

and the competition for space between drug-sensitive and drug-resistant cancer

cells, impact treatment responses to drugs that inhibit a cancer cells’ ability to repair

DNA damage. We especially investigate how this resource competition affects the

dynamic ratios of subpopulation sizes. Experimental studies have shown that cancer

cells can be resistant to both ATR and PARP inhibitor drugs [138, 26, 15]. Population-

level implications of cell-level resistance to the ATR inhibitor (ATRi) ceralasertib

and the PARP inhibitor (PARPi) olaparib are mathematically and computationally

studied in this work.

The aim of this study is to develop mathematical models to study the competition

for space between drug-sensitive and drug-resistant cancer cells that are subjected

to DDR inhibitor drugs. As a first step towards achieving this aim, we map the

compartment model discussed in Chapter 4 (Model MC) onto a baseline, 2-D ABM

(Section 6.2.1) in which all cells are fully drug-sensitive and the growth of the cell

population size is minimally affected by spatial structures. The baseline ABM is

calibrated by and evaluated against in vitro data (Section 6.2.2) from experimental

data 2 (Section 1.3). To investigate how spatial cell structures, specifically cell
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crowding effects, impact dynamics of heterogeneous cell populations in silico, we

extend the baseline ABM to include spatial heterogeneity and drug-resistant cells. In

this cell crowding limited ABM, drug-sensitive and drug-resistant cells are placed on

the lattice in a variation of initial structures (Section 6.2.3). To ensure that our ABM-

generated in silico results are based on enough simulations to mitigate uncertainty

originating from intrinsic model stochasticity, we perform consistency analyses

(Section 6.2.4).

6.2 Model and Method

6.2.1 Compartment Model: Incorporation Into an Agent-Based Model

As a first step towards studying spatial competition amongst cells (Section 6.2.3),

we here map the compartment model (Model MC, Chapter 4) onto a baseline 2-D

ABM (Figure 6.1 (a)). In the baseline ABM, cells progress through a drug-dependent

cell cycle model (Sections 6.2.1.1 and 6.2.1.2) and exist on a 2-D lattice in which

each lattice site can either be occupied by a drug-sensitive cancer cell or be empty

(Section 6.2.1.3).

6.2.1.1 Modelling the Cell Cycle

Each agent (i.e., cell) in the ABM progresses through the cell cycle via an agent-

intrinsic cell cycle model. The model consists of a set of nodes that represent cell

cycle states and edges that represent paths between states (Figure 6.1 (a)). In the

ABM, we include the cell cycle states in the compartment model (Chapter 4) and an

additional quiescent state, G0 (Figure 6.1 (a)). The G0 state is introduced to achieve

growth inhibition by spatial limitations. Cells in the ABM are equipped with a cell

cycle clock that monitors their progression through the cell cycle and determines

when they leave compartments according to allocation times that are estimated

from in vitro data (Section 6.2.2). For each cell, cellj, in the system, the clock starts

when the cell enters the G1 state and terminates when the cell reaches its individual
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FIGURE 6.1: The ABM is parameterised and evaluated against in vitro experimental
data 2. (a) In the ABM, cells can be in undamaged and cycling (green nodes) or
damaged and/or non-cycling (red nodes) cell cycle states. Cells can progress through
the undamaged states (G1, S, and G2/M) and damaged states (SD, NC). Cell-crowding
may also cause cells to enter the additional G0 state that represents quiescent cells. Each
cell in the ABM has an individual cell cycle clock that tracks its progression through
the cell cycle. Cells in state SD experience DNA replication stress and cells in state NC
have irreparable DNA damage. p and q represent drug-dependent probabilities that
a particular path will be chosen at a fork. The PARPi inhibits cells from progressing
from state G1 to S. The green path represents DNA damage repair, which is inhibited
by both the ATRi and the PARPi. The time and drug dependencies of the parameters in
(a) have been omitted for ease of presentation. (b) The parameter vB, which denotes the
neighbourhood order in which daughter cells can be placed in the ABM, is calibrated
from the in vitro data. Other parameter values are read from the in vitro data and
mapped from the compartment model. The plots show simulated and experimental
cell confluency over 310 hours for various dose combinations of the ATRi and PARPi.
Training data is used to estimate vB (plots I-V) and test data is used to evaluate the
model (plot VI). The solid curves represent the simulation results from the ABM. The
dashed curves represent the mean in vitro data, with the standard error of the mean for

3 experiments indicated with error bars.
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doubling time, Tj, i.e., the time cellj takes to complete one cell cycle and divide

into two daughter cells. The doubling time is chosen from a normal distribution

with mean value τ and standard deviation σ. Here, τ and σ are estimated from

experimental data, where σ is chosen to achieve asynchronously dividing cell

populations, as observed in the regarded in vitro experiments (Section 6.2.2). Note

that if σ = 0, then every dividing cell on the lattice will produce daughter cells at the

same time. When a focal cell’s internal cell cycle clock terminates and the cell leaves

the G2/M state, it attempts to produce a daughter cell (Section 6.2.1.3). If there are

no available lattice sites on which to place the daughter cell, the cell division fails

and the focal cell enters the G0 state. A cell that enters G0 will remain there for the

remainder of the simulation. To represent cell cycle arrest, a cell’s internal cell cycle

clock is paused when a cell is in the SD state.

6.2.1.2 Modelling DDR Inhibitor Drugs

As in the compartment model, the edges in the ABM are assigned weights that are

functions of drug doses. The weights denote probabilities with which paths in the

cell cycle model are taken. To decide which path is taken at forks, random numbers

between zero and one are generated from uniform distributions. If a generated

random number at the post-G1 fork is smaller than p([drugOla]) (equation 4.5),

cells evade the effect of olaparib and enter state S. Similarly, if the random number

generated at the post-SD fork is smaller than q([drugCera], [drugOla]) (equation 4.6),

cells evade drug effects and enter state S. Drugs are administered at the start of the

in silico experiments and are modelled to be constant throughout time and space in

the simulations. This mimics an in vitro experiment without drug elimination.

6.2.1.3 Cells Co-exist on a Lattice

The ABM comprises 100 × 100 lattice sites that can be occupied by one cell or be

empty. The baseline ABM has no-flux boundary conditions, which are chosen

to represent a physical boundary in an in vitro experiment. No-flux boundary
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FIGURE 6.2: Daughter cells are placed using both von Neumann and Moore
neighbourhoods to achieve circular-like growth of the cancer cells. If vB = 3, when
a parental cell divides, a daughter cell gets placed in the 1st, 2nd, or 3rd O.N of
the parental cell using either (a) the von Neumann neighbourhood or (b) the Moore
neighbourhood. The numbers in the figure indicate the order of the neighbourhood
and P indicates the parental cell. (c) Every time a cell divides in the ABM, the choice
of von Neumann neighbourhood or Moore neighbourhood is randomly selected to

achieve a circular-like growth of the cells.

conditions ensure cells on the edge of the lattice cannot place daughter cells beyond

the lattice boundary [143]. At the start of the simulations, P0 cells are seeded on

the lattice. The cells are randomly scattered across the lattice and are initiated

in different cycling cell cycle states (i.e., G1, S, SD, G2/M), according to a cell

cycle distribution frequency that is estimated from in vitro data (Section 6.2.2) and

correspond to the factors G10, S0, SD0, G2/M0 in equations 4.2a-e. When the cell

population, P(t), has reached a critical size P∗, the drugs are applied to the system.

P∗ is stochastic and estimated from in vitro data (Section 6.2.2).

In the ABM, when a cell reaches the end of its cell cycle doubling time, it divides

and a daughter cell is placed on the lattice. Daughter cells can be placed using von

Neumann neighbourhoods (Figure 6.2 (a)) or Moore neighbourhoods (Figure 6.2 (b)).

To achieve circular-like growth of the cells, each time a cell in the model divides, the

choice of which neighbourhood (von Neumann or Moore) a daughter cell is placed

in is randomly selected (Figure 6.2 (c)). Note that lower order neighbourhoods

(O.N.s) are prioritised over higher O.N.s. The lattice points adjacent to the parental

cell consist of the 1st O.N. of the parental cell. If scheduled for division, a daughter
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cell will be placed in a random location in the 1st order von Neuman/Moore

neighbourhood. If all eligible lattice points in the chosen neighbourhood are

occupied by cells, the daughter will be placed randomly in the 2nd O.N. Similarly, if

there is no free lattice point in the 2nd O.N., the daughter cell may be placed in the

3rd O.N, and so on up to the vBth O.N. [76]. To simulate growth inhibition caused

purely by a lack of space to divide, if all cells up to and including the vBth O.N. are

occupied by cells, the parental cell will go into quiescence, where it will remain for

the duration of the in silico simulation. Here, vB is the number of neighbourhoods

in which daughter cells can be placed and is estimated from in vitro data (Section

6.2.2).

6.2.2 Model Parameterisation

The ABM parameters are estimated from an in vitro experiment in which FaDu ATM-

KO cells were subjected to one or two DDR inhibitor drugs [113]. Cell confluency

and cell death data were reported for 0-310 hours, and pulse-chase data were

reported for 0-24 hours. First, some ABM model parameters (CABM, q0, p0, Emax,1,

Parameter
Name

Parameter
Value

Parameter Description

G10 0.36 The fraction of cells in state G1 at the start of the
simulation.

S0 0.14 The fraction of cells in state S at the start of the
simulation.

SD0 0.04 The fraction of cells in state SD at the start of the
simulation.

G2/M0 0.46 The fraction of cells in state G2/M at the start of the
simulation.

NC0 0 The fraction of cells in state NC at the start of the
simulation.

G00 0 The fraction of cells in state G0 at the start of the
simulation.

TABLE 6.1: Initial conditions are estimated from in vitro experimental data 2. The
initial fraction of cells in states G1, S, SD, and G2/M are estimated from pulse-chase
data. At the start of the simulations, no cells are in the non-cycling states NC and G0.
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Parameter Name Parameter Value Parameter Description
Parameter values that are estimated by fitting the compartment model to in vitro data.
p0 0.3558 The probability that cells transition from state

G1 to S.
q0 1 The probability that cells transition from state

SD to S.
Emax,1 1 The maximal drug effect of ceralasertib.
E50,1 0.2579 µM The concentration of ceralasertib that results

in half the maximal effect.
h1 1.5187 The Hill coefficient of ceralasertib.
Emax,2 0.5609 The maximal drug effect of olaparib.
E50,2 0.1275 µM The concentration of olaparib that results in

half the maximal effect.
h2 1.0962 The Hill coefficient of olaparib.
Parameter values that are estimated by fitting the agent-based model to in vitro data.
CABM 10,000 cells The carrying capacity in the agent-based

model.
P0 N · n cells The number of seeded cells in the agent-based

model. N and n respectively denote the
number of seeded clusters and the number
of cells per seeded cluster (Section 6.2.3).

P∗ ∼ U(µP∗ ± 3σP∗) µP∗ = 482 cells
σP∗ = 21 cells

The number of cells when the drugs are
administered is picked from a uniform
distribution.

Tj ∼ N(τ, σ2) τ = 41 hours
σ = 8.2 hours

The doubling time of cellj is picked from a
normal distribution.

τG1 0.36 The fraction of a cell’s doubling time spent in
state G1.

τS 0.18 The fraction of a cell’s doubling time spent in
state S.

τSD 0.04 The fraction of a cell’s doubling time spent in
state SD.

τG2/M 0.46 The fraction of a cell’s doubling time spent in
state G2/M.

vB 3 lattice sites The neighbourhood-order in which daughter
cells can be placed in the baseline agent-based
model.

Parameter values that are chosen in the cell crowding limited ABM (Section 6.2.3).
vC 1 lattice site The neighbourhood-order in which daughter

cells can be placed in the cell crowding limited
agent-based model.

TABLE 6.2: Parameter values are estimated from in vitro experimental data 2. The
table displays the parameter values that are used in the ABMs.

E50,1, h1, Emax,2, E50,2, h2) are directly mapped from the compartment model. There-

after, some ABM-specific parameters (τG1, τS, τSD, τG2/M, τ, µP, σP) are directly read

from the in vitro data. Lastly, the parameter vB is estimated by matching simulation
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outputs to in vitro data (see Appendix A.4.1 for more details).

The ABM-specific carrying capacity is CABM = 10, 000, which represents the total

number of lattice sites. Initially, P0 cells are seeded on the lattice in varying cluster

sizes. Since we seed the cells in one or multiple clusters, the value of P0 depends

on N (the number of clusters) and n (the number of cells in each cluster) such

that P0 = N · n. The time, td, at which the total cell population P(td) = P∗ is

when the drugs are administered and the in silico experiments start. To create

diversity in initial cell configurations, we ensure that P0 < µP∗ , which allows for

cell proliferation before drug administration. The value of P∗ is randomly chosen

for each simulation by sampling from a uniform distribution with values in the

range [µP∗ − 3σP∗ , µP∗ + 3σP∗ ]. Both µ∗
P and σ∗

P are estimated using the in vitro

cell confluency data in the absence of drugs. The value of µP∗ is estimated to

be 482, calculated by multiplying the initial mean cell confluency (4.82%) by the

carrying capacity, CABM. Similarly, the initial standard deviation for the in vitro

cell confluency is 0.21, thus σP∗ = 21. From the in vitro data, we observe a varied

standard error of margin for the initial cell confluency. Hence, to fit the ABM to

data, we take the uniform distribution to be plus or minus 3 standard deviations of

the mean, µP∗ .

In the ABMs, a cells’ doubling time is chosen from a normal distribution with mean

τ = 41 hours, which is the doubling time of FaDu ATM-KO cells, and standard

deviation σ = 8.2 hours. We choose a standard deviation equal to 20% of the mean

to achieve an asynchronous population as observed in the in vitro data. As in the

compartment model, we seed the cells in different cell cycle states, estimated from

the pulse-chase data. Since we assume that all initially seeded cells are either cycling

or can become cycling, none of the seeded cells are in the NC state or the G0 state.

We assume that G10, S0 + SD0, and G2/M0 are the fraction of a cell’s doubling

time spent in the G1, S, and G2/M state respectively. This is because we assume

that the SD state is a sub-state of S, where cells are arrested in the S phase due to
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DNA damage. To represent cell cycle arrest, we assume that cell cycle progression

is halted and the time spent in the SD state does not contribute towards the cell’s

doubling time. To account for this in the ABM, we use a separate clock to track

how long a cell will spend in the SD state. The fraction of time cells spend in SD

(τSD) is calculated as a fraction SD0 of the cell’s doubling time. Note that the cells

are seeded at a random time during their assigned cell cycle state, chosen from a

uniform distribution ranging from the start to the end time of the corresponding

state.

When we calibrate the baseline ABM to the in vitro cell confluency data, we investi-

gate various values of vB and conclude that placing daughter cells within 3rd order-

neighbourhoods can achieve a logistic growth curve most similar to that of the data

(see Appendix A.4.1 for more details). When we extend the baseline ABM to the cell

crowding limited ABM, we choose to limit parental cells to place daughter cells in the

first order-neighbourhood to emphasise the spatial limitations of cell division caused

by cell crowding. The remaining parameters (q0, p0, Emax,1, E50,1, h1, Emax,2, E50,2, h2)

are taken directly from the compartment model. Parameter values related to the

initial conditions are listed in Table 6.1 and all other parameters are listed in Table

6.2.

Since the ABM (Figure 6.1 (a)) is able to satisfactorily predict unseen time series data

(Figure 6.1 (b)), we argue that the model is appropriate for our current study which

aims at modelling cell population dynamics in response to 0.1-1 µM ceralasertib

doses and 0.2-1 µM olaparib doses.

6.2.3 Spatio-Temporal Cell Population Dynamics: An Agent-Based Model

To investigate the role of space in the competition between drug-sensitive and drug-

resistant cancer cells, we extend the baseline ABM (Section 6.2.1) to: (1) include

both drug-sensitive and drug-resistant cells, and (2) include spatial limitations by

cell crowding. In the model, drug-resistant cells can be intrinsically resistant to
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ceralasertib (ATRi), olaparib (PARPi), or to both ceralasertib and olaparib. The

latter case simulates multi-drug resistance. Furthermore, we incorporate inherited

resistance into the model so that drug-resistant parental cells pass on their drug-

resistant traits to their daughter cells. In the cell crowding limited ABM, parental

cells may only place daughter cells in their immediate neighbourhoods, i.e., in first-

order neighbourhoods, such that vC = 1. To ensure that this spatial competition is an

effect of cell crowding and not the boundary, we use periodic boundary conditions

in this part of the study. This means that cells on the left edge of the lattice can

place cells on the far right edge and cells on the top edge of the lattice can place

cells on the far bottom of the lattice, and vice versa [143]. Note that we also repeat

all of the experiments in Section 6.3 with no-flux boundary conditions and there is

no significant difference in the model output compared to the periodic boundary

conditions (See Appendix A.4.2).

To investigate how various cell-level and population-level properties impact the

competition for space amongst cancer cells, we vary six factors in the initial cell

configurations of the ABM, as listed in 1-6 below.

1. The cells are seeded in different spatial configurations on the lattice (Figure

6.3).

2. The initial fraction of drug-resistant cells is either 0.1 or 0.3.

3. The drug-resistant cells are resistant to ceralasertib, olaparib, or both cer-

alasertib and olaparib.

4. Cells are treated with either ceralasertib monotherapy, olaparib monotherapy,

or combination therapy.

5. Drugs are given at higher doses (1 µM ceralasertib, 1 µM olaparib), or lower

doses (0.3 µM ceralasertib, 0.2 µM olaparib).

6. The doubling time of drug-resistant cells is varied in relation to the doubling

time of drug-sensitive cells.
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FIGURE 6.3: In the cell crowding limited ABM, cells are initiated in (a) single-cell
clusters, (b) multi-cell clusters, or (c) monoclusters. In (a,b,c), we seed P0 cells on the
lattice, where 0.7P0 cells are drug-sensitive (orange) and 0.3P0 cells are drug-resistant
(purple). The example snapshots in (a,b,c) are taken when the total cell counts have
reached the critical value P∗ which is chosen stochastically and determines when drugs

should be applied.

LIST 6.1: To investigate the spatial competition between drug-sensitive and drug-
resistant cells in response to drug treatments, we vary items 1-6 in simulation

experiments.

To achieve different spatial configurations (Item 1, List 6.1), we seed the cells in

different-sized clusters. We let N denote the total number of initial clusters on the

lattice and n denote the total number of cells in each seeded cluster. Examples of

initial cell configurations with N = 419, 32, and 1 cluster are shown in Figure 6.3

(a)-(c) respectively, where the fraction of drug-resistant cells is 0.3.

6.2.4 Consistency Analysis

Before proceeding to the result-generation, we note that simulation stochasticity

arises from multiple sources in the ABMs: the initial cell configurations (Section

6.2.1.3), the placement of daughter cells (Section 6.2.1.3), the paths taken in the

cell cycle model and the cell doubling times (Section 6.2.1.1), and drug responses

(Section 6.2.1.2). Moreover, we would like to report our result with summary

statistics that are averaged over multiple simulations. This begs the question: How

many simulations do we need to run in order to report meaningful results that

mitigate uncertainty originating from intrinsic model stochasticity? One way to

answer this question is through performing a consistency analysis. The process is
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described in detail by Hamis et al. [74] which builds on previous statistical work by

Vargha et al. [177] and Alden et al. [4].

For this study, we perform a consistency analysis on the cell crowding limited ABM

where cells are seeded on the lattice in single-cell clusters and no drug-resistant cells

are included. We choose two output variables of interest: the cell confluency with

0.3 µM ceralasertib and 0.2 µM olaparib, both halfway through (X1) and at the end

(X2) of the simulations. We choose this combination treatment to ensure we have

stochasticity from both drugs, without non-cycling cells having a significant effect

on the cell confluency output. We seek the smallest number of in silico simulations, d,

needed to be run per experiment that mitigates uncertainty originating from intrinsic

model stochasticity, i.e., the smallest d to produce a small statistical significance. In

this study, we test values of d =1, 5, 50, 100, and 300 [74]. This can be viewed as a

one-dimensional constrained optimisation problem defined as:

min{d : Â(d) ≤ 0.56}. (6.1)

When conducting consistency analysis, one in silico simulation produces one data

sample of the chosen variables Xi. We generate distributions of data samples with

varying sizes, where a distribution with distribution-size d has d data samples. We

produce distribution groups, gd, each comprising 20 distributions of distribution-

size d, i.e., a group, g1, comprising 20 distributions of size d = 1, another group

g5 comprising 20 distributions of size d = 5, etc. Overall, we have to produce

20(1 + 5 + 50 + 100 + 300) = 9120 data samples to perform the consistency analysis.

In each distribution group, gd, we compute the Â-measure, Âgd
1,k′(Xi), for each

variable Xi to compare the 1st and the k′th distributions, k′ = 2, 3, . . . , 20 (equations

6.2 and 6.3) [74]. This deduces how stochastically equal the two distributions are.

Let B and C be two distributions comprising m1 and m2 data samples respectively
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of some variable X such that B = {b1, b2, . . . , bm1} and C = {c1, c2, . . . , cm2}. The

Â-measure is calculated as follows:

ÂBC(X) =
1

m1m2

m1

∑
i=1

m2

∑
j=1

H(bi − cj), (6.2)

where:

H(x) =


1 if x > 0,

1
2 if x = 0,

0 if x < 0.

(6.3)

In other words, we compare all values bi, i = 1, . . . , m1 in distribution B to values

cj, j = 1, . . . , m2 in distribution C and give them a score of 0, 0.5, or 1. To deduce

how stochastically equal distributions B and C are, we calculate the Â-measure,

ÂBC(X) ∈ [0, 1], by averaging the sum of the scores by dividing by m1m2. If all

values bi are bigger than all values cj, the Â-measure value is 1. Similarly, if all

values bi are smaller than all values cj, the Â-measure value is 0. The closer the

value of ÂBC(X) is to 0.5, i.e., when the values bi are bigger than cj half of the time,

the more stochastically equal distributions B and C are with regard to the variable

X. However, we are only interested in how much the distributions are equal, not

which distribution is stochastically greater. Hence, to omit direction we calculate

the scaled Â-measure, denoted Â ∈ [0.5, 1] [74], given by

ÂBC(X) =


ÂBC(Xi) if ÂBC(Xi) ≥ 0.5,

1 − ÂBC(Xi) if ÂBC(Xi) < 0.5.
(6.4)

For each group, gd, we calculate the maximal scaled Â-measure, Â
gd
max, and compare

it to threshold values (equation 6.5) to deduce whether the statistical significance
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between the two distributions is small, medium, or large [74, 36]. These threshold

values are given by:

Statistical Significance =


small if Â

gd
max(X) ∈ [0.5, 0.56],

medium if Â
gd
max(X) ∈ (0.56, 0.64],

large if Â
gd
max(X) ∈ (0.64, 0.71].

(6.5)

We assume that if the maximal scaled Â-measure is greater than 0.71, the statistical

significance between the two distributions is extremely large. Hence, we want to

find the smallest value of d such that Â
gd
max ≤ 0.56, i.e., the smallest distribution-size

d yielding a small stochastic significance for all 19 Â-measures [74].

We conclude from Figure 6.4 and Table 6.3 that d = 100 is the smallest tested value

of d that has a maximum scaled Â-measure value under the threshold value 0.56 for

both outputs X1 and X2. Therefore, 100 simulation runs per in silico experiment will

suffice to form the basis for our reported results. Note that Figure A.18 in Appendix

A.4.3 show the Â-values in both the initial and scaled form for each distribution

size d.

Distribution Size d=1 d=5 d=50 d=100 d=300

Output X1 (half time) 1 0.92 0.5894 0.5539 0.5287

Output X2 (end time) 1 0.92 0.5990 0.5569 0.5341

TABLE 6.3: Scaled Â-measure calculate how stochastically equal two distributions
are. The table shows the scaled Â-measure values for distribution sizes d =1, 5, 50,
100, and 300 relating to both output variables; the cell confluency halfway through the
experiment (X1) and at the end of the simulation (X2) for 0.3µM ceralasertib and 0.2µM

olaparib.
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FIGURE 6.4: A consistency analysis is performed to decide how many in silico
simulations are needed to make conclusions from the ABM to mitigate any model
uncertainty arising from intrinsic-model stochasticity. The figure shows the maximal
scaled Â-measures (vertical axis) for different distribution sizes (horizontal axis) relating
to two output variables: the cell confluency for 0.3µM ceralasertib and 0.2µM olaparib
half-way through (X1) and at the end of the simulation (X2). We generate distribution
groups each comprising 20 distributions, i.e., 20 simulations of size d. To see how
equal two distributions are, the Â-measures are calculated by comparing distributions
1 and k′ for our chosen output variables, where k′ = 2, 3, . . . , 20. Each Â-measure
produces a value between 0 and 1, where a value of 1 means the first distribution
group is stochastically greater and a value of 0 means the second distribution group is
stochastically greater. To omit which of the distributions are greater, and see only how
equal the two distributions in question are, we scale these Â-values to generate values
between 0.5 and 1. We then take the maximum value in each group to get the maximum
scaled Â-measure. We seek the smallest d that produces a small statistical significance,
i.e., scaled Â-values below the green line. Scaled Â-values between the green and
orange line have a medium stochastic significance and scaled Â-values between the

orange and red lines have a large stochastic significance.

6.3 Results

6.3.1 The Spatial Structure of Cells Impacts Cell Population Responses

We perform a series of in silico experiments that are designed to investigate the

dynamics of simulated cell populations in which drug-sensitive and drug-resistant

cells co-exist and compete for space. In the first experiment, we aim to elucidate

how the competition between drug-sensitive cells and cells that are resistant to both

ceralasertib and olaparib is impacted by spatial cell configurations. To do this, we
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FIGURE 6.5: Cells that are resistant to an ATRi (ceralasertib) and a PARPi (olaparib)
compete for spatial resources with drug-sensitive cells. P0 cells are randomly seeded
on the lattice in single-cell clusters (a,d), multi-cell clusters (b,e), or monoclusters (c,f),
with either 0.1P0 (a,b,c) or 0.3P0 (d,e,f) drug-resistant cells. Simulations are performed
with no drugs (top row in each panel a-f), ceralasertib monotherapy (left column of
the treatment section in each panel a-f), olaparib monotherapy (middle column of the
treatment section in each panel a-f), and combination therapy (right column of the
treatment section in each panel a-f) for high (middle row in each panel a-f) and low
(bottom row in each panel a-f) doses. Examples of initial and final simulation snapshots
are shown in each panel a-f with drug-sensitive (orange) and drug-resistant (purple)
cells. Panels a-f also include plots of the dynamic mean fraction of drug-sensitive
(orange) and drug-resistant (purple) cells, and standard deviations (dashed curves)

from 100 simulation runs.

initiate the silico experiments by seeding P0 cells on the lattice in three different

configurations: single-cell clusters, multi-cell clusters, and monoclusters (Item 1,

6.1; Figure 6.3). For each of these configurations, we vary the initial fractions of

drug-resistant cells (Item 2, 6.1), drug treatments (Item 4, 6.1), and drug doses (Item

5, 6.1). The results from these experiments are summarised in Figure 6.5, where we
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FIGURE 6.6: Cells that are resistant to an ATRi (ceralasertib) compete for spatial
resources with drug-sensitive cells. P0 cells are randomly seeded on the lattice in
single-cell clusters (a,d), multi-cell clusters (b,e), or monoclusters (c,f), with either 0.1P0
(a,b,c) or 0.3P0 (d,e,f) drug-resistant cells. Simulations are performed with no drugs
(top row in each panel a-f), ceralasertib monotherapy (left column of the treatment
section in each panel a-f), olaparib monotherapy (middle column of the treatment
section in each panel a-f), and combination therapy (right column of the treatment
section in each panel a-f) for high (middle row in each panel a-f) and low (bottom
row in each panel a-f) doses. Examples of initial and final simulation snapshots are
shown in each panel a-f with drug-sensitive (orange) and drug-resistant (purple) cells.
Panels a-f also include plots of the dynamic mean fraction of drug-sensitive (orange)
and drug-resistant (purple) cells, and standard deviations (dashed curves) from 100

simulation runs.

plot the fraction of drug-sensitive and drug-resistant cells over the simulation time

course, 310 hours. Note that in Figure 6.8, we also plot examples of initial and final

simulation snapshots during drug treatment to show the morphological changes

in the cell configurations in response to different drug treatments and differently

seeded spatial configurations of the cells on the lattice.
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FIGURE 6.7: Cells that are resistant to a PARPi (olaparib) compete for spatial resources
with drug-sensitive cells. P0 cells are randomly seeded on the lattice in single-cell
clusters (a,d), multi-cell clusters (b,e), or monoclusters (c,f), with either 0.1P0 (a,b,c) or
0.3P0 (d,e,f) drug-resistant cells. Simulations are performed with no drugs (top row in
each panel a-f), ceralasertib monotherapy (left column of the treatment section in each
panel a-f), olaparib monotherapy (middle column of the treatment section in each panel
a-f), and combination therapy (right column of the treatment section in each panel a-f)
for high (middle row in each panel a-f) and low (bottom row in each panel a-f) doses.
Examples of initial and final simulation snapshots are shown in each panel a-f with
drug-sensitive (orange) and drug-resistant (purple) cells. Panels a-f also include plots
of the dynamic mean fraction of drug-sensitive (orange) and drug-resistant (purple)

cells, and standard deviations (dashed curves) from 100 simulation runs.

We first note that by comparing the panels in Figure 6.8, as expected, higher drug

concentrations result in fewer cells while maintaining the shape of the initial cell

configuration. By comparing the panels in Figure 6.5, we can see how the different

seeded cell populations lead to different population dynamics. From the results

in Figure 6.5 (top rows of a-f), we see that, in the absence of drugs, the fractions

of drug-sensitive and drug-resistant cells do not notably vary over the simulation
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FIGURE 6.8: The spatial organisation of cells with and without treatment. In (a-i),
we seed a total number of P0 cells on the lattice, where 0.7P0 cells are drug-sensitive
(orange) and 0.3P0 cells are drug-resistant (purple). Cells are seeded in single-cell
clusters (a,d,g), multi-cell clusters (b,e,h), or monoclusters (c,f,i). Simulations are
performed with no drugs (top row in each panel a-g), combination therapy (a,b,c),
ceralasertib monotherapy (d,e,f), and olaparib monotherapy (g,h,i) for high (middle
row in each panel a-i) and low (bottom row in each panel a-i) doses. Examples of initial

and final simulation snapshots are shown in each panel.
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time course for any seeded cell configuration. This is because there are no drugs

to target the drug-sensitive or drug-resistant cells, which means both populations

grow at the same rate. However, when drugs are applied in the in silico experiments,

the fraction of the drug-resistant populations increase over time due to the drugs

targeting the drug-sensitive populations only. This result is particularly significant

when the cells are seeded in smaller-sized clusters. For instance, when cells are

seeded in single-cell clusters and given high-dose combination treatments, the

fraction of drug-resistant cells increases to the extent of dominating the population

by the end of the simulations (Figure 6.5 (a) and (d)). The result that the initial

cell configurations impact the dynamic composition of drug-sensitive to drug-

resistant cells can be explained by the fact that cells can only proliferate if they

have space to do so, i.e., are on the periphery of clusters. As such, cell crowding

impedes the growth of both cell populations, whereas drugs impede the growth

of drug-sensitive cell populations only. By decreasing the seeded cell cluster sizes,

the space for undamaged and dividing cells to proliferate increases. This effect

is exasperated when: (i) the initial fraction of drug-resistant cells is high at the

start of the simulation, as can be observed by comparing panels (a,b,c) to (d,e,f) in

Figure 6.5, (ii) drugs are given at high doses, as can be observed by comparing the

middle to bottom rows in panels a-f in Figure 6.5, and (iii) drugs are administered in

combination, as can be observed by comparing the columns in panels a-f in Figure

6.5.

In Figures 6.6 and 6.7, we have repeated the in silico experiments that are sum-

marised in Figure 6.5, for cases where the drug-resistant cells are resistant only to

either ceralasertib or olaparib. Interestingly, when cells are resistant to only one

drug and are seeded in multi-cell clusters or monoclusters, low-dose combination

treatments lead to higher fractions of drug-resistant cells compared to high-dose

combination treatments (Figures 6.6 and 6.7 (b), (c), (e), and (f)). This is because even

though one of the drugs suppresses both populations, the other drug suppresses the

drug-sensitive population only. This means that low-dose combination treatments
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lead to a fewer number of drug-resistant cells transitioning to the NC state compared

to high-dose combination treatments. Therefore, a lower combination drug dose

marginally favours the drug-resistant populations in Figures 6.6 and 6.7 (b), (c), (e),

and (f).

In summary, our simulation results demonstrate that there is a complex interplay

between in silico cell competition and seeded cell configurations, initial fraction

of seeded drug-resistant cells, mode of drug resistance, drug treatments, and drug

doses (Items 1-5, 6.1).

6.3.2 Spatial Competition and Drug Concentrations Impacts the Prolifer-

ation of Cancer Cell Subpopulations

FIGURE 6.9: Drug doses and spatial cell configurations impact the dynamics of total
cell counts and the composition between drug-sensitive and drug-resistant cells.
The heatmaps show results from in silico experiments in which drug-sensitive and
drug-resistant cells coexist. At the start of the experiments, P0 cells are seeded on the
lattice, where 0.3P0 cells are resistant to both ceralasertib and olaparib. Two inputs
are varied in the simulations: (1) the number of clusters in which cells are seeded
(indicated by the horizontal heatmap axes), and (2) the combination treatment drug
doses (indicated by the vertical heatmap axes). The results show (a) the total cell count
and (b) the fraction of drug-resistant cells at the end of the simulations. Each heatmap

bin shows the mean value of 100 simulation runs.
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To study how the spatial competition between cells impact not only drug-sensitive

and drug-resistant subpopulation sizes, but also total cell counts, we here expand

on the experiments described in Section 6.3.1. To do this, we vary two in silico

inputs: the initial spatial cell configurations (Item 1, 6.1) and drug doses (Item 5, 6.1).

In the experiments, we seed P0 cells on the lattice in different number of clusters,

where 0.3P0 cells are resistant to both ceralasertib and olaparib. Importantly, the

number of seeded cells is the same for all in silico experiments, but the number

of clusters in which the cells are seeded ranges between single-cell clusters to

monoclusters. We also vary the combination drug dose between 0 and 1 µM, i.e.,

between [drugCera]=[drugOla]=0 µM and [drugCera]=[drugOla]=1 µM. Simulation

results are summarised in heatmaps in Figure 6.9, where the first heatmap (a) shows

the total cell count, and the second heatmap (b) shows the fraction of drug-resistant

cells at the end of the simulation for different drug doses (vertical axes) and number

of seeded clusters (horizontal axes). Note that in Figure 6.9, we plot the mean

from 100 simulation runs. However, in Appendix A.4.4, we also plot the median,

standard deviation, and variance from these 100 simulation runs.

Our simulation results show that the end time cell counts increase with the number

of clusters and decrease with increasing drug doses (Figure 6.9 (a)). Drug-resistant

population fractions also increase with the number of clusters but increase with

increasing drug doses (Figure 6.9 (b)). From an in silico treatment perspective, this

means that the treatment objective should influence the applied drug doses. Indeed,

biologically relevant treatment objectives include: (i) suppressing the total cell count

and (ii) suppressing the drug-resistant fraction, which might be best achieved by

different doses. We exemplify this argument by considering a scenario in which

the initial cell configuration (i.e., the number of seeded clusters) is fixed, but the

applied drug dose is human-controllable. In this example, we start with 64 clusters

and our treatment objective is to keep the end time cell count below 5000 cells. We

can use Figure 6.9 (a) to see that the drug dose needs to be in the range 0.1-1 µM.

From Figure 6.9 (b), we also see that dose 1 µM yields an end time drug-resistant
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fraction of 0.99, whereas dose 0.1 µM yields an end time drug-resistant fraction of

0.66. Hence, one could argue that the latter drug dose is more favourable than the

former drug dose from a treatment perspective.

Overall, our results suggest that different treatment objectives (e.g., suppressing cell

counts, or suppressing drug-resistant cell populations) should be leveraged when

designing treatment strategies (here, drug doses) since the objectives might be best

achieved with different strategies.

FIGURE 6.10: Spatial cell configurations, drug doses, and cell doubling times impact
the dynamics of total cell counts and the composition between drug-sensitive and
drug-resistant cells. At the start of the experiments, P0 cells are seeded on the lattice,
where 0.3P0 cells are resistant to both ceralasertib and olaparib. Three inputs are varied
in the simulations: (1) the seeded cluster configurations (left, middle, right panel),
(2) the combination treatment drug doses (indicated by the vertical heatmap axes),
and (3) the mean doubling time of the drug-resistant cells (indicated by the horizontal
heatmap axes). The heatmaps show the total cell count (top panel) and the fraction
of drug-resistant cells (bottom panel) at the end of the simulation. Each heatmap bin

shows the mean value of 100 simulation runs.
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6.3.3 The Doubling Time of Drug-Resistant Cells Impacts Cell Popula-

tion Dynamics

In the previous in silico experiments (Sections 6.3.1 and 6.3.2), the doubling times of

drug-sensitive and drug-resistant cells are picked from the same normal distribution

with mean doubling time, τ, and standard deviation σ. Now we investigate how

population dynamics are affected when the mean doubling time τR of the drug-

resistant cells are increased. As done in previous experiments, we seed P0 cells on the

lattice in single-cell clusters, multi-cell clusters, or monoclusters (Item 1, 6.1) where

0.3P0 cells are resistant to both ceralasertib and olaparib. We also, simultaneously,

vary the ceralasertib and 2 doses (Item 5, 6.1; Figure 6.10 vertical axes), and the

mean doubling time of drug-resistant cells (Item 6, 6.1; Figure 6.10 horizontal axes).

The results are summarised in heatmaps in Figure 6.10, where we measure both the

total cell count (top panel) and the fraction of drug-resistant cells (bottom panel)

at the end of the simulations for different drug doses and drug-resistant doubling

times for each seeded cell configurations.

As expected, our simulation results show that both cell counts and drug-resistant cell

fractions decrease with increasing values of τR, due to fewer cell-divisions of drug-

resistant cells. What is interesting to note, however, is that cell populations that are

seeded in monoclusters are less sensitive to changes in τR, compared to populations

that are seeded in single-cell and multi-cell clusters (Figure 6.10). This can be

observed by comparing the spread in cell counts in the top heatmaps in Figure 6.10,

and can be explained by the spatial limitations that follow from increased cluster

sizes. On the other hand, the relationship between: (1) cell configurations, (2) drug

doses, and (3) doubling times is more complicated to delineate. For instance, for

the no drug treatment, the end time drug-resistant fraction varied between 0.3003-

0.1029, 0.3001-0.0775, 0.3034-0.1274 when τR is increased from 41 to 82 hours for

single-cell, multi-cell, and monoclusters, respectively. However, for the 1 uM drug

dose, these fractions respectively vary between 0.9990-0.9979, 0.9691-0.9014, and
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0.6661-0.3950 (Figure 6.10, bottom rows).

Together, these results indicate that spatial factors may significantly impact simu-

lated cell populations’ sensitivities to cell-extrinsic factors (e.g., drug doses) and

cell-intrinsic factors (e.g., doubling times).

6.4 Conclusion

The tumour microenvironment is a complex system comprising multiple cell types.

Knowing the spatial structure and location of these different cell types may help

to predict treatment responses [186, 141, 171]. In this study, our focus is primarily

on two specific cell types: drug-sensitive and drug-resistant cells. Nonetheless, we

acknowledge that these cell-cell interactions that impact treatment responses are not

limited to the interaction between drug-resistant and drug-sensitive cells. Indeed, a

correlation between the spatial location of T-cells and improved treatment outcomes

has also been revealed in many different cancers [59, 167, 124]. Similarly, in vitro

spatial data have shown that tumour cells in close proximity to cancer-associated

fibroblasts survive longer under therapy leading to resistance and worse overall

survival [123, 121, 31], supported by in vivo work [121]. Another instance of spatial

significance is knowing the location of immune cells within the tumour microenvi-

ronment. Studies have shown that immune cells situated in the tumour stroma can

have a role in promoting angiogenesis, which can cause tumour proliferation and

invasion [58].

Our in silico study demonstrates the importance of knowing the spatial location and

distribution of resistant cells within a cancer cell population for cancer treatment,

which is currently an understudied problem. Gathering spatial data from in vitro

and in vivo experiments can be difficult, impractical, and time-consuming. Hence,

we propose that mathematical models, such as the one developed in this work, can

be used to guide predictions of treatment response.
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The cell crowding limited ABM developed in this Chapter could be used to study

tumour recurrence and previously treated cancers, where drug-resistant cells are

already present. The ABM could be used to study optimal drug doses as we have

with both compartment models previously discussed in this thesis (Chapters 2

and 4). To further expand on this work, instead of using a clock to track cells

progression through the cell cycle, we could explore the changes to the results if we

track progression by using the ODEs developed in either Chapter 2 or Chapter 4 for

each individual cell.

The model developed in this paper certainly does not capture everything within a

cancer cell population. The ABM could be developed further to study other forms

of resistance, such as acquired resistance and communicated resistance. Despite this,

the mathematical model is used to substantiate the implications of space limitations

and cell-cell competition within the population and emphasise the importance of

knowing the spatial structure of the cells for cancer treatment.
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Chapter 7

Conclusions and Future Directions

7.1 Conclusions

In this thesis, we used two different modelling approaches to study the growth

of cancer cells in response to DDRi drugs. These approaches included two com-

partment models and an ABM. We studied the temporal dynamics of cancer cell

populations via a compartment model, and used it to explore the impact of the

complex drug interactions on cancer cell proliferation and new combination doses

of the drugs to maximise cell kill. Our simulation results showed that certain drug

effects impact cell proliferation more than others. This indicates that although

drugs target multiple DDR pathways, not all modes of action are as prominent as

others. We performed both local (robustness analysis) and global (Latin hypercube

analysis) sensitivity analysis techniques to study how sensitive our model output is

to changes in the parameter values. Our results showed that the model output is

not sensitive to certain parameters.

Motivated by the results of the sensitivity analysis, we simplified the compartment

model to study the synergy between ceralasertib and olaparib. To analyse these

models further, we explored the most synergistic combination doses using multiple

synergy reference models, including Bliss, Highest-single agent (HSA), Loewe,

and Lowest-single dose (LSD). Our simulation results demonstrated that the doses
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deemed synergistic differ depending on the choice of reference model. Hence, we

investigated four criterion spaces: Loewe-Bliss, LSD-Bliss, Loewe- HSA, and LSD-

HSA, and found the Pareto optimal drug combinations which are deemed optimal

on all four criterion spaces.

We then mapped the simplified compartment model onto a 2-D on-lattice ABM

to investigate the temporal and spatial dynamics of cancer cell populations. An

uncertainty analysis technique, consistency analysis, was performed on the ABM

to mitigate model uncertainty from the results. Experimental studies have shown

that cells can become resistant to DDR inhibitor drugs. Hence, we used the ABM

to study the interplay between drug-sensitive and drug-resistant cancer cells and

their impact on treatment responses to DDR inhibitor drugs. Our simulation results

suggested that treatment responses to cancer drugs are simultaneously affected by:

(i) different seeded spatial configurations of the cells on the lattice, (ii) the initial

fraction of drug-resistant cells, (iii) the drugs to which the cells are resistant to, (iv)

drug treatments (i.e., monotherapies and combinations of the drugs), (v) drug doses,

and (vi) the doubling time of drug-resistant cells in relation to the doubling time of

drug-sensitive cells.

7.2 Future Directions

There are many ways in which we can expand on our work. Radiotherapy is a

common anti-cancer treatment that is currently used for around 50% of all cancer

patients [14]. Radiotherapy induces DNA damage which triggers the DDR [149]. If

the DDR is inhibited, e.g., by DDR inhibitor drugs, the likelihood of DNA damage

getting repaired is lower, which could lead to an increased amount of cell death.

Therefore, DDR inhibitors and radiotherapy could be combined to enhance tumour

cytotoxicity [149]. Many clinical trials that study the combination of radiotherapy

with DDR inhibitor drugs, many of which are PARP inhibitors, are recruiting, active,

or completed. For example, the combination of radiotherapy and olaparib have
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been trialled in many types of cancer such as breast cancer [39, 89, 131], pancreatic

cancer [90], lung cancer [30], and head and neck cancer [88]. Following Checkley et

al. [34] and Hamis et al. [75], one could add radiotherapy into both our compartment

models and our ABM to further study the combination of radiation and DDR

inhibitors. We could study the combination of radiation, olaparib and ceralasertib.

Specifically, it would be interesting to add radiotherapy to the ABM discussed in

Chapter 6 since radiotherapy breaks up the tumour, which leads to morphological

changes. Hence, treating tumours with a monocluster structure using radiotherapy

could result in tumours with appearances closer to the appearance of single-cell or

multi-cell clusters.

Other potential expansions might be to adapt the model to study in vivo experiments.

By doing so, we can investigate optimal scheduling, sequencing, and dosage of the

drugs which can inform clinicians on optimal treatment for clinical trials that involve

ceralasertib and olaparib. Similarly, we may incorporate other complex dynamics

that might play a role in treatment outcomes. Incorporation of drug and oxygen

diffusion might be realistic for studying in vitro and in vivo experiments. We could

also look into performing parameter identifiability on the compartment models to

see whether the experimental data is able to be used to accurately determine model

parameters and which predictions we could make from the mathematical models

[150, 81, 117, 104]. A structural and practical identifiability analysis could have been

conducted on both the compartment models before simulating new, untested drug

doses and combinations.

In conclusion, the work presented in this thesis has been used to: (1) explore

the interactions of ceralasertib and olaparib on the cell cycle, (2) investigate the

combined effects of ceralasertib and olaparib on cell growth and find their potential

optimal doses in combination, and (3) study the competition for space between

drug-sensitive and drug-resistant cancer that are subjected to DDR inhibitor drugs.

We have demonstrated how in vitro experiments could benefit from mathematical
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models, to inform better starting doses of the drugs that can elicit more effective

cancer cell cytotoxicity. Furthermore, spatio-temporal analysis using a multiscale

model showed that the spatial distribution of cancer cells affects their proliferation,

even with high doses of drug combinations.
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Appendix A

Appendix to Chapters

A.1 Appendix to Chapter 2

A.1.1 Transit Compartments to Represent Drug-Induced Death Delay

Cell death does not necessarily occur immediately after the drug is given. Sometimes

it can occur within one to two cell divisions after the drug is given. In Chapter 2,

we incorporate the delay observed in the drug-induced cell death with a transit

compartment into the model to represent death delay [126, 114, 127]. This represents

the ceralasertib-specific cell death from state G2D.

Adding in more transit compartments will not increase the total number of parame-

ters, as the time spent in each transit compartment will be equal to θ [126]. We can

update equations 2.7 to include more than one transit compartment accordingly:

d[G1](t)
dt

=2k5

(
1 − N(t)

CHC

)
[G2](t)− k1[G1](t), (A.1a)

d[S](t)
dt

=k1(1 − p(1 + EffectOla,1))[G1](t)− k2[S](t)

+ k3(1 − EffectCera,1)[SD](t),
(A.1b)

d[G2](t)
dt

=k2(1 − q)[S](t)− k5

(
1 − N(t)

CHC

)
[G2](t)

+ k7(1 − EffectOla,2)[G2D](t),
(A.1c)
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d[SD](t)
dt

=k1 p(1 + EffectOla,1)[G1](t)− k3(1 − EffectCera,1)[SD](t)

− k6[SD](t)− k4[SD](t),
(A.1d)

d[G2D](t)
dt

=k2q[S](t) + k6[SD](t)− k7(1 − EffectOla,2)[G2D](t)

− k8[G2D](t)− [Am](t)[G2D](t),
(A.1e)

d[D](t)
dt

=k4[SD](t) + k8[G2D](t) + [Am](t)[G2D](t), (A.1f)

d[A1](t)
dt

=
1
θ
(EffectCera,2 − [A1](t)), (A.1g)

d[Aj](t)
dt

=
1
θ
([Aj−1](t)− [Aj](t)), (A.1h)

where m is the number of transit compartments and j = 2, 3, . . . , m. Note that we

define the initial conditions of the transit compartments as A1(0) = Aj(0) = 0.

Simulation results are summarised in Figure A.1, where we study the parameter-

isation and evaluation of the model with (a) one, (b) two, and (c) three transit

compartments. Note that the total RMSE (equation 2.12) is equal to 12.2405, 12.9740,

and 13.6575 when we include one, two, and three compartments into Model HC

respectively. Hence, we argue that one transit compartment suffices to model cell

population dynamics in response to 0.1-0.3 µM ceralasertib doses and 0.03-0.3 µM

olaparib doses.

A.2 Appendix to Chapter 3

A.2.1 Latin Hypercube Analysis

We perform Latin hypercube analysis on the compartment model discussed in

Chapter 2, Model HC, to study how global changes to the model parameters

influence the uncertainty in the model output. Here, the model output is the

RMSE of the cell confluency for each drug treatment separately. In the main part of

the thesis, we include the values of the Pearson Product Moment Correlations for

each parameter and drug treatment. Figures A.2-A.10 display scatter-plots where
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FIGURE A.1: Cell death occurs at a delayed rate in Model HC (Chapter 2). The plots
show simulated and experimental cell confluency over 310 hours for various dose
combinations of ceralasertib and olaparib with (a) one, (b) two, and (c) three transit
compartments to represent death delay. Cells spend θ amount of time in each transit
compartment. Training data is used to parameterise (plot I) and test data is used to
evaluate the model (plot II) against experimental data 1. The solid curves represent
the simulation results from the compartment model. The dashed curves represent the
mean in vitro data, with standard errors for 3 experiments indicated with error bars.
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we can visually see the correlations between the model parameters and the model

output.

FIGURE A.2: Latin hypercube analysis is a method to see how sensitive the model
output is to global changes in parameter values. The figure displays scatter-plots
relating to the linear correlations between each parameter in its investigated range
(horizontal axes) and the model output (vertical axes). Here, the model output is the
RMSE of the cell confluency throughout the time-course of the simulation (equation

2.10) in response to no drug treatment.
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FIGURE A.3: Latin hypercube analysis is a method to see how sensitive the model
output is to global changes in parameter values. The figure displays scatter-plots
relating to the linear correlations between each parameter in its investigated range
(horizontal axes) and the model output (vertical axes). Here, the model output is the
RMSE of the cell confluency throughout the time-course of the simulation (equation

2.10) in response to 0.03 µM olaparib.
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FIGURE A.4: Latin hypercube analysis is a method to see how sensitive the model
output is to global changes in parameter values. The figure displays scatter-plots
relating to the linear correlations between each parameter in its investigated range
(horizontal axes) and the model output (vertical axes). Here, the model output is the
RMSE of the cell confluency throughout the time-course of the simulation (equation

2.10) in response to 0.3 µM olaparib.
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FIGURE A.5: Latin hypercube analysis is a method to see how sensitive the model
output is to global changes in parameter values. The figure displays scatter-plots
relating to the linear correlations between each parameter in its investigated range
(horizontal axes) and the model output (vertical axes). Here, the model output is the
RMSE of the cell confluency throughout the time-course of the simulation (equation

2.10) in response to 0.1 µM ceralasertib.
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FIGURE A.6: Latin hypercube analysis is a method to see how sensitive the model
output is to global changes in parameter values. The figure displays scatter-plots
relating to the linear correlations between each parameter in its investigated range
(horizontal axes) and the model output (vertical axes). Here, the model output is the
RMSE of the cell confluency throughout the time-course of the simulation (equation

2.10) in response to 0.3 µM ceralasertib.
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FIGURE A.7: Latin hypercube analysis is a method to see how sensitive the model
output is to global changes in parameter values. The figure displays scatter-plots
relating to the linear correlations between each parameter in its investigated range
(horizontal axes) and the model output (vertical axes). Here, the model output is the
RMSE of the cell confluency throughout the time-course of the simulation (equation

2.10) in response to 0.1 µM ceralasertib + 0.03 µM olaparib.



146 Appendix A. Appendix to Chapters

FIGURE A.8: Latin hypercube analysis is a method to see how sensitive the model
output is to global changes in parameter values. The figure displays scatter-plots
relating to the linear correlations between each parameter in its investigated range
(horizontal axes) and the model output (vertical axes). Here, the model output is the
RMSE of the cell confluency throughout the time-course of the simulation (equation

2.10) in response to 0.1 µM ceralasertib + 0.3 µM olaparib.
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FIGURE A.9: Latin hypercube analysis is a method to see how sensitive the model
output is to global changes in parameter values. The figure displays scatter-plots
relating to the linear correlations between each parameter in its investigated range
(horizontal axes) and the model output (vertical axes). Here, the model output is the
RMSE of the cell confluency throughout the time-course of the simulation (equation

2.10) in response to 0.3 µM ceralasertib + 0.03 µM olaparib.
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FIGURE A.10: Latin hypercube analysis is a method to see how sensitive the model
output is to global changes in parameter values. The figure displays scatter-plots
relating to the linear correlations between each parameter in its investigated range
(horizontal axes) and the model output (vertical axes). Here, the model output is the
RMSE of the cell confluency throughout the time-course of the simulation (equation

2.10) in response to 0.3 µM ceralasertib + 0.3 µM olaparib.
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FIGURE A.11: Three compartment models are parameterised and evaluated against
in vitro data and are visually compared for the best model fit. The plots show the
schematic of the three compartment models: (a) Model LC, (c) Model MC, and (e)
Model HC. The time and drug dependencies of the parameters in (a,c,e) have been
omitted for ease of presentation. (b,d,f) The plots show simulated and experimental cell
confluency over 310 hours for various dose combinations of ceralasertib and olaparib.
Training data is used to estimate model parameters (plots I-V) and test data is used to
evaluate the model (plot VI with the orange borders). The solid curves represent the
simulation results from the three compartment models: (b) Model LC, (d) Model MC,
and (f) Model HC. The dashed curves represent the mean in vitro data, with standard

error of the mean for 3 experiments indicated with error bars.
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We perform a data-driven model selection that motivates the choice of the model

equations (Equations 4.1a-4.1e). We compare three compartment models: (1) a low

complexity model (Model LC, Figure A.11 (a)), (2) a medium complexity model

(Model MC, Figure A.11 (c)), and (3) a high complexity model (Model HC, Figure

A.11 (e)). All models are described by a system of ODEs, where each dependent

variable [y] describes the concentration of cells in compartment y.

Low Complexity Model

Model LC (Figure A.11 (a)) is a modification of the model developed by Hamis

et al. (2021). The compartments and parameters are the same as in Model MC,

which is described in Chapter 4. In Model LC, we assume that both drugs act

only on the path where cells transition from state SD to S. Therefore, the factor q,

which represents the fraction of cells transitioning from state SD to S, decreases

with increasing drug concentrations (see specifically Equation 4.6 in Section 4.2.1.2

for more details). To parameterise Model LC, we first directly read some model

parameters (U(0), CCM, G10, S0, SD0, G2/M0, k′1, k′2, k′4, q0) from the in vitro data

[113]. We thereafter estimate the remaining parameters (p0, k′3, s, Emax,1, E50,1, h1,

Emax,2, E50,2, h2) with the global optimiser GlobalSearch in MATLAB that minimises

the sum of squares of the residuals between the model output and the in vitro data

[175]. Model LC is described with the following system of ODEs:

d[G1](t)
dt

=2k4
(
U(t)

)
s[G2/M](t)− k1

(
U(t)

)
s[G1](t), (A.2a)

d[S](t)
dt

=k1
(
U(t)

)
sp[G1](t)− k2

(
U(t)

)
s[S](t)

+ k3
(
U(t)

)
q([drugCera], [drugOla])[SD](t),

(A.2b)

d[SD](t)
dt

=k1
(
U(t)

)
s(1 − p)[G1](t)− k3

(
U(t)

)
[SD](t), (A.2c)

d[G2/M](t)
dt

=k2
(
U(t)

)
s[S](t)− k4

(
U(t)

)
s[G2/M](t), (A.2d)
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d[NC](t)
dt

=k3
(
U(t)

)
(1 − q([drugCera], [drugOla]))[SD](t). (A.2e)

In summary, including initial conditions, Model LC includes 10 parameters that are

directly estimated from the data and 9 parameters that are obtained via a global

optimiser in MATLAB.

Medium Complexity Model

Model MC (Figure A.11 (c)) is an expansion of Model LC and is described in Chapter

4, see especially Equations 4.1a-4.1e. See also Section 4.2.2 on how the model

parameters are estimated. In summary, including initial conditions, Model MC

includes 10 parameters that are directly estimated from the data and 9 parameters

that are obtained via a global optimiser in MATLAB.

High Complexity Model

Model HC (Figure A.11 (e)) is an expansion of Model MC and is described in Chapter

2, see especially Equations 2.7a-2.7g. See also Section 2.2.2 on how the model

parameters are estimated. In summary, including initial conditions, Model HC

includes 6 parameters that are directly estimated from the data and 24 parameters

that are obtained via a local optimiser in MATLAB.

Model Comparison

By visually comparing the cell confluency plots in Figure A.11 (b), (d), and (f), we

observe that Model HC is overfitted to the experimental data due to the high number

of parameters. Model HC is also unable to match the data for the combination 0.3

µM ceralasertib and 1 µM olaparib, most likely because a local optimiser is used to

parameterise the model. We argue that both Model LC and Model MC are able to

satisfactorily predict unseen time series data. The RMSE of Model LC and Model
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MC are, in units of cell coverage percentages, 11.7931% and 11.4714% respectively.

We also note that Model MC includes more biologically relevant drug effects of

olaparib compared to Model LC. This is because Model MC includes both the SSB

and DSB repair-inhibiting effects of olaparib (which was shown to be a prominent

drug effect in Section 2.3.1), whereas Model LC only includes the latter effect. It is

commonly believed that the main function of PARPi drugs is to inhibit the repair

of SSBs which cause DSBs [35, 8]. Yet, the effect of PARP on DSB repair is heavily

disputed. While some authors argue that PARP is involved in the repair of DSBs

[28, 151], other authors argue that PARP is not involved in the repair of DSBs [135,

8]. Therefore, to safeguard our model, we argue that Model MC is the better model

to study cell population dynamics in response to 0.1-1 µM ceralasertib doses and

0.2-1 µM olaparib doses.

A.4 Appendix to Chapter 6

A.4.1 Estimating the Value of vB

In Chapter 6 the value of vB represents the number of neighbourhoods in which

daughter cells can be placed in the baseline ABM. The value is parameterised and

evaluated against experimental data 2 (Section 1.3). In Figure A.12, we investigate

multiple values of vB and argue that vB = 3 is able to capture the logistic trends in

the cell confluency well.
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FIGURE A.12: The parameter vB, which denotes the neighbourhood order in which
daughter cells can be placed in the ABM, is calibrated from experimental data 2.
The plots show simulated and experimental cell confluency over 310 hours for various
dose combinations of ceralasertib and olaparib. Training data is used to estimate vB
(plots I-V) and test data is used to evaluate the model (plot VI). We test multiple values
of vB: (a) vB = 1, (b) vB = 2, (c) vB = 3, (d) vB = 4, (e) vB = 5, and (f) vB = ∞ The
latter represents the case where cells can divide anywhere as long as it is within the
lattice boundary. The solid curves represent the simulation results from the ABM. The
dashed curves represent the mean in vitro data, with standard errors for 3 experiments

indicated with error bars.

A.4.2 Multiscale Model: No-Flux Boundary Conditions

In Chapter 6, we calibrate our baseline ABM to in vitro data and assume that the

boundary is a physical boundary because it represents a well plate used in the in

vitro scenario. Hence, we parameterise the ABM with no-flux boundary conditions.

However, when we study the spatial competition between drug-sensitive and drug-

resistant cancer cells in the cell-crowding limited ABM, we ensure that the spatial
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competition is an effect of the cell crowding and not the boundary by using periodic

boundary conditions instead.

Figures A.13-A.17 summarise the results of the experiments described in Chapter 6

when using no-flux boundary conditions instead of periodic boundary conditions.

By comparing Figures A.13-A.17 to Figures 6.5-6.10 we see that there is no significant

difference in the results when using either periodic or no-flux boundary conditions.
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A.4.2.1 The Spatial Structure of Cells Impacts Cell Population Responses

FIGURE A.13: Cells that are resistant to an ATRi (ceralasertib) and a PARPi (olaparib)
compete for spatial resources with drug-sensitive cells. P0 cells are randomly seeded
on the lattice in single-cell clusters (a,d), multi-cell clusters (b,e), or monoclusters (c,f),
with either 0.1P0 (a,b,c) or 0.3P0 (d,e,f) drug-resistant cells. Simulations are performed
with no drugs (top row in each panel a-f), ceralasertib monotherapy (left column of
the treatment section in each panel a-f), olaparib monotherapy (middle column of the
treatment section in each panel a-f), and combination therapy (right column of the
treatment section in each panel a-f) for high (middle row in each panel a-f) and low
(bottom row in each panel a-f) doses. Examples of initial and final simulation snapshots
are shown in each panel a-f with drug-sensitive (orange) and drug-resistant (purple)
cells. Panels a-f also include plots of the dynamic mean fraction of drug-sensitive
(orange) and drug-resistant (purple) cells, and standard deviations (dashed curves)
from 100 simulation runs. These in silico experiments are performed with no-flux

boundary conditions.
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FIGURE A.14: Cells that are resistant to an ATRi (ceralasertib) compete for spatial
resources with drug-sensitive cells. P0 cells are randomly seeded on the lattice in
single-cell clusters (a,d), multi-cell clusters (b,e), or monoclusters (c,f), with either 0.1P0
(a,b,c) or 0.3P0 (d,e,f) drug-resistant cells. Simulations are performed with no drugs
(top row in each panel a-f), ceralasertib monotherapy (left column of the treatment
section in each panel a-f), olaparib monotherapy (middle column of the treatment
section in each panel a-f), and combination therapy (right column of the treatment
section in each panel a-f) for high (middle row in each panel a-f) and low (bottom
row in each panel a-f) doses. Examples of initial and final simulation snapshots are
shown in each panel a-f with drug-sensitive (orange) and drug-resistant (purple) cells.
Panels a-f also include plots of the dynamic mean fraction of drug-sensitive (orange)
and drug-resistant (purple) cells, and standard deviations (dashed curves) from 100
simulation runs. These in silico experiments are performed with no-flux boundary

conditions.
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FIGURE A.15: Cells that are resistant to a PARPi (olaparib) compete for spatial
resources with drug-sensitive cells. P0 cells are randomly seeded on the lattice in
single-cell clusters (a,d), multi-cell clusters (b,e), or monoclusters (c,f), with either 0.1P0
(a,b,c) or 0.3P0 (d,e,f) drug-resistant cells. Simulations are performed with no drugs
(top row in each panel a-f), ceralasertib monotherapy (left column of the treatment
section in each panel a-f), olaparib monotherapy (middle column of the treatment
section in each panel a-f), and combination therapy (right column of the treatment
section in each panel a-f) for high (middle row in each panel a-f) and low (bottom
row in each panel a-f) doses. Examples of initial and final simulation snapshots are
shown in each panel a-f with drug-sensitive (orange) and drug-resistant (purple) cells.
Panels a-f also include plots of the dynamic mean fraction of drug-sensitive (orange)
and drug-resistant (purple) cells, and standard deviations (dashed curves) from 100
simulation runs. These in silico experiments are performed with no-flux boundary

conditions.
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A.4.2.2 Spatial Competition and Drug Concentrations Impacts the Proliferation

of Cancer Cell Subpopulations
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FIGURE A.16: Drug doses and spatial cell configurations impact the dynamics of
total cell counts and the composition between drug-sensitive and drug-resistant
cells. The heatmaps show results from in silico experiments in which drug-sensitive
and drug-resistant cells coexist. At the start of the experiments, P0 cells are seeded
on the lattice, where 0.3P0 cells are resistant to both ceralasertib and olaparib. Two
inputs are varied in the simulations: (1) the number of clusters in which cells are seeded
(indicated by the horizontal heatmap axes), and (2) the combination treatment drug
doses (indicated by the vertical heatmap axes). The results show (a) the total cell count
and (b) the fraction of drug-resistant cells at the end of the simulations. Each heatmap
bin shows the mean value of 100 simulation runs. These in silico experiments are

performed with no-flux boundary conditions.
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A.4.2.3 The Doubling Time of Drug-Resistant Cells Impacts Cell Population

Dynamics
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FIGURE A.17: Spatial cell configurations, drug doses, and cell doubling times impact
the dynamics of total cell counts and the composition between drug-sensitive and
drug-resistant cells. At the start of the experiments, P0 cells are seeded on the lattice,
where 0.3P0 cells are resistant to both ceralasertib and olaparib. Three inputs are varied
in the simulations: (1) the seeded cluster configurations (left, middle, right panel), (2)
the combination treatment drug doses (indicated by the vertical heatmap axes), and (3)
the mean doubling time of the drug-resistant cells (indicated by the horizontal heatmap
axes). The heatmaps show the total cell count (top panel) and the fraction of drug-
resistant cells (bottom panel) at the end of the simulation. Each heatmap bin shows the
mean value of 100 simulation runs. These in silico experiments are performed with

no-flux boundary conditions.

A.4.3 Consistency Analysis

In this Section, we perform a consistency analysis on the ABM described in Chapter

6 that motivates the choice of running each in silico experiment 100 times to draw

conclusions from the model. Figure A.18 show details of the Â-measures and

the scaled Â-measures for all tested values of d. Note that Figure A.18 shows

that smaller values of d result in a more irregular pattern in the scaled and initial

Â-measure values. The Â-measure values become more consistent with a small

statistical significance for values d=100 and 300. When d = 100, we can see that
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the Â-measures are all between 0.44 and 0.56 (top figure in Figure A.18 (d)) and

the scaled Â-measures below 0.56 (top figure in Figure A.18 (d)). This implies that

d = 100 yields a small enough statistical difference, and 100 simulation runs per in

silico will suffice for us to draw conclusions from the ABM.

a b

c d

e

FIGURE A.18: A consistency analysis is performed to decide how many in silico
simulations are enough to draw conclusions from the ABM to mitigate any model
uncertainty arising from intrinsic-model stochasticity. Each figure displays the Â-
measures (top) and the scaled Â-measures (bottom) for distribution sizes (a) d = 1,
(b) d = 5, (c) d = 50, (d) d = 100, and (e) d = 300. X1 represents the cell confluency
halfway through the simulation and X2 represents the cell confluency at the end of the

simulation both with 0.3 µM ceralasertib and 0.2 µM olaparib.

A.4.4 Median, Standard Deviation, and Variance Heatmaps Relating to

Section 6.3.2

In Chapter 6, we plot the mean values of (a) the total cell count and (b) the fraction

of drug-resistant cells at the end of the simulations from 100 simulation runs (Figure
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6.9). However, in Figures A.19-A.21, we also plot the median, standard deviation,

and variance from the 100 simulation runs respectively.
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FIGURE A.19: Drug doses and spatial cell configurations impact the dynamics of
total cell counts and the composition between drug-sensitive and drug-resistant
cells. The heatmaps show results from in silico experiments in which drug-sensitive
and drug-resistant cells coexist. At the start of the experiments, P0 cells are seeded
on the lattice, where 0.3P0 cells are resistant to both ceralasertib and olaparib. Two
inputs are varied in the simulations: (1) the number of clusters in which cells are seeded
(indicated by the horizontal heatmap axes), and (2) the combination treatment drug
doses (indicated by the vertical heatmap axes). The results show (a) the total cell count
and (b) the fraction of drug-resistant cells at the end of the simulations. Each heatmap

bin shows the median value of 100 simulation runs.
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FIGURE A.20: Drug doses and spatial cell configurations impact the dynamics of
total cell counts and the composition between drug-sensitive and drug-resistant
cells. The heatmaps show results from in silico experiments in which drug-sensitive
and drug-resistant cells coexist. At the start of the experiments, P0 cells are seeded
on the lattice, where 0.3P0 cells are resistant to both ceralasertib and olaparib. Two
inputs are varied in the simulations: (1) the number of clusters in which cells are seeded
(indicated by the horizontal heatmap axes), and (2) the combination treatment drug
doses (indicated by the vertical heatmap axes). The results show (a) the total cell count
and (b) the fraction of drug-resistant cells at the end of the simulations. Each heatmap

bin shows the standard deviation value of 100 simulation runs.
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FIGURE A.21: Drug doses and spatial cell configurations impact the dynamics of
total cell counts and the composition between drug-sensitive and drug-resistant
cells. The heatmaps show results from in silico experiments in which drug-sensitive
and drug-resistant cells coexist. At the start of the experiments, P0 cells are seeded
on the lattice, where 0.3P0 cells are resistant to both ceralasertib and olaparib. Two
inputs are varied in the simulations: (1) the number of clusters in which cells are seeded
(indicated by the horizontal heatmap axes), and (2) the combination treatment drug
doses (indicated by the vertical heatmap axes). The results show (a) the total cell count
and (b) the fraction of drug-resistant cells at the end of the simulations. Each heatmap

bin shows the variance value of 100 simulation runs.
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