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A B S T R A C T

The interplay between drug-sensitive and drug-resistant cancer cells has been observed to impact cell-to-cell
interactions in experimental settings. However, the role that space plays in these interactions remains unclear.
In this study, we develop mathematical models to investigate how spatial factors affect cell-to-cell competition
between drug-sensitive and drug-resistant cancer cells in silico. We develop two baseline models to study
cells from the epithelial FaDu cell line subjected to two drugs, specifically the ATR inhibitor ceralasertib
and the PARP inhibitor olaparib, that target DNA damage response pathways. Our baseline models are:
(1) a temporally resolved ordinary differential equation (ODE) model, and (2) a spatio-temporally resolved
agent-based model (ABM). The models simulate cells in well-mixed and spatially structured cell systems,
respectively. The ODE model is calibrated against in vitro data and is thereafter mapped onto the baseline
ABM which, in turn, is extended to enable a simulation-based investigation on how spatial factors impact
cell-to-cell competition. Simulation results from the extended ABMs demonstrate that the in silico treatment
responses are simultaneously affected by: (i) the initial spatial cell configurations, (ii) the initial fraction of
drug-resistant cells, (iii) the drugs to which cells express resistance, (iv) drug combinations, (v) drug doses,
and (vi) the doubling time of drug-resistant cells compared to the doubling time of drug-sensitive cells. These
results reveal that spatial structures of the simulated cancer cells affect both cell-to-cell interactions, and the
impact that these interactions have on the ensuing population dynamics. This leads us to suggest that the
role that space plays in cell-to-cell interactions should be further investigated and quantified in experimental
settings.
1. Introduction

The interplay between drug-sensitive and drug-resistant cancer cells
has been observed to impact treatment responses in experimental set-
tings (Emond et al., 2023; Kaznatcheev et al., 2019; Obenauf et al.,
2015; Bacevic et al., 2017). This interplay is driven by cell-to-cell
interactions, which are mediated by e.g., cells’ ability to send and re-
ceive signalling molecules (Armingol et al., 2021; Brady-Kalnay, 2012),
and compete for resources (Tsuboi et al., 2018). 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
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cancer cells or tumours before they are subjected to treatments (Wang
et al., 2019). Inherited resistance occurs when drug-resistant parental
cells pass on their drug-resistant traits to their daughter cells (Friedman,
2016). Cancer cells can be resistant to different types of therapies,
including chemotherapy (Halacli et al., 2013), radiotherapy (Alamilla-
Presuel et al., 2022), and targeted therapies, such as DNA damage
response (DDR) inhibitor drugs (Baxter et al., 2022) which are the
focus of this article. Cancer cells that are resistant to multiple drugs
simultaneously can be referred to as multi-drug-resistant (Emran et al.,
2022).

In clinics, cancer drug treatments are commonly administered at
maximum tolerated doses (MTDs). However, MTDs have been asso-
ciated with rapid onsets of drug resistance (Kouyos et al., 2014). As
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alternative treatment approaches to MTDs, drugs can be administered
at low doses (i.e., lower than MTD doses) as part of single-drug or
ombination therapies. In fact, experimental results suggest that low-
ose drug treatments can out-perform MTD strategies in certain in
itro experiments (Lloyd et al., 2020; Bacevic et al., 2017; Vallés-

Martíet al., 2023). Beyond drug combinations and doses, another factor
that may influence treatment responses is the spatial structure of
cancer cells (Gatenby et al., 2020; Karimi et al., 2023; Sorin et al.,
2023). Notably, Noble et al. 2022 recently combined mathematical

odelling and spatially resolved tumour sequencing data to show
hat the spatial structure of a tumour can determine its evolutionary
ode, or behaviour, as regulated by cell-to-cell interactions and cell
ispersal. Indeed, with recent technological advances, there now exist
ethods that enable us to observe spatial organisations of different cell

ypes within biopsied tumours. These methods include spatial transcrip-
omics (Hunter et al., 2021) and mass spectrometry imaging (Zhang
t al., 2023). Although these methods reveal spatial, intratumoural cell

structures, they do not explicitly provide dynamic information about
e.g., the interplay between different intratumoural cell types.

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 (Wang et al.,
2015). For instance, Strobl et al. 2022 used such a model to study the
competition between drug-sensitive and drug-resistant cancer cell sub-
populations during adaptive therapy treatments. The authors showed
hat not only the inter-subpopulation competition (between
rug-sensitive and drug-resistant cells), but also the intra-population

competitions impact treatment responses in silico. Hamis et al. 2018
also used a 2-D ABM to study the eco-evolution of cancer cell popula-
tions 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 and optimal treatment strategies. In a third 2-D ABM, Bace-
vic et al. 2017 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 aforemen-
tioned 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 in-
cluding 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
reatment responses to drugs that inhibit cancer cells’ ability to repair
NA damage. We especially investigate how this resource competition

affects the dynamic ratios of subpopulation sizes. Our baseline model
is calibrated by data from in vitro experiments in which cells from the
aDu cell line, an epithelial morphology cell line derived from a human

with squamous cell carcinoma, were subjected to two DNA damage
repair-inhibitor drugs, namely ceralasertib and olaparib. Ceralasertib
is an ataxia-telangiectasia mutated and Rad3-related (ATR) inhibitor
that has been shown to inhibit cell cycle checkpoint activation and
repair of DNA replication damage (Lloyd et al., 2020; O’Connor, 2015).
Currently, ceralasertib is used in clinical phase 1 and 2 trials for treating
dvanced solid tumours, advanced solid malignancies, and melanomas
hat are resistant to PD-(L)1 inhibitors (Wang, 2022; AstraZeneca,
2 
2022b,a). Olaparib is a poly (ADP-ribose) polymerase (PARP) inhibitor
drug that has been shown to inhibit the repair of DNA single-strand
breaks (Lloyd et al., 2020; Li et al., 2023). If not repaired before
DNA replication, DNA single-strand breaks can lead to DNA replication
stress, which in turn may cause cell death. PARP has also been shown
to contribute to DNA replication fork reversal and stability, and thus
PARP inhibition can lead to increased genomic instability (Chaudhuri
and Nussenzweig, 2017). Olaparib is FDA-approved for the treatment
of ovarian, breast, pancreatic, and prostate cancer (Food and Drug
Administration, 2017, 2018, 2019, 2023). Combining ceralasertib and
olaparib has demonstrated synergistic activity both in vitro and in
vivo (Lloyd et al., 2020), and is being used in phase 2 clinical tri-
ls (Janeway, 2022; Aggarwal, 2019). Experimental studies have shown

that cancer cells can be resistant to both ATR and PARP inhibitor
drugs (O’Leary et al., 2022; Cahuzac et al., 2022; Baxter et al., 2022).
opulation-level implications of cell-level resistance to the ATR in-

hibitor (ATRi) ceralasertib and the PARP inhibitor (PARPi) olaparib are
mathematically and computationally studied in this work.

2. Model and method

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 DNA damage response inhibitor drugs.

s a first step towards achieving this aim, we develop a temporal
ompartment model to simulate how cell populations that are (a) not
patially structured, and (b) fully drug-sensitive respond to drug treat-

ments. The compartment model is formulated by a system of ordinary
differential equations (ODEs). In the compartment model, cell division
and drug responses are, respectively, modelled by a cell cycle model
nd a drug response model (Section 2.1). As a second step, we map the

compartment model onto a baseline, 2-D ABM (Section 2.2) in which all
cells are fully drug-sensitive, and the total growth of the cell population
size is not limited by spatial structures. The compartment model and
baseline ABM are calibrated by, and evaluated against, in vitro data
(Section 2.3). To investigate how spatial cell structures, specifically cell
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 2.4). 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 in the Supplementary Material (S4).

2.1. Temporal cell population dynamics are modelled by a compartment
odel

2.1.1. Cells progress through the cell cycle according to a cell cycle model
We develop a compartment model that describes how cell popula-

ions that are (a) not spatially structured, and (b) fully drug-sensitive
hange over time in response to treatments with one or two DNA dam-
ge response inhibitor drugs. One of these drugs (drug 1) is an ATRi,
nd the other drug (drug 2) is a PARPi. The compartment model used
n this study (Fig. 1a) is based on previous modelling work (Checkley

et al., 2015; Hamis et al., 2021b; Pugh et al., 2023). The model is
escribed 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 (Fig. 1a). 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
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division, which occurs in the mitosis phase (Israels and Israels, 2000).
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 (O’Connor, 2015; Saxena and Zou,
2022). FaDu ATM-KO cells, which are used to calibrate our model, are
prone to such replication stress (Lloyd et al., 2020). A non-cycling (NC)
tate is also included in the model. Cells in the NC state have irreparable
NA damage and are thus unable to proliferate. Cells that enter the
C state remain there throughout the entire simulation and are not

emoved from the lattice. This simplifying modelling assumption is
ased on experimental observations of the modelled system in which
amaged cells do not detach from the plates within the time frame of
he experiment.

In the model, cells progress through the cell cycle states via uni-
directional paths that are associated with rates (Fig. 1a). These rates
depend on drug concentrations, as explained in more detail in Sec-
tion 2.1.2, and the total cell concentration 𝑈 (𝑡). The latter dependency
is included in the model to achieve logistic growth rates of the cell pop-
ulations, as are observed in the in vitro data that we use to parameterise
and evaluate our model (Section 2.3). Note that after the G1 state, cells
nter the S state at a rate that is proportional to a weighting factor 𝑝,
nd cells enter the damaged SD state at a rate that is proportional to
 −𝑝. The factor 𝑝 decreases with increasing concentrations of the PARPi
drug 2), which captures the drug’s replication stress-inducing drug
ffect. Note also that cells in the SD state repair their DNA damage at a
ate that is proportional to the weighting factor 𝑞, which is a function of
oth the PARPi and the ATRi (drug 1). As such, 𝑞 describes the fraction
f cells leaving SD that enter state S. The remaining fraction of cells
hat leave the SD state enter the NC state. The factor 𝑞 decreases with
ncreasing drug concentrations, which captures the replication repair-
nhibiting drug effects of the ATRi and PARPi. Cells that successfully
rogress to, and leave, the G2/M state re-enter the G1 state and produce
 daughter cell that is initiated in state G1 (Fig. 1a). The compartment
odel is described with the following system of ODEs

𝑑[𝐺1](𝑡)
𝑑 𝑡 = 2𝑘4

(

𝑈 (𝑡)
)

𝑠[𝐺2∕𝑀](𝑡) − 𝑘1
(

𝑈 (𝑡)
)

𝑠[𝐺1](𝑡), (1a)

𝑑[𝑆](𝑡)
𝑑 𝑡 = 𝑘1

(

𝑈 (𝑡)
)

𝑠𝑝([drug2])[𝐺1](𝑡) − 𝑘2
(

𝑈 (𝑡)
)

𝑠[𝑆](𝑡)

+ 𝑘3
(

𝑈 (𝑡)
)

𝑞([drug1], [drug2])[𝑆 𝐷](𝑡), (1b)

𝑑[𝑆 𝐷](𝑡)
𝑑 𝑡 = 𝑘1

(

𝑈 (𝑡)
)

𝑠(1 − 𝑝([drug2]))[𝐺1](𝑡) − 𝑘3
(

𝑈 (𝑡)
)

[𝑆 𝐷](𝑡), (1c)

𝑑[𝐺2∕𝑀](𝑡)
𝑑 𝑡 = 𝑘2

(

𝑈 (𝑡)
)

𝑠[𝑆](𝑡) − 𝑘4
(

𝑈 (𝑡)
)

𝑠[𝐺2∕𝑀](𝑡), (1d)

𝑑[𝑁 𝐶](𝑡)
𝑑 𝑡 = 𝑘3

(

𝑈 (𝑡)
)

(1 − 𝑞([drug1], [drug2]))[𝑆 𝐷](𝑡), (1e)

with the initial conditions

[𝐺1](0) = 𝐺10 ⋅ 𝑈 (0), (2a)

[𝑆](0) = 𝑆0 ⋅ 𝑈 (0), (2b)

[𝑆 𝐷](0) = 𝑆 𝐷0 ⋅ 𝑈 (0), (2c)

[𝐺2∕𝑀](0) = 𝐺2∕𝑀0 ⋅ 𝑈 (0), (2d)

[𝑁 𝐶](0) = 𝑁 𝐶0 ⋅ 𝑈 (0). (2e)

In Eqs. (1) and (2), 𝑈 (𝑡) is the total concentration of the cell
population,

𝑈 (𝑡) = [𝐺1](𝑡) + [𝑆](𝑡) + [𝑆 𝐷](𝑡) + [𝐺2∕𝑀](𝑡) + [𝑁 𝐶](𝑡). (3)

The drug effects 𝑝([drug2]) and 𝑞([drug1], [drug2]) are described in
Section 2.1.2. To represent cell cycle arrest in our model, we assume
hat cell cycle progression is halted when cells are in the SD state.
herefore, to fit the model to cell doubling time data, we multiply
he rate parameters 𝑘1

(

𝑈 (𝑡)
)

, 𝑘2
(

𝑈 (𝑡)
)

, and 𝑘4
(

𝑈 (𝑡)
)

with the scaling
parameter 𝑠 in Eq. (1)a–e. This scaling increases the cell cycle doubling
3 
time to fit data whilst accounting for the time spent in state SD. To
achieve logistic growth of 𝑈 (𝑡), all rates 𝑘1

(

𝑈 (𝑡)
)

to 𝑘4
(

𝑈 (𝑡)
)

depend
n 𝑈 (𝑡) and the carrying capacity, 𝐶CM, such that,

𝑘𝑖
(

𝑈 (𝑡)
)

= 𝑘′𝑖

(

1 − 𝑈 (𝑡)
𝐶𝐶 𝑀

)

for 𝑖 = 1, 2, 3, 4, (4)

where the values of 𝑘′𝑖 are estimated from in vitro data and are given
in Table 2.

2.1.2. Drugs induce DNA damage and inhibit DNA damage repair
The effects of the ATRi (drug 1) and the PARPi (drug 2) are

implicitly modelled by inhibition of the rates at which cells progress
in the cell cycle model where paths are weighted by factors 𝑝([drug2])
and 𝑞([drug1], [drug2]) (Fig. 1a). The drug effects are modelled by

𝑝([drug2]) = 𝑝0(1 − 𝐸2
(

[drug2]
)

) (5)

and

𝑞([drug1], [drug2]) = 𝑞0(1 − 𝐸1,2
(

[drug1], [drug2]
)

), (6)

where 𝑝0 and 𝑞0 are the baseline weighting factors that represent the
system in the absence of drugs, and [drug𝑖] denotes the concentration
of drug 𝑖. The functions 𝐸1 and 𝐸2 are calculated using the sigmoid
Emax model (Holford, 2017; Hamis et al., 2021b) and are introduced
to achieve drug effects that match in vitro data (Section 2.3). We thus
set

𝐸𝑖
(

[drug𝑖]
)

= 𝐸max,i
[drug𝑖]ℎ𝑖

[drug𝑖]ℎ𝑖 + Eℎ𝑖
50,𝑖

, (7)

where 𝑖 = 1, 2. 𝐸max,i is the maximal drug effect, ℎ𝑖 is the Hill
coefficient, and E50,𝑖 is the concentration of the drug that results in
half the maximal drug effect. To model the combined effect of the
two drugs, we use the Bliss independence synergy model (Koizumi and
Iwami, 2014) so that

𝐸1,2
(

[drug1], [drug2]
)

= 𝐸1
(

[drug1]
)

+ 𝐸2
(

[drug2]
)

− 𝐸1
(

[drug1]
)

⋅ 𝐸2
(

[drug2]
)

. (8)

2.2. The compartment model is mapped to a baseline agent-based model

As a first step towards studying spatial competition amongst cells
(Section 2.4), we here map the compartment model (Fig. 1a) onto a
aseline 2-D ABM (Fig. 1c) following a modelling approach made by
.g., Jenner et al. 2022. In the baseline ABM, cells progress through a

drug-dependent cell cycle model (Sections 2.2.1 and 2.2.2), and exist
n a 2-D lattice in which each lattice site can either be occupied by a
rug-sensitive cancer cell or be empty (Section 2.2.3).

2.2.1. Cells stochastically progress through the cell cycle according to a cell
ycle model

Each agent (i.e., cell) in the ABM progresses through the cell cycle
via an agent-intrinsic cell cycle model that consists of a set of nodes,
that represent cell cycle states, and edges, that represent paths between
states (Fig. 1c). In the ABM, we include the cell cycle states in the
compartment model (Fig. 1a) and an additional quiescent state, G0
Fig. 1c). 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 2.3). 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 doubling time, 𝑇𝑗 . The doubling
time is chosen from a normal distribution with mean value 𝜏 and stan-
dard 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 2.3). Note
that if 𝜎 = 0, then every dividing cell on the lattice will produce
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Fig. 1. The compartment model (a) is parameterised and evaluated against in vitro data, and is thereafter mapped to an ABM (c). Undamaged and cycling cell states
re shown in green nodes. Damaged and non-cycling cell states are shown in red nodes. a In the compartment model, cells can progress through the undamaged states G1, S,
nd G2/M and the 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(𝑈 (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 G1 to S. Both the ATRi and the PARPi inhibit cells from transiting from SD to S. b The plots show simulated and experimental cell
confluency over 310 h for various dose combinations of the ATRi and PARPi. Training data are used to estimate model parameters (plots I–V) and test data are used to evaluate
the model (plot VI, in the orange box). The solid lines show cell confluency calculated by the compartment model. The dashed lines show the mean in vitro data, with standard
errors for three experiments indicated with error bars. c In the ABM, cells progress through the same states as in a. In addition, cell crowding may cause cells to enter the 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. d The plots show simulated and
experimental cell confluency over 310 h for various dose combinations of the ATRi and PARPi. The solid lines represent the mean cell confluency from the ABM with standard
eviations from 100 simulation runs in opaque bands. The time and drug dependencies of the parameters in a and c have been omitted for ease of presentation..
t
a
d

f
j

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 2.2.3). If there are no available lattice
ites on which to place the daughter cell, the cell division fails and the
ocal cell enters the G0 state. A cell that enters G0 will remain there for
he remainder of the simulation. To represent cell cycle arrest, a cell’s
nternal cell cycle clock is paused when a cell is in the SD state.

2.2.2. Drugs stochastically induce DNA damage and inhibit DNA damage
epair

As in the compartment model, the edges in the ABM are assigned
weights that are functions of drug doses (Section 2.1.2). The weights
enote probabilities with which paths in the cell cycle model are taken.
o decide which path is taken at forks, random numbers between
ero and one are generated from uniform distributions. If a gener-
ted random number at the post-G1 fork is smaller than 𝑝([drug2])

(Eq. (5)), cells evade the effect of drug 2 and enter state S. Similarly,
f the random number generated at the post-SD fork is smaller than
([drug1], [drug2]) (Eq. (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.

2.2.3. Cells co-exist on a lattice
In the in vitro experiments, cells grow in a monolayer which we

bstract to a 2-D space in the ABM. As such, the ABM comprises
00 × 100 lattice sites that can be occupied by one cell or be empty.

The baseline ABM has no-flux boundary conditions, which are chosen
4 
to represent a physical boundary in an in vitro experiment. At the start
of the simulations, 𝛼 𝑃0 drug-sensitive cells are seeded on the lattice,
where 𝑃0 is the total number of seeded cells on the lattice (chosen to
match initial in vitro cell confluency data) and 𝛼 takes the value 0 (in
the baseline case), or 0.1 or 0.3 (in the spatial in vitro experiments
described in Section 2.4). The cells are randomly scattered across the
lattice in single-cell clusters (Fig. 2a) 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 2.3)
and correspond to the factors 𝐺10, 𝑆0, 𝑆 𝐷0, 𝐺2∕𝑀0 in Eq. (2)a–e. When
he cell population, 𝑃 (𝑡), has reached a critical size 𝑃 ∗, the drugs are
pplied to the system. 𝑃 ∗ is stochastic and estimated from in vitro
ata (Section 2.3). To approximate circular growth of cell clusters, each

daughter cell is randomly assigned to be placed in a free lattice site that
belongs up to either the 𝑣𝐵th order Moore neighbourhood, or the 𝑣𝐵th
order Von Neumann neighbourhood, of its parental cell (Supplementary
Material S1). We estimate 𝑣𝐵 from in vitro data (Section 2.3).

2.3. The models are parameterised and evaluated against in vitro data

The compartment model and the ABM parameters are estimated
rom an in vitro experiment in which FaDu ATM-KO cells were sub-
ected to one or two DNA damage response inhibiting drugs (Lloyd
et al., 2020). Cell confluency and cell death data were reported for 0–
310 h, and pulse-chase data were reported for 0–24 h. To parameterise
the compartment model, we first directly read some model parameters
(𝑈 (0), 𝐶CM, 𝐺10, 𝑆0, 𝑆 𝐷0, 𝐺2∕𝑀0, 𝑘′1, 𝑘

′
2, 𝑘

′
4, 𝑞0) from the in vitro data.

Note that the parameter value of 𝐶 represents 100% cell confluency
CM
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in the in vitro experiments. The initial concentration of cells in the
non-cycling compartment (𝑁 𝐶0) is assumed to be 0 cells/A, where A
denotes the area of the spatial domain in the in vitro experiment. 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 (Ugray et al., 2007). Following the 80-20 rule of thumb,

hich recommends using 80% of available data to train a model, and
0% of available data to test a model (Joseph, 2022), we use data from

9 time series experiments to parameterise (or train) the model (Fig. 1b
–V), and 2 time series experiments to evaluate (or test) the model

(Fig. 1b VI). A data-driven model selection that motivates the choice of
the model equations (Eqs. (1a)–(2e)) is included in the Supplementary
Material (S3).

After the model evaluation and selection, the compartment model
is mapped to the baseline ABM. First, some ABM model parameters
(𝐶ABM, 𝜇𝑃 ∗ , 𝑞0, 𝑝0, 𝐸max,1, 𝐸50,1, ℎ1, 𝐸max,2, 𝐸50,2, ℎ2, 𝜏, 𝜏𝐺1, 𝜏𝑆 , 𝜏𝑆 𝐷,
and 𝜏𝐺2∕𝑀 ) are carried over from the compartment model. Thereafter,
some ABM-specific parameters (𝜎𝑃 ∗ and 𝜎) are directly read from the in
vitro data. Lastly, the parameter 𝑣𝐵 is estimated by matching simulation
outputs to in vitro data.

Parameter values related to the initial conditions are listed in
Table 1 and all other parameters are listed in Table 2. A thorough
escription of the model parameter estimation is available in the Sup-
lementary Material (S2). Since both the compartment model (Fig. 1a)
nd the ABM (Fig. 1c) are able to satisfactorily predict unseen time
eries data, we argue that the models are appropriate for our current
tudy which aims at modelling cell population dynamics in response

to 0.1–1 𝜇M ceralasertib doses and 0.2–1 𝜇M olaparib doses. While
our models do not replicate the bumps observed in the in vitro data
(e.g., the dashed purple curve at 150 h in Fig. 1b V), we choose not to
over-parameterise the models to fit noisy data and thus make a trade-
off between model fit and complexity. We stress that the motivation
for moving the compartment model to the ABM is not to better capture
the in vitro system in Fig. 1. Instead, the ABM is introduced in order
o next allow us to simulate theoretical scenarios in which FaDu ATM-
O cells are spatially structured (and thus not well-mixed). This will
nable us to study the role of space in relevant treatment dynamics.
ndeed, the compartment model captures the training data better than
he ABM, which suggests that the modelled system is well-mixed. For
he chosen split of training and testing data, the baseline ABM does,
owever, capture the test data better than the compartment model.
or a quantitative model comparison, see Supplementary Table S1 with
oot mean square errors between model outputs and in vitro data.

2.4. Competition for space amongst cells is modelled by a cell crowding
limited 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 2.2) 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 drug 1 (ATRi), drug 2
PARPi), or to both drugs 1 and 2. The latter case simulates multi-drug
esistance. 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
ells may only place daughter cells in their immediate neighbourhoods,
.e., in first-order neighbourhoods, such that 𝑣𝐶 = 1. To ensure that this
patial competition is an effect of cell crowding and not the boundary,
e use periodic boundary conditions in this part of the study.

To investigate how various cell-level and population-level proper-
ties 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 in
List 1.
5 
1. The cells are seeded in different spatial configurations on the
lattice (Fig. 2).

2. The initial fraction of drug-resistant cells is either 0.1 or 0.3.
3. The drug-resistant cells are resistant to drug 1, drug 2, or both

drugs 1 and 2.
4. Cells are treated with either drug 1 monotherapy, drug 2

monotherapy, or drug 1–2 combination therapy.
5. Drugs are given at higher doses ([drug1] = 1 𝜇M, [drug2] = 1

𝜇M), or lower doses ([drug1] = 0.3 𝜇M, [drug2] = 0.2 𝜇M).
6. The mean doubling time of drug-resistant cells is varied be-

tween 𝜏 and 2𝜏, where 𝜏 is the mean doubling time of
drug-sensitive cells.
List 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 1), we seed
he 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
n each seeded cluster. Examples of initial cell configurations with 𝑁
 419, 32, and 1 cluster(s) are shown in Fig. 2, where the fraction of

drug-resistant cells is 0.3.
Before proceeding to the result-generation, we note that simulation

stochasticity arises from multiple sources in the ABMs: the initial cell
configurations (Sections 2.4 and 2.2.3), the placement of daughter cells
(Section 2.2.3), the paths taken in the cell cycle model and the cell
doubling times (Section 2.2.1), and drug responses (Section 2.2.2).

oreover, we want to report our results with summary statistics that
re averaged over multiple simulations. This begs the question: How
any simulations do we need to run in order to report meaning-

ul results that mitigate uncertainty originating from intrinsic model
tochasticity? One way to answer this question is through performing
 consistency analysis. The process is described in detail by Hamis
t al. 2021a and builds on previous statistical work (Vargha and De-
aney, 2000; Alden et al., 2013). From the consistency analysis, we

conclude that 100 simulation runs suffice to form the basis for our
reported results, as is outlined in the Supplementary Material (S4).

3. Results and discussion

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.
Specifically, we investigate the implications of varying items 1–6 in
List 1. We simulate cell population dynamics between 0 and 310 h to
be consistent with the in vitro experiments that we simulate in Fig. 1.
Our simulation results are summarised in five result figures (all figures
in Section 3) produced with the model parameters listed in Table 2
such that non-cycling cells remain on the lattice and cells can divide
n their first order neighbourhoods (𝑣𝐶 = 1). In the Supplementary
aterial (S6), we reproduce the result figures with the difference that

on-cycling cells are removed from the lattice after a time period
hat is equivalent to their cell cycle length. This cell removal enables
ells in state G0 to re-enter the cell cycle, should free space in a
eighbouring lattice site become available. Our simulation results show
hat including such cell removal in the model favours drug-resistant
ells which get more spatial resources on which to proliferate. We also
eproduce in the result figures in Supplementary Material S7, there
ith the variation that daughter cells can be placed in up to 2nd-
rder (𝑣𝐶 = 2) and 3rd-order (𝑣𝐶 = 3) neighbourhoods, as opposed
o first-order neighbourhoods only. Our simulation-based conclusions
re robust to changes in 𝑣 .
𝐶



K. Pugh et al.

Fig. 2. 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 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). 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.

Fig. 3. Cells that are resistant to both an ATRi (drug 1) and a PARPi (drug 2) compete for spatial resources with drug-sensitive cells. A total number of 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. In each
panel a-f, results are shown from simulations with no drugs (top row), drug 1 monotherapy (left column in each treatment panel), drug 2 monotherapy (middle column in each
treatment panel), and combination therapy (right column in each treatment panel) for high (middle row) and low (bottom row) doses. Examples of initial and final simulation
snapshots are shown in each panel. Drug-sensitive and drug-resistant cells are, respectively, orange and purple. The panels also include plots of the dynamic mean fraction of
drug-sensitive (orange) and drug-resistant (purple) cells, and standard deviations (dashed lines) from 100 simulation runs.

Journal of Theoretical Biology 602-603 (2025) 112048 
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Table 1
Initial conditions are estimated from in vitro data. 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. Note that state G0
is included in the agent-based model but not the compartment model.
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.
𝑆 𝐷0 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.
𝑁 𝐶0 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 2
Parameter values are estimated from in vitro data. The table displays the parameter values that are used in the compartment model and the agent-based models.

Parameter name Parameter value Parameter description

Parameter values that are estimated by fitting the compartment model to in vitro data.
𝐶𝐶 𝑀 100 (cells/A) The carrying capacity in the compartment model.
𝑈 (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/h) The rate at which cells leave state G1 in the absence of cell crowding.
𝑘′2 0.1742 (1/h) The rate at which cells leave state S in the absence of cell crowding.
𝑘′3 0.1420 (1/h) The rate at which cells leave state SD in the absence of cell crowding.
𝑘′4 0.0530 (1/h) The rate at which cells leave state G2/M in the absence of cell crowding.
𝐸max,1 1 The maximal drug effect of drug 1.
𝐸50,1 0.2579 μM The concentration of drug 1 that results in half the maximal effect.
ℎ1 1.5187 The Hill coefficient of drug 1.
𝐸max,2 0.5609 The maximal drug effect of drug 2.
𝐸50,2 0.1275 μM The concentration of drug 2 that results in half the maximal effect.
ℎ2 1.0962 The Hill coefficient of drug 2.

Parameter values that are estimated by fitting the agent-based model to in vitro data.
𝐶𝐴𝐵 𝑀 10,000 cells The carrying capacity in the agent-based model.
𝑃0 𝑁 ⋅ 𝑛 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 2.4).
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 h 𝜎 = 8.2 h 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.
𝜏𝑆 𝐷 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 2 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 agent-based model (Section 2.4).

𝑣𝐶 1 lattice site The neighbourhood order in which daughter cells can be placed in the cell crowding limited
agent-based model.
i
c

o

b

a

3.1. Spatial cell structures impact dynamic treatment responses

In the first in silico experiment, we aim to elucidate how the
competition between drug-sensitive cells and cells that are resistant to
both drugs 1 and 2 is impacted by spatial cell configurations. To do
this, we initiate the in silico experiments by seeding 𝑃0 cells on the
lattice in three different configurations: single-cell clusters, multi-cell
clusters, and monoclusters (Item 1, List 1; Fig. 2). For each of these
configurations, we vary the initial fractions of drug-resistant cells (Item
2, List 1), drug treatments (Item 4, List 1), and drug doses (Item 5, List
1). The results from these experiments are summarised in Fig. 3, where

e plot the fraction of drug-sensitive and drug-resistant cells over the
simulation time course, 310 h. Visual maps of end time cell populations
for all investigated initial configurations and dose-combinations are
available in the Supplementary Material (S5).

By comparing the panels in Fig. 3, we can see how the different
eeded cell populations lead to different population dynamics. From the
esults in Fig. 3 (top rows of a-f), we see that, in the absence of drugs,
he fractions of drug-sensitive and drug-resistant cells do not notably
ary over the simulation time course for any seeded cell configuration.
his is because there are no drugs to target the drug-sensitive or drug-
esistant cells, which means both populations grow at the same rate.
owever, when drugs are applied in the in silico experiments, the

raction of the drug-resistant populations increase over time due to
7 
the drugs targeting the drug-sensitive populations only. This result
s particularly significant when the cells are seeded in smaller-sized
lusters. 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
f the simulations (Fig. 3a,d). The partial 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 Fig. 3, (ii) drugs are given at high doses, as can
e observed by comparing the middle to bottom rows in panels a-f in

Fig. 3, (iii) drugs are administered in combination, as can be observed
by comparing the columns in treatment panels a-f in Fig. 3.

In Figs. 4 and 5, we have repeated the in silico experiments that
re summarised in Fig. 3, for cases where the drug-resistant cells are

resistant to drugs 1 or 2 only. The results show that ATRi-treatments
on populations with ATRi resistant cells yield higher drug-resistant
fractions than PARPi-treatment on populations with PARPi resistant
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Fig. 4. Cells that are resistant to an ATRi (drug 1) compete for spatial resources with drug-sensitive cells. A total number of 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. In each panel a-f, results are shown from
simulations with no drugs (top row), drug 1 monotherapy (left column in each treatment panel), drug 2 monotherapy (middle column in each treatment panel), and combination
therapy (right column in each treatment panel) for high (middle row) and low (bottom row) doses. Examples of initial and final simulation snapshots are shown in each panel.
Drug-sensitive and drug-resistant cells are, respectively, orange and purple. The panels also include plots of the dynamic mean fraction of drug-sensitive (orange) and drug-resistant
(purple) cells, and standard deviations (dashed lines) from 100 simulation runs.
cells. This difference is exasperated by small cluster sizes and follows
from the model calibration to the experimental data which shows
that ATRi monotherapies are more effective at inhibiting the repair of
DNA damaged cells than PARPi monotherapies. Rather than being a
comparatively effective monotherapy, the PARPi makes the cells more
susceptible to the ATRi in our simulations. This follows from the shape
of the biologically-informed pathway model (Fig. 1c) in which the
PARPi pushes cells to the SD state, making them susceptible to the
ATRi.

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 at the end of the simulations (Figs. 4
and 5 b,c,e,f). This is because even though one of the drugs sup-
presses both populations, the other drug suppresses the drug-sensitive
population only. Therefore, compared to the high-dose combination
treatment, the low-dose combination treatment marginally favours the
drug-resistant populations in Figs. 4 and 5 b,c,e,f. This statement is
based on comparing end time fractions of drug-resistant cells only, but
does not hold for all simulation time points as is depicted more clearly
in Fig. S23 in the Supplementary Material (S8).

In summary, our simulation results demonstrate that there is a
complex interplay between in silico cell competition and seeded cell
8 
configurations, initial fraction of seeded drug-resistant cells, mode of
drug resistance, drug treatments, and drug doses (Items 1–5, List 1).

3.2. Spatial cell structures impact the feasibility of treatment objectives

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 3.1. To do this, we vary two in silico inputs: the initial spatial
cell configurations (Item 1, List 1) and drug doses (Item 5, List 1). In
the experiments, we seed 𝑃0 cells on the lattice in different number
of clusters, where 0.3𝑃0 cells are resistant to both drugs 1 and 2.
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. Simulation results are
summarised in heatmaps in Fig. 6, 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).

Our simulation results show that the end time cell counts increase
with the number of clusters and decrease with increasing drug doses
(Fig. 6a). Drug-resistant population fractions also increase with the
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Fig. 5. Cells that are resistant to a PARPi (drug 2) compete for spatial resources with drug-sensitive cells. A total number of 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. In each panel a-f, results are shown from
simulations with no drugs (top row), drug 1 monotherapy (left column in each treatment panel), drug 2 monotherapy (middle column in each treatment panel), and combination
therapy (right column in each treatment panel) for high (middle row) and low (bottom row) doses. Examples of initial and final simulation snapshots are shown in each panel.
Drug-sensitive and drug-resistant cells are, respectively, orange and purple. The panels also include plots of the dynamic mean fraction of drug-sensitive (orange) and drug-resistant
(purple) cells, and standard deviations (dashed lines) from 100 simulation runs.
number of clusters but increase with increasing drug doses (Fig. 6b).
From an in silico treatment perspective, this means that the treatment
objective should influence the applied drug doses. Indeed, biologi-
cally relevant treatment objectives include: (i) suppressing the total
cell count, and (ii) suppressing the drug-resistant fraction, and 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 Fig. 6a to see that the drug dose needs to be in the range
0.1–1 𝜇M. From Fig. 6b, we also see that dose 1 𝜇M yields an end
time drug-resistant 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 popula-
tions) should be leveraged when designing treatment strategies (here,
drug doses) since the objectives might be best achieved with different
approaches.
9 
3.3. Spatial cell structures impact doubling time associated treatment re-
sponses

In the previous in silico experiments (Sections 3.1 and 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, List 1) where 0.3𝑃0 cells are resistant to both drugs 1 and 2.
We also, simultaneously, vary the drug 1 and 2 doses (Item 5, List 1;
Fig. 7 vertical axes), and the mean doubling time of drug-resistant cells
(Item 6, List 1; Fig. 7 horizontal axes). The results are summarised in
heatmaps in Fig. 7, 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
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Fig. 6. Drug doses and spatial cell configurations impact 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, a total number of 𝑃0 cells are seeded on the lattice, where
0.3𝑃0 cells are resistant to both drugs 1 and 2. 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.
Fig. 7. Spatial cell configurations, drug doses, and cell doubling times impact total cell counts and the composition between drug-sensitive and drug-resistant cells. At
the start of the experiments, a total number of 𝑃0 cells are seeded on the lattice, where 0.3𝑃0 cells are resistant to both drugs 1 and 2. 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.
note, however, is that cell populations that are seeded in monoclusters
are less sensitive to changes in 𝜏 , than populations that are seeded
𝑅

10 
in single-cell and multi-cell clusters (Fig. 7). This can be observed by
comparing the spread in cell counts in the top heatmaps in Fig. 7, and
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can be explained by the spatial limitations that follow from increased
cluster sizes. On the other hand, the relationship between (1) cell con-
figurations, (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 varies between 0.3003-0.1029, 0.3001-0.0775,
0.3034-0.1274 when 𝜏𝑅 is increased from 41 to 82 h for single-cell,

ulti-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 0.6661-0.3950 (Fig. 7, bottom rows). Together, these
results indicate that spatial factors may significantly impact simulated
cell populations’ sensitivities to both cell-extrinsic factors (e.g., drug
doses) and cell-intrinsic factors (e.g., variations in doubling times).

4. Conclusion

A growing body of mathematical modelling work highlight that
patio-temporal factors may impact cell-to-cell interactions and the en-

suing dynamics in cancer cell populations. Recent contributions to this
body of work includes studies on interactions between drug-sensitive
and drug-resistant cells (Strobl et al., 2022), growth-factor producing
and non-producing cells (Hamis et al., 2023), and cancer cells and
mmune response cells (Retzlaff et al., 2023; Ruiz-Martinez et al.,

2022; van Genderen et al., 2024). In line with these studies we, here,
se an on-lattice agent-based modelling approach to simulate spatially

structured cell populations comprising drug-sensitive and drug-resistant
ells that compete for space on the lattice. The cell-to-cell competition
or space is implemented by a volume exclusion modelling rule which

ensures that parental cells only divide if free lattice sites are available in
their immediate neighbourhood. This rule is simple by design, in order
to directly probe the role that space plays in the interplay between
drug-sensitive and drug-resistant cells in silico. The simulated cell pop-
ulations are subjected to, up to two, drugs and our results demonstrate
that the treatment responses are simultaneously affected by: (i) the ini-
tial spatial cell configurations, (ii) the initial fraction of drug-resistant
cells, (iii) the drugs to which cells express resistance, (iv) drug com-
binations, (v) drug doses, and (vi) the doubling time of drug-resistant
cells compared to the doubling time of drug-sensitive cells. Adding to
the understanding gained from previous ABMs that have been used
to study interactions between drug-sensitive and drug-resistant cancer
cells (Wang et al., 2015; Strobl et al., 2022; Bacevic et al., 2017), our
tudy contributes simulation-based evidence that factors (i–vi) impact
n silico treatment responses both independently (through variation of
ne factor) and collectively (through simultaneous variation of multiple
actors). We iterate that our in silico simulations represent in vitro
cenarios, but that our model could be extended to study spatial im-
lications of cell-to-cell interactions in vivo. Such a model extension
ould include a move from 2-D to 3-D space, the inclusion of healthy
ells and other cells of the tumour microenvironment, and plasticity in
ow individual cells express drug resistance.

In summary, our results demonstrate that spatial factors affect not
only cell-to-cell interactions, but also the impact that the cell-to-cell
nteractions have on the macroscopic population dynamics. From this,
e suggest that the role that space plays in cell-to-cell competition

hould be further investigated and quantified in experimental settings,
for instance through analysis of time-lapse microscopy data of cells in
varying seeding densities and subclone compositions. We argue that
it would be especially meaningful to develop studies that determine
when spatial factors impact cell-to-cell interactions and the resulting
opulation dynamics, and when they do not. These studies would be
est implemented by multidisciplinary research teams that integrate
xperiments with mathematical modelling.
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