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Abstract

Macrophages are innate immune cells that play a key role in conditions as diverse
as wound healing, atherosclerosis and cancer. In cancer, macrophages may be char-
acterised as anti-tumour, promoting a wider immune response and phagocytosing
tumour cells, or as pro-tumour, suppressing the immune response and promoting
blood vessel growth and metastasis. The spatial distribution of macrophages in-
side a tumour correlates with patient prognosis and treatment response, and is
hypothesised to be predictive of macrophage phenotype. In this thesis, we use a
combination of mathematical modelling and image analysis to characterise these
distribution patterns and understand the mechanisms by which macrophages may
infiltrate solid tumours.

We have developed an image analysis pipeline for the automated analysis of
whole slide histology images, a rich source of spatial data for the investigation of
immune cell distributions in vivo. Our pipeline automatically identifies macrophages
and other cell types using a combination of superpixellation and Support Vector
Machines (SVMs), and we develop summary statistics which characterise distinct
macrophage distributions across different tumour indications based on detected cell
locations. We validate our pipeline against real data and benchmark it against
human pathologists. We then demonstrate its flexibility and robustness in a range
of applications across a variety of datasets.

We investigate the observed distributions of macrophages further by using the
Chaste (Cancer, Heart and Soft Tissue Environment) modelling framework to de-
velop a new agent-based model of macrophage infiltration into solid tumours. We
first use our model to simulate in wvitro experiments in which inert microbeads in-
filtrate into multicellular tumour spheroids (MCTSs). This study enables us to
investigate the role of passive infiltration caused by spatial variation in cell prolif-
eration and death rates across the MCTS. The interplay between cell proliferation
and death drives an advective flow from nutrient-rich, proliferative, regions towards
necrotic regions. Our agent-based framework reproduces results from previous con-
tinuum models of this process and provides new insight into the observed infiltration
patterns that cannot be obtained without resolving the trajectories of individual par-
ticles in an agent-based framework. We subsequently extend this model to describe
macrophage infiltration into MCTSs via a combination of passive infiltration and
chemotaxis in response to colony stimulating factor-1 (CSF-1). This chemoattrac-
tant, which is expressed by hypoxic tumour cells, is implicated in metastasis and
is a target for immunotherapy treatments currently in Phase I trials at Roche. Fi-
nally, we discuss methods of integrating whole slide imaging with our agent-based
modelling approaches and compare simulated macrophage distributions with those
from in vivo images analysed using our imaging pipeline.
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Chapter 1

Introduction

1.1 Thesis aims and structure

Macrophages are a key cell in the innate immune system, performing a wide range of
tasks in a diverse array of biological contexts. In non-pathological tissue, these roles
include the disposal of damaged cells, destroying foreign objects such as bacteria,
regulating the adaptive immune system and playing a key part of the wound healing
process. As a result of the diverse processes they play a role in, macrophages can
express a wide range of phenotypes which depend on the cues they receive from
their microenvironment.

In cancer, cells which have accumulated a series of mutations proliferate un-
controllably. Macrophages are usually able to recognise foreign or damaged cells
and attack them, destroying many mutant cells. However, the ability to evade this
type of immune surveillance is one of the characteristics of cancer cells, and has
been recognised as one of the modern hallmarks of cancer (Hanahan and Wein-
berg, 2011). One of the ways through which cancer cells evade macrophages is by
producing signalling molecules called cytokines (Dranoff, 2004). These cytokines
influence the macrophage phenotype, so that cancer cells cause tumour associated

macrophages (TAMs) to express pro-tumour phenotypes more usually associated
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with the wound healing process. Some of these cytokines also recruit macrophages
to the tumour via chemotaxis, defined as the movement of cells up a chemical con-
centration gradient - cytokines which act as a chemoattractant are also known as
chemokines (Mantovani et al., 2004). We elaborate on these processes in Section
1.2. Many chemokines which recruit macrophages to tumours are also responsible
for altering macrophage phenotypes. As a result, it is hypothesised that the spatial
distribution of macrophages within a tumour is related to the phenotype of those
macrophages. Support for this comes from the experimental observation that the
spatial distribution of macrophages is correlated with patient prognosis and treat-
ment response across a wide range of different cancer types, suggesting that tumour
infiltrating macrophages have a pro-tumour phenotype (Pyonteck et al., 2012; Sica
et al., 2015; Chanmee et al., 2014; Scholl et al., 1994).

Immunotherapies, treatments which attempt to manipulate the immune system
to target diseases, have become a key current focus of the pharmaceutical indus-
try. By preventing tumour cells from evading the immune system, some treatments
produced extraordinary results. Our industrial collaborators at Roche Diagnostics
GmbH (henceforth abbreviated to Roche) are developing treatments which aim to
manipulate macrophage phenotype to achieve novel tumour killing behaviour, which
we describe in Section 1.2.3. These treatments, in combination with the observation
that macrophage distribution correlates with patient prognosis, require that we un-
derstand the biological and physical factors that determine the spatial localisation of
macrophages in a tumour. This requires tools which can assign quantitative metrics
to the spatial distribution of macrophages in a tumour, and an understanding of the
forces which drive cell movement within tumours.

This thesis aims to provide tools for quantifying spatial distributions of immune
cells within cancer based on histological images of tumours. In Chapter 2 we de-
velop an automated image analysis pipeline for the analysis of whole slide histology

images. Histology samples show cell locations and morphology for a slice through
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a tumour, containing detail from the sub-cellular scale to the tissue scale. They
are a common source of information and are routinely used in universities and in
the clinic for research, diagnosis and treatment planning. Historically these images
have been interpreted by skilled pathologists using microscopes, but recent trends
in the field of digital pathology have introduced new opportunities. Slide scanners
provide an affordable means for pathologists to digitize entire tissue slides to form
whole slide images (WSIs). WSIs provide a rich dataset for the spatial analysis of
immune cells, but the analysis of these images typically relies on metrics developed
before digitization allowed detailed interrogation of the images. As such, automated
methods to extract detailed quantitative information from WSIs have the potential
to make a large impact on current clinical and research protocols by enabling more
complex analyses of WSIs. The pipeline we present in Chapter 2 is designed to
provide a means of flexibly interrogating WSIs to extract spatial information about
cell locations.

In Chapter 3, we apply our pipeline to histological images to obtain cell locations
for several immune cell subtypes within a tumour. We also show how our pipeline can
be used to align histological images which come from consecutive slices of the tumour
to combine information from multiple slides. This results in maps of macrophage
locations within different tumours, combined with information about the oxygen
environment of the tumour. We apply spatial statistics to the macrophage distri-
butions obtained from our pipeline to identify patterns of macrophage localisation.
Using statistics which measure clustering and dispersion, we show that combinations
of quantitative spatial statistics are able to group tumour images into qualitatively
similar groups. We also use our pipeline to determine spatial statistics which de-
scribe the immune cell distributions in a tumour, and investigate how accurately
summary statistics obtained from a small sample of a tumour, such as a biopsy, can
approximate the true value of those statistics across the whole tumour.

Chapters 2 and 3 provide tools for quantitatively describing macrophage distri-



1.1. THESIS AIMS AND STRUCTURE

butions from histological data. In Chapter 4, we develop a mathematical model to
understand the underlying mechanisms resulting in the differing distributions. Our
model is motivated by experimental data described by Dorie et al. (1982) in which
infiltration experiments were conducted on tumour spheroids. Multicellular tumour
spheroids (MCTSs) are a model system of avascular tumour growth, in which a
cluster of tumour cells is sustained by a nutrient which diffuses into the spheroid.
As the spheroid grows a nutrient gradient is established which deprives cells in the
core of nutrient and oxygen. This causes spheroids to grow to a maximum steady
state size at which proliferation of cells at the spheroid edge is balanced by the
death of cells in the spheroid core. In (Dorie et al., 1982), inert plastic microbeads
are added to the boundary of MCTSs. Over time, these beads migrate towards
the spheroid core, demonstrating the presence of an advective flow from the pro-
liferative rim to the centre. Previous continuum models have reproduced this flux
and attempted to explain the dynamics of the microbead distribution (McElwain
and Pettet, 1993; Thompson and Byrne, 1999; Pettet et al., 2001). We use an al-
ternative agent-based model, implemented in the Chaste (Cancer, heart and soft
tissue environment) framework (Mirams et al., 2013), to simulate oxygen limited
spheroid growth and the infiltration of microbeads into the spheroid. Our approach
demonstrates that the dynamics observed experimentally can only be understood
by examining the trajectories of individual microbeads, and clarifies the impact that
the composition of a spheroid has on the speed of the advective flow.

In Chapter 5, we extend the model described in Chapter 4 to include macrophage
infiltration into MCTSs. We contrast the “passive” migration which causes inert mi-
crobeads to infiltrate spheroids with “active” migration of macrophages. This active
migration is the result of macrophage chemotaxis towards CSF-1, a chemokine pro-
duced by hypoxic tumour cells in the spheroid core. Results from our model demon-
strate that the speed at which an individual macrophage moves towards the spheroid

centre is affected more by the spheroid composition than by macrophage sensitiv-
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ity to chemotaxis. However, increased infiltration is observed when macrophages
are sensitive to chemotaxis because it causes them to spend less time clustering at
the spheroid boundary. In Chapter 5 we also present preliminary results linking our
agent-based model with in vivo tumour geometries obtained from the image analysis
pipeline described in Chapters 2 and 3. These results indicate that chemotaxis plays
a similar role in in vivo tumours as it does in tumour spheroids, with macrophages
spending more time in the stroma in the absence of chemokines. Chemokines such as
CSF-1 also bias macrophages towards a pro-tumour phenotype, so our model results
are consistent with the hypothesis that patients whose tumours have high densities
of infiltrating macrophages have a bad prognosis because these macrophages are
more likely to have a pro-tumour phenotype.

We conclude in Chapter 6 by summarising our findings and discussing possible
directions for further research.

The remaining Sections of this Chapter are dedicated to a review of existing
techniques in relevant areas. We begin with a review of the role of macrophages and
the wider immune system in non-cancerous tissue before discussing their behaviour
in the context of cancer and their potential as targets for immunotherapy. We discuss
the process of making histological images, and review existing software designed to
analyse them. This is followed by a review of existing software designed for digital
pathology, as well as image analysis techniques that can be used to identify individual
cells from histological images. We conduct a review of mathematical models of
macrophages in cancer, and discuss different agent-based modelling methodologies

and software packages designed to implement them.



1.2. REVIEW OF BIOLOGICAL BACKGROUND

1.2 Review of biological background

1.2.1 Macrophages and the immune system

The human immune system consists of two interacting subsystems: the adaptive
immune system and the innate immune system (de Visser et al., 2006; Sompayrac,
1999). The innate immune system includes macrophages, neutrophils and natural
killer cells; these are the first cells to respond to dangers such as bacteria which man-
age to pass into the body. The adaptive immune system includes B-lymphocytes and
T-lymphocytes (de Visser et al., 2006), and is responsible for developing a tailored
response to threats over a longer timescale of several days. It is this system which
produces antibodies against specific receptors on hostile cells and “remembers” pre-
vious threats to ensure a faster response when the host is challenged with a similar
threat.

One of the key cell types in the innate immune system is the macrophage (Wynn
and Vannella, 2016; Lewis and Pollard, 2006; Wynn et al., 2013). Macrophages are
resident in healthy tissue and ordinarily fulfil a “garbage collection” role, destroying
debris left behind after cell death through a process of phagocytosis, in which the
macrophage engulfs the fragments of dead cells before lysing them internally (Murray
and Wynn, 2011; Sompayrac, 1999).

When a tissue is initially damaged, for example by a wound breaking the skin,
tissue-resident macrophages are present in the exposed area. Macrophages express
“toll-like receptors” (TLR) which bind to “pathogen-associated molecular patterns”
(PAMPs), structures commonly conserved between microbes such as the lipopolysc-
charides (LPS) commonly found in bacterial cell walls, or bacterial DNA (Har-
wood et al.; 2012; Wynn and Vannella, 2016). On encountering signs of infection,
macrophages are “activated” to become more phagocytic and, by immediately at-
tacking the bacteria, are able to prevent bacterial infections from becoming uncon-

trollable during the period before the cells of the adaptive immune system are aware
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of the threat (Sica et al., 2015; Wynn et al., 2013). Macrophages use a similar
process to phagocytose damaged cells.

Macrophages can express a range of phenotypic traits, enabling them to con-
tribute to a variety of processes (Lewis and Pollard, 2006; Wynn et al., 2013). There
is a spectrum of macrophage phenotypes which are determined by the immediate tis-
sue microenvironment and a host of signalling molecules (cytokines) influence their
phenotype, including interleukins IL-4, 11.-13, and IL-10, colony stimulating factor-
1 (CSF-1), transforming growth factor-g (TGF-3) and interferon v (IFNv) (Beck
et al., 2009; Lewis and Pollard, 2006; Mosser and Edwards, 2008; Sica et al., 2015;
Wynn and Vannella, 2016). The phenotypic spectrum is often simplified as two dis-
tinct and extreme phenotypes denoted M; and M,, although in reality macrophages
exhibit a spectrum of phenotypes (Sica et al., 2015; Mosser and Edwards, 2008).
Table 1.1 summarises the key differences between M; and My macrophages and lists
key growth factors known to promote expression of an M; or My phenotype.

The primary role of M; macrophages is to destroy hostile cells (Wynn et al.,
2013). They do this in two ways. The first mechanism is phagocytosis: here an
M; macrophage engulfs a cell. The macrophage also presents fragments of de-
stroyed cells as antigens to prime other immune cells (Lewis and Pollard, 2006).
M; macrophages also release inflammatory chemicals such as Nitric Oxide (NO) or
reactive oxygen intermediates (ROIs) (de Visser et al., 2006; Sica et al., 2015; Wynn

and Vannella, 2016) which damage both invading cells and healthy tissue, causing

Table L1 Table

Remove debris Wound Healing comparing prop-
Destroy invaders Neovascularisation erties of M1 and
Expression of Nitric Oxide, ROIs Expression of VEGF-A M, macrophage
(Reactive Oxygen Intermediates) (Vascular Endothelial Growth Factor-A) phenotypes. Some
Invokes Th1 responses Invokes Th2 responses cytokines which are
Differentiation moderated by: Differentiation moderated by: known to promote

IFN-y (Interferon-y) IL-4 (Interleukin-4) .
TNF-a (Tumour Necrosis Factor-a) IL-13 (Interleukin-13) the expression of a
CSF-1 (Colony Stimulating Factor-1) particular phenotype

Anti-Tumour Pro-Tumour are also shown.
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leakage of cellular fluid into the tissue and leading to inflammation.

CSF-1 is a powerful chemoattractant for macrophages which attracts them from
the surrounding tissue (Beck et al., 2009) and prompts monocytes, the precursor
cells of macrophages, to extravasate from the bloodstream and differentiate into
macrophages (Ginhoux and Guilliams, 2016). CSF-1 also causes M; macrophages
to express an My phenotype (Murdoch et al., 2004; Wynn et al., 2013), characterised
by reduced phagocytic abilities and expression of growth factors such as vascular
endothelial growth factor-A (VEGF-A), which promote angiogenesis from existing
vasculature (Sidibe et al., 2018; Murdoch et al., 2004; Wynn et al., 2013; Wynn
and Vannella, 2016). While M; macrophages promote a pro-inflammatory immune
response (Thl response), My macrophages promote an anti-inflammatory (Th2)
response (Sica et al., 2015; Mills et al., 2000).

In practice, macrophages cannot be decomposed into distinct subpopulations.
Instead, it is more accurate to view a macrophage as “polarized” or “activated”
to exhibit behaviours characteristic of those described above (Murray et al., 2014;
Murray and Wynn, 2011). The “functional phenotype” of a macrophage depends on
its microenvironment (Stout and Suttles, 2004; Stout et al., 2005) and may change
through a process termed “functional plasticity” (Belgiovine et al., 2016). It is
possible to target the specific pathways involved in this process and thereby inhibit
phenotypic switching (Kloepper et al., 2016; Peterson et al., 2016; Mylonas et al.,
2009; Hagemann et al., 2008).

1.2.2 The role of macrophages in cancer biology

Macrophages play an important role during tumour growth, and may constitute up
to 50% of the mass of some tumours (Murdoch et al., 2004; Franklin et al., 2014).
The two extreme macrophage phenotypes have opposing effects on tumour growth:
M; macrophages have an anti-tumour effect, attacking tumour cells via phagocytosis

and the expression of lysing factors, as well as promoting an inflammatory immune
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response (Thl response) by recruiting other immune system cells hostile to the
tumour to the site. My cells have a pro-tumour effect: their expression of vascular
growth factors stimulates the growth of the disordered vascularisation associated
with tumours (Sica et al., 2015; Sidibe et al., 2018; Lewis et al., 1999; Lamagna
et al., 2006). New vessels bring oxygen and nutrients to hypoxic tumour regions and
provide resources that enable the tumour to grow. M, macrophages also exert an
immunosuppressive anti-inflammatory effect and each macrophage expressing an M,
phenotype has a greatly reduced ability to attack the tumour (Munn and Bronte,
2016).

Tumours can subvert anti-tumour M; macrophages and cause them to switch to a
pro-tumour, My phenotype: hypoxic tumour cells secrete cytokines including CSF-1
which stimulate macrophages to stop attacking the tumour, and to instead produce
VEGF-A to promote vascular growth (Sidibe et al., 2018; Stockmann et al., 2014;
Sica et al., 2008). Treatments for a range of cancer types have been proposed that
target pathways associated with switching to an M; phenotype (Pradel et al., 2018;
Edwards V et al., 2018; Fujimura et al., 2018; Mantovani et al., 2017; Peterson et al.,
2016; Kloepper et al., 2016; Cassier et al., 2015; Noy and Pollard, 2014; Cannarile
et al., 2014).

Macrophages are also implicated in tumour metastasis (Qian et al., 2011; Vasil-
iadou and Holen, 2013; Keklikoglou and De Palma, 2009; Yuan et al., 2014; Qian
and Pollard, 2010; Kadioglu and de Palma, 2015; Qian et al., 2009). A prominent
candidate for the mechanism through which macrophages promote metastasis is
the “tumour microenvironment of metastasis” (TMEM) (Laoui et al., 2014; Har-
ney et al., 2015; Hughes et al., 2015; Kadioglu and de Palma, 2015). A TMEM
is formed when an endothelial cell, macrophage and cancerous cell come into close
proximity, with the macrophage causing transient permeability of the vessel wall
and permitting the cancerous cell to enter the blood vessel (Harney et al., 2015).

The spatial distribution of tumour associated macrophages (TAMs) has been
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shown to be an important indicator of treatment viability. For instance, in solid
tumours the extent of macrophage infiltration has been identified as a poor prog-
nostic factor, correlating with negative treatment outcome (Pyonteck et al., 2012;
Ries et al., 2014; Sica et al., 2015). TAM infiltration positively correlates with tu-
mour cell proliferation (Lewis and Pollard, 2006). In non-small cell lung cancer,
the extent of M; macrophage infiltration into the tumour islets has been claimed to
have a positive effect on survival time (Ma et al., 2010). The spatial distribution
of macrophages varies widely between both tumour type and prognosis, and under-

standing and manipulating this distribution forms a key part of current research.

1.2.3 Macrophages as targets for cancer immunotherapy

Immunotherapy is a rapidly expanding field of cancer treatment which aims to en-
courage the immune system to attack cancerous cells. It is “experiencing a re-
naissance” (Hoos, 2016) with therapies that involve almost all cells of the adaptive
and innate immune systems currently under development (Khalil et al., 2016; Hoos,
2016; Cassier et al., 2015). Understanding the ways in which the cells of the im-
mune system interact with cancer and the feasibility of manipulating these cells to
induce tumour death are crucial to the development of effective immunotherapeutic
treatments.

Preventing tumour manipulation of macrophage phenotype is an area of active
research in immunotherapy. The CSF-1 receptor (CSF-1R) has been proposed as
a target for manipulating the functional phenotype of macrophages (Pradel et al.,
2018; Rovida and Sbarba, 2015; Van Overmeire et al., 2015). For example, antibodies
which can block the CSF-1 receptor to prevent CSF-1 interacting with macrophages
may bias the population to adopt an M; phenotype in patients with diffuse-type

giant cell tumours (Ries et al., 2014).
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1.2.4 Imaging tumours using histology slides

Histology is the study of anatomy on a microscopic scale, and is one of the oldest
and most common methods used for medical imaging (Slaoui and Fiette, 2011).
When studying diseased tissue, the field is also known as histopathology. At its
most general level, histology involves using a light microscope to make detailed
observations of a tissue sample at the scale of individual cells, typically in the form
of a 2D slice through the tissue. The process of preparing a tissue sample for
histological imaging generally proceeds according to the following steps (Slaoui and
Fiette, 2011):

1. Fixation

2. Embedding

3. Sectioning

4. Staining

5. Slide examination

We describe these stages in the following paragraphs in the context of tumour

tissue, although the same stages are required to process any other tissue sample.

Fixation The aim of tissue fixation is to prevent the degradation of proteins within
the tissue. Once the sample has been surgically removed, cells within it immediately
begin degrading. Fixation halts this process, ensuring that the state of the histolog-
ical image is as close as possible to that of the in vivo sample. In situations when
the sample must be analysed quickly, such as a biopsy taken during surgery which
is to be examined to ensure that sufficient tissue has been removed that the invasive
margin of the tumour has been extracted, fixation can be achieved by flash freezing,
which can damage the tissue (Buchwalow and Bécker, 2010). For the images used
in this thesis, the more common method of fixing using formalin was used (Slaoui
and Fiette, 2011). After formalin fixing the tissue must be dried, which can cause

morphological deformations such as the shrinking of necrotic tissue that cannot be
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easily prevented.

Embedding Once fixed, the tumour sample is embedded within a paraffin block.
The sample must be soaked in paraffin to allow it to infiltrate the tissue, and it is
then placed in a mould filled with liquid paraffin. This block is then cooled until it
becomes solid. Embedding the tissue in paraffin preserves the structure and allows

the block to be sliced thinly without deforming the tissue.

Sectioning Sectioning is the process of cutting a tissue sample into 4 pym - 5 um
thick slices, or sections. This is achieved using a microtome, a precision knife that
can replicably produce extremely thin sections (Slaoui and Fiette, 2011). Each slice
is floated onto a water bath and a glass microscope slide placed underneath. The
section is then removed directly onto the slide and allowed to dry. The sectioning
process can damage the section in a variety of ways which must be accounted for
when analysing the image, such as tearing the slice or trapping bubbles between the

tissue and the slide.

Staining Paraffin embedded slides typically have very low contrast when viewed
through a microscope. To increase contrast and to highlight different features of
cells, the field of immunohistochemistry (IHC) has been developed in order to se-
lectively stain cells which express specific proteins (Buchwalow and Bocker, 2010).
[HC involves the creation of antibodies which selectively bind with a target protein,
or marker, in the tissue, and which also contain a dye molecule. The process of
staining for a particular receptor involves creating antibodies which will bind with
this receptor. The histology slide is then washed in a buffer containing these anti-
bodies. Once the antibodies have been allowed to bind with the target receptors in
the tissue, excess buffer is washed away. Typically a counterstain is added which
identifies cell nuclei, such as DAPI or hematoxylin, to ensure that the tissue sur-

rounding stained cells can be seen (Buchwalow and Bécker, 2010). Finally, stained
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slides are covered with another slip of glass to protect the tissue sample.

Although most markers are endogenous - they are proteins which are naturally
expressed by the cell - some markers are not naturally present. One such marker
present in the datasets examined in this thesis is pimonidazole. Pimonidazole is
not itself expressed by cells, but is a compound which binds selectively with thiol-
containing proteins in hypoxic cells (Varia et al., 1998). As such, pimonidazole must
be injected in to the patient before a tissue sample is taken so that it can bind with
these proteins. Antibodies selected to bind with pimonidazole can then be applied

to histology slides following the same process as for an endogenous marker.

Slide examination Once the slice is mounted on a microscope slide, it can be
examined using light microscopy. The most common way of examining histology
slides is by looking through such a microscope, but numerous slide scanners now
exist for taking high-resolution digital images of these slides (Garcia Rojo et al.,
2003; Abels and Pantanowitz, 2017). Typically, these digitised slides are assessed
by a pathologist with no further computational assistance - digitising the image
is generally seen as a way of making slide examination easier, rather than as a
prerequisite for more advanced computational analysis of the slide (Williams et al.,

2018b).

1.3 Image analysis methods for histology

1.3.1 Existing software for computational histology

A recent report to the UK government from the life sciences sector highlights pathol-
ogy as an area which is “ripe for innovation”, and in which algorithms based on
artificial intelligence could provide “prognostic insights that are not currently avail-
able through conventional methodology” (Bell, 2017). Several commercial platforms

have been developed to address this need (Webster and Dunstan, 2014), but their
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use is not widespread (Williams et al., 2018b). In a survey of academic and clinical
histopathology departments, 96% of respondents identified the cost of these systems
as a major factor restricting the uptake of digital pathology systems (Williams et al.,
2018b). Among the commercial systems in common use are Visiopharm (Holten-
Rossing et al., 2017), Definiens (Baatz et al., 2009), Aperio and Halo (Bueno et al.,
2016; Webster and Dunstan, 2014; Stack et al., 2014).

Academic development of open source software for whole slide image analysis is
growing in response to demand for non-commercial systems. ImageJ is a commonly
used tool for medical image analysis research (Schindelin et al., 2015), and plugins
designed to manipulate WSIs are available (Deroulers et al., 2013; Blom et al., 2017).
An advantage of ImageJ is the familiarity that many medical researchers have with
the interface and system, and its modular nature means that researchers who use
it for other image analysis features can integrate whole slide analysis into their
workflows. However, as a generic image manipulation tool ImageJ is not specifically
designed for the analysis of whole slide images, which means that additional plugins
must be installed to perform simple operations (Deroulers et al., 2013). Recently,
QuPath has been designed to help meet the need for open source digital pathology
software (Bankhead et al., 2017; Hamilton et al., 2014; Kather et al., 2018). In
this thesis, we aim to provide a tool which directly integrates mathematical and

statistical analysis of histology images into the image analysis process.

1.3.2 Image analysis of histology data
Superpixellation

One way to reduce image size while retaining object boundaries is through the use of
superpizels (Ren and Malik, 2003). Superpixels are clusters of pixels formed of adja-
cent pixels with similar colour intensities. They are designed to reduce the size of an
image while minimising the amount of information lost. By grouping neighbouring

pixels which have similar colour profiles, superpixel segmentation dramatically re-
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duces the effective number of pixels in an image which must be iterated over during
classification. Although there is no accepted formal definition of a superpixel, they
are “perceptually meaningful” regions which “should contain pixels that are similar
in color, texture, etc., and therefore are likely to belong to the same physical world
object” (Veksler et al., 2010). Stutz et al. (2018) identify six properties that most

authors require of superpixel algorithms:

e Partition (every pixel should be in exactly one superpixel),

e Connectivity (superpixels should represent connected sets of pixels),

e Boundary adherence (superpixels should conserve the boundaries of objects
within an image),

e Compactness (in the absence of boundaries during oversegmentation, super-
pixels should be smooth, compact and regularly sized),

e Efficiency (algorithms should not be overly computationally expensive),

e Controllable number of superpixels.

There are many algorithms for superpixel generation, each producing superpixels
with different characteristics. One class of algorithms uses graph-based methods:
each pixel is regarded as a node of a graph and two nodes are connected if the cor-
responding pixels in the image are adjacent. The edges are then weighted according
to the similarity in intensity or colour between nodes. Superpixels are then gener-
ated by minimising a cost function which is defined over this graph. Examples of
graph-based methods include algorithms by Veksler et al. (2010), Felzenszwalb and
Huttenlocher (2004) and the Normalised Cuts algorithm of Shi and Malik (2000).
In their comparison of superpixel algorithms, Achanta et al. (2012) note that graph-
based methods become increasingly computationally expensive as image sizes grow,
since more nodes must be added to the graph. This limits their utility to analysis
of histological images which contain approximately 10° pixels.

A second class of superpixel algorithms, based on gradient ascent, rely on an

initial rough clustering of superpixels. Clusters are refined iteratively until a con-
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vergence condition is met. Gradient-ascent methods include the TurboPixels of
Levinshtein et al. (2009), Quick Shift (Vedaldi and Soatto, 2008) and Mean Shift
(Comaniciu and Meer, 2002). Simple Linear Iterative Clustering (SLIC) (Achanta
et al., 2012; Lucchi et al., 2010) is another gradient ascent based method. On its
first iteration, SLIC assigns a “seed” pixel to act as the centre for each superpixel,
arrayed in an evenly spaced grid across the image. It then iterates over each pixel in
the image and assigns it to a superpixel seed based on its proximity to surrounding
seeds in a five dimensional space defined by three colour channels and the cartesian
distance from the seed. New superpixel seeds are then calculated as the mean of
the pixels within the superpixel, and the process is repeated until no cluster centre
varies by more than a given threshold between iterations. Each pixel in SLIC is only
tested against “local” pixels: if the expected extent of a superpixel is S x S pixels
then each pixel will only be assigned to a cluster if the centre falls within a search
region of size 25 x 25. This significantly reduces the number of distance calculations
which must be made and gives SLIC a speed increase over other superpixel algo-
rithms, with a complexity that is linear in the number of pixels in the image N and
independent of the number of superpixels (O(N)) (Achanta et al., 2012). In Figure
1.1 we compare a representative result of the output of the SLIC algorithm, in which
each superpixel has been coloured according to the mean colour value of the pixels
within itself, with the original image. The image used was chosen to demonstrate
how SLIC preserves boundaries between distinctly coloured regions while reducing

unnecessary detail within them.

Classification of cell types

Many commonly used techniques for the classification of cell types are classed as
machine learning, and can broadly be split into two categories: supervised learning
and unsupervised learning (Litjens et al., 2017). In both techniques, an algorithm

called a “classifier” evaluates characteristics of an object and uses a series of rules to
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(a) Original Image (b) SLIC superpixel segmentation

Figure 1.1: The SLIC superpixel algorithm applied to an art installation. Super-
pixels have been coloured according to the colour of the superpixel seed pixel. Each
superpixel in Figure 1.1b is approximately 2048 times larger than a pixel in Figure
1.1a.

decide on which of a series of “classes” the object belongs. This object could be an
individual pixel or superpixel, or an entire unprocessed image. Supervised learning
algorithms must be given a set of input/output pairs from which the algorithm will
infer a set of classification rules which best describe this training data. When faced
with new data, the algorithm will use these rules to decide on the new class. In
order to infer the rules, supervised learning algorithms must be provided with a set
of “features” upon which to base its decision. Defining these features is a crucial
part of training a strong classifier. Supervised learning techniques include support
vector machines (SVMs) (Cortes and Vapnik, 1995; Mohri et al., 2012; Hsu and Lin,
2002), decision trees and random forests (Tin Kam Ho, 1995), and linear regression.
Learning algorithms which do not require a preset list of features are perhaps more
popular for medical image analysis (Litjens et al., 2017). In particular, convolutional
neural networks and deep learning perform well at cell and region identification tasks
(Sirinukunwattana et al., 2016; Fukushima, 1980; Krizhevsky et al., 2012; Litjens
et al., 2017).

In this Section we focus on defining SVMs, which we use as the basis of the

classifiers in this thesis. The pipeline which we present in Chapter 2 is designed
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such that the user can provide or train a different type of classifier if desired.

Support vector machines

The method we use for superpixel classification relies on the idea of a support vector
machine (SVM) (Cortes and Vapnik, 1995; Mohri et al., 2012; Hsu and Lin, 2002).
SVMs have previously shown promise in segmenting images from biological imaging
data including electron microscope images (Lucchi et al., 2010, 2015), mammogram
images (El-Naqa et al., 2002) and Magnetic Resonance (MR) images (Chaplot et al.,
2006). They have also been used successfully for cell detection in histology images
(Arteta et al., 2012).

To define a classifier, we first define a “feature space” for the set of superpixels.
This space is typically high-dimensional, with some machine learning strategies using
hundreds or even thousands of features for each point to be classified, although in
practice a much lower number of features can produce similar results with a much
lower computational cost. The size of the feature space is defined by the number
of features defined on each superpixel, so a classification which looked at the mean
and variance of each of the three colour channels over all pixels within a superpixel
would be defined in a 6-dimensional space. The motivation behind a classifier is
that since each superpixel defines a point in this feature space, selecting a feature
space in which superpixels with a similar known labelling cluster together can permit
the classification of a new superpixel based on its proximity to known clusters. A
classification algorithm is then used to determine which regions of the feature space
correspond to superpixels with a given classification. Since each feature defines a
new dimension in feature space, the selection of appropriate features to describe
each superpixel for classification is an important decision. The optimal combination
of features will be one in which the data is clearly separated into classes while the
complexity of the feature space is kept as low as possible.

A SVM consists of a set of vectors in feature space which define a hypersurface
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Figure 1.2: An example of a support vector machine maximum-margin separating
hyperplane. The cyan circles and magenta stars represent two separable classes in
a feature space defined by two features, the  and y coordinates of the points. The
circled vectors are the support vectors and define the location of the hyperplane
(solid line). The dashed lines show the extent of the margin - note that by adjusting
the angle of the hyperplane, the margin between one or more of the support vectors
and the hyperplane will be reduced.

dividing two labellings of the data. This is demonstrated in Figure 1.2, which shows
a data set of feature vectors labelled with two different colours and defined in a
two-dimensional feature space. The solid line dividing the clusters is a hyperplane
defined in a two-dimensional feature space.

In this example, the two labellings are linearly separable, and so a hyperplane
can be found which classifies this training data with complete accuracy. Since there
are infinitely many hyperplanes which separate the data correctly, the optimum
solution is taken to be the “maximum-margin separating hyperplane”. The margin
of a SVM is the distance between the hyperplane and the nearest feature vector,
and those vectors which lie on this margin are defined to be “support vectors”.
In Figure 1.2, the support vectors are surrounded by a solid ring, and the dashed

lines are separated from the hyperplane by the margin. This hyperplane is defined
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by the training data shown in the image. When a new data point with unknown
labelling is to be classified, it is simply assigned a label based on which side of this
hyperplane its feature vector resides. Maximising the margin therefore minimises
the chance that a new observation will be misclassified by falling on the wrong side
of the hyperplane.

A hyperplane is the simplest surface to define since it is linear and can therefore
be defined fully for an n-dimensional space using only n points, thus carrying a
relatively low computational cost to train. However, it is not always possible to
cleanly separate training data using a hyperplane. In this case, a penalty will be
assigned for each misclassified point and the SVM is considered to be sufficiently
well trained when the overall penalty is below some given tolerance. This can
often be useful to minimise overfitting, as extensions to SVM which use nonlinear
hypersurfaces can become overly complicated if the tolerance is too low, resulting
in poor predictive power.

A nonlinear SVM (El-Naqa et al., 2002; Lucchi et al., 2015) operates on the same
principles as the linear SVM described above, but instead of seeking an optimal
hyperplane the separating surface is described as a more general nonlinear surface.
Rather than explicitly defining a surface and classifying vectors by calculating their
location relative to it, it is common to define a kernel, or kernel function, which
compares the relative similarity of two input vectors without explicitly calculating
their coordinates in the feature space. The kernel is weighted to provide structure
on the feature space, so the choice of kernel can be thought of as defining the shape
of the hypersurfaces at the boundary of each classification.

While SVMs with a linear kernel are very quick to train due to the comparatively
low number of parameters needed to describe a hyperplane, in theory a nonlinear
kernel could use arbitrarily many parameters. Consider the case of a polynomial
kernel trained to separate a collection of vectors in a two-dimensional feature space.

If a polynomial of sufficiently high degree d is chosen, a highly convoluted separating
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surface will be obtained with d parameters which can be fine-tuned to separate
the training data. However, just as when fitting a polynomial of high degree to
a collection of points, this is very likely to lead to overfitting. An overcomplicated
kernel has a higher likelihood of being overfitted to the training data and therefore is
unlikely to classify new points with acceptable accuracy. To avoid this danger, higher
degree polynomials are generally penalised when assessing how good a classifier is
and a kernel of lower degree which fits the training data to a given tolerance would
be preferable.

A popular alternative to a polynomial kernel is the Radial Basis Function (RBF)
kernel, or Gaussian kernel. In this case, the kernel is defined using a combination of
gaussian distributions. This can lead to a decision boundary which is a closed curve
rather than an infinite surface, which is necessary when the choice of feature space

leads to one of the classes being surrounded by another.

1.4 Mathematical modelling

Mathematical modelling of tumour-immune interactions is an active area of research,
with techniques from across the field of modelling being applied to many problems
involving interactions between components of the tumour-immune system (Eftimie
et al., 2016).

Many mathematical models examine the role of the adaptive immune system in
tumour growth and focus on the behaviour of tumour-infiltrating lymphocytes and T
cells (de Pillis et al., 2009; Robertson-Tessi et al., 2012; Wilkie and Hahnfeldt, 2013;
Lépez et al., 2014; Friedman and Liao, 2015). Cappuccio et al. (2006) and de Pillis
et al. (2009) use ordinary differential equations (ODEs) to describe immunotherapy
strategies based on interactions between T cells and natural killer (NK) cells. Other
ODE models describe tumour cell interactions with dendritic cells (Robertson-Tessi

et al., 2012), or include a generic immune component (Lépez et al., 2014; Wilkie and
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Hahnfeldt, 2013). In this Section, we describe several key models which describe

interactions between macrophages and tumours.

1.4.1 Mathematical models of macrophages in cancer

Owen and Sherratt (1998) developed an ODE model for the invasion of small, avas-
cular tumours by macrophages. Their model focusses on macrophage lysis of tumour
cells, but includes macrophage chemotaxis in response to a chemical which also reg-
ulates macrophage activation and proliferation. While the model is not spatially
resolved, macrophage chemotaxis towards a generic chemical regulator is modelled
as an additional influx of macrophages due to extravasation. Macrophages prolif-
erate in the presence of the chemical regulator but proliferation is inhibited by a
crowding response, which also inhibits tumour cell proliferation.

Owen and Sherratt (1997) extended the model to consider spatial heterogeneity
using partial differential equations (PDEs) in one dimension. In this model, tumour-
macrophage interactions are still defined predominantly though macrophage lysis of
tumour cells. There is also spatial crowding which inhibits proliferation of both
cell populations. In this model, chemotaxis is implemented using the classical form
derived by Keller and Segel (1971) describing the movement of cell populations up
a chemical gradient. The distribution of the chemical regulator is defined using a
reaction-diffusion equation, where the regulator is produced by tumour cells, decays
at a constant rate and diffuses through the domain. Their model produces travelling
wave solutions, and the authors show that although the rate of macrophage lysis of
cells does not impact the overall rate of tumour growth it has a significant effect
on tumour composition behind the wavefront. Their model also exhibits Turing
patterns due to the diffusion of the regulator. Rapid chemical diffusion causes
macrophage extravasation and activation in areas close to places with high tumour
cell density, suppressing the growth of tumour cells. This behaviour is also seen in

two spatial dimensions (Owen and Sherratt, 1999).
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One weakness of the complementary models presented by Owen and Sherratt
(1998, 1997, 1999) is the assumption that tumour composition is heterogeneous.
Although small tumours may reasonably be assumed to have a constant oxygen
concentration throughout, the composition of larger avascular and vascular tumours
is influenced by the non-uniform concentration of oxygen throughout the tumour de-
scribed in Section 1.2. Greenspan (1972, 1976) presented one of the earliest models
of tumour spheroid growth limited by oxygen diffusion, which uses PDEs to describe
radially symmetric spheroid growth. This model distinguishes three tumour com-
partments defined by thresholds of oxygen concentration at which cell behaviour
changes: a proliferative outer shell, a layer of viable but non-proliferating cells, and
a central necrotic core. Kelly et al. (2002) use this model as a basis to explore
macrophage infiltration into tumour spheroids. They propose a radially symmetric
PDE model motivated by experiments by Leek et al. (1996, 1999). In these exper-
iments, macrophage infiltration into spheroids made from two different cell lines is
measured. Hypoxic cells in the Hepa-1 cell line produce macrophage chemoattrac-
tants (VEGF-A) while those in the C4 cell line do not. The model in (Kelly et al.,
2002) reproduces key results observed in (Leek, 1999), in particular that chemoat-
tractant production is not required to cause macrophage infiltration, but that it does
increase the speed at which macrophages are recruited to the tumour spheroid. The
authors reject the explanation that the significant size difference between smaller C4
spheroids and larger Hepa-1 spheroids may be a cause of this difference, although
they note that as the spheroid size increases the spatial structure of the tumour
varies. In their model, the width of the proliferative rim and hypoxic region tend
to a constant value, while spheroid size increase is accounted for by the increasing
radius of the necrotic core.

Byrne et al. (2004) develop a complementary ODE model to (Owen and Sherratt,
1998) in which genetically modified macrophages can cause the immediate death of

tumour cells. Their model also includes normal, non-cancerous, cells. In (Owen
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et al., 2004), a spatially resolved version of this model is constructed based on the
principles of multiphase models of avascular spheroid growth described by Ward
and King (1997, 1999). Like (Kelly et al., 2002), this model simulates macrophage
infiltration into avascular spheroids. The use of a multiphase framework allows the
authors to relax the implicit assumption in (Kelly et al., 2002) that macrophages
do not occupy volume. This model successfully reproduces the infiltration dynamics
described by Leek (1999), with macrophages accumulating in the hypoxic/quiescent,
chemoattractant producing, region of the spheroid. However, spheroids which ex-
press a chemoattractant in their model grow significantly larger than those which
do not, which the authors attribute to macrophages occupying space in the hypoxic
region.

Webb et al. (2007) develop a model of avascular tumour spheroid response to
two types of treatment which use macrophages. In the first, genetically engineered
macrophages deliver an enzyme to hypoxic spheroid regions which activates a pro-
drug to cause cell death. In the second, macrophages are used to directly administer
a cytotoxic factor to the hypoxic regions. Their model uses PDEs to describe the
tumour spheroid as a multiphase mixture of tumour cells, macrophages and ex-
tracellular fluid, with a moving boundary representing tumour spheroid growth.
Macrophage movement includes movement up the gradient of a chemokine which is
produced by hypoxic tumour cells.

Owen et al. (2011) developed a 2D lattice-based hybrid model to study the infil-
tration of genetically engineered macrophages into hypoxic tumour regions. Their
model combines an agent-based framework in which each cell is treated separately
with ordinary and partial differential equations (ODEs and PDEs) submodels. The
ODEs describe the dynamics of subcellular species while PDEs describe the con-
centrations of oxygen and VEGF-A at the tissue scale. Each individual cell has
a specified cell type, such as “hypoxic tumour cell”, “normoxic tumour cell” or

“macrophage”, and is restricted to occupy sites on a lattice. These cells can move

24



1.4. MATHEMATICAL MODELLING

to neighbouring grid sites, proliferate, undergo apoptosis and interact with the dif-
fusible species described by the PDE models. This model also includes vasculature
which grows in response to the local cellular VEGF-A concentration and acts as
a source or sink for different diffusible species. A novel treatment is considered in
which a magnetic field is used to cause macrophages, which have previously con-
sumed magnetic nanoparticles, to extravasate into specific regions of the tumour.

Knutsdottir et al. (2014) propose a PDE model and a hybrid model of breast can-
cer cells and macrophages. They focus on a “paracrine loop” in which macrophages
are attracted to CSF-1 released by tumour cells, while tumour cells are attracted
to endothelial growth factor (EGF) secreted by the macrophages. The authors at-
tribute the aggregation of macrophages and tumour cells, and their subsequent group
migration and metastasis, to this loop. Further development of the agent-based
model indicated that tumour cell migration towards blood vessels is highly sensitive
to the fraction of macrophages infiltrating the tumour (Knutsdottir et al., 2016).
These models provide a good framework for the chemoattraction of macrophages to
tumour cells mediated by the EGF / CSF-1 paracrine loop, even though they do not
distinguish between macrophage phenotypes. This EGF / CSF-1 loop is also mod-
elled by Elitas and Zeinali (2016) to describe macrophage infiltration into gliomas,
and a recent PDE model by Zheng et al. (2018) considers the effect of resistance to
immunotherapy targeted at the CSF-1 receptor in gliomas.

Norton et al. (2018) consider the effect of macrophage infiltration on tumour
growth. They use an off-lattice 3D agent-based model to simulate angiogenesis and
macrophage invasion of a growing tumour. Macrophages in their model increase the
migration and proliferation rates of tumour cells, but have no negative effects on
tumour growth. The authors find that, under these assumptions, the presence of
macrophages increases overall tumour growth but that this is not strongly affected
by the spatial location of macrophages either inside or outside the tumour mass.

They also find that at excessive rates the presence of macrophages can stifle tumour
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growth due to crowding effects.

An ODE model by den Breems and Eftimie (2016) considers the effect of macrophage
phenotype on tumour growth. The model includes a mutually reinforcing feed-
back loop between M; macrophages and a Thl immune response and between M,
macrophages and a Th2 immune response. It also divides the tumour population into
two groups, one “immunogenic” population which is recognised by the anti-tumour
immune components and triggers an increase in M; macrophages, and another “non-
immunogenic” population which evades immune recognition. They conclude that
tumour escape is ultimately due to the dominance of the tumour population which
avoids immune surveillance. This conclusion is undermined by the assumption that
the pro-tumour effect of My cells only benefits the non-immunogenic subpopulation
rather than providing a global benefit through increased vascularisation that Mj
cells stimulate. Macrophages can change between the M; and My phenotypes, but
the rate at which they do so depends on two constant parameters which are inde-
pendent of the tumour environment. Since the model neglects spatial effects and
does not account for the effect of tumour cell-derived cytokines on macrophage phe-
notype, the rate of phenotype switching is independent of the macrophage location
in the tumour and only mediated by interactions between M; and My macrophages.

Other models involving phenotypic switching of macrophages in cancer include
(Carmona-Fontaine et al., 2017), in which agent-based modelling is used to demon-
strate that gradients of nutrients produced by tumour cells can lead to local clus-
tering of macrophages with the same phenotype. Wells et al. (2015) incorporate
phenotypic switching between M; and M, macrophages into a spatial model of tu-
mour growth. They use cellular automata to demonstrate that as the macrophage
population becomes polarized from anti-tumour to pro-tumour, the probability of
controlling tumour growth decreases. (Mahlbacher et al., 2018; Leonard et al., 2017)
uses a lattice based model to model the effect of macrophage phenotype of tumour

growth. The authors show that a high number of My macrophages is correlated with
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larger tumour growth.

Jacobsen et al. (2015) consider the effect of blocking macrophage chemoattraction
to gliomas in the context of oncolytic virus (OV) treatment. OV treatment uses a
genetically engineered virus to kill tumour cells. The authors use a PDE model to
demonstrate that blocking chemoattraction reduces macrophage killing of tumour
cells and leads to the wider spread of the oncolytic virus, although they do not
consider the possibility that macrophages express a pro-tumour rather than anti-
tumour phenotype.

Other mathematical models featuring macrophages in the context of cancer in-
clude (Chen et al., 2014, 2012), which consider the effect of tumour macrophage
hypoxia inducible factors (HIFs) in the context of chemotherapy. In an extension
to their PDE model of melanoma invasion, Eikenberry et al. (2009) consider the
effect of a cytotoxic immune response from macrophages on preventing melanoma

metastasis.

1.4.2 Overview of agent-based modelling methodologies

“Agent-based modelling” (or “individual-based modelling”) refers to a wide range
of techniques in which each cell is modelled as a distinct object. Each agent-based
modelling framework has its own benefits and drawbacks for modelling a particular
problem. In this Section, we review some commonly used agent-based models and
discuss their suitability for in simulating the infiltration of macrophages into tumour
spheroids.

Agent-based models are commonly divided into “on-lattice” models, in which
individual cells are restricted to sites in a grid (Figueredo et al., 2013), and “off-
lattice” models in which cells may move freely across a continuous space (Osborne
et al., 2017; Byrne and Drasdo, 2009). Each framework discussed in this Section
can be implemented in either 2D or 3D, although the computational cost of moving

to higher dimensions can vary dramatically between frameworks and their imple-
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mentations. On-lattice models are typically easier to implement and run faster than
off-lattice models, while off-lattice models can more readily account for mechanical
interactions between cells. The choice of modelling framework therefore has signifi-
cant impact on how quickly and easily results can be obtained and on the types of
interactions that can be incorporated into the mathematical model.

In this Section, we distinguish between modelling “frameworks” and “implemen-
tations”. We use the word “framework” to refer to the type of model which is used,
and the word “implementation” to denote the computer code used to simulate the
model. We make this distinction due to the existence of several software tools which
are used by the mathematical community to implement different agent-based mod-
elling frameworks. These software tools are generally open source and supported
by a range of developers who add functionality to these implementations to enable
the efficient creation of new models that capture increasingly complex biological
behaviour. Throughout this thesis, we use the Chaste (Cancer, heart and soft tis-
sue engine) software implementation (Mirams et al., 2013; Pitt-Francis et al., 2009)
as a foundation for developing our agent-based modelling code, and will ultimately
add our contributions to the open source framework. Models implemented using
Chaste are programmed in C++, and an object-oriented approach is used in which
each component of a mathematical model is encapsulated individually. This means
that model components can be added from a library of pre-existing files, and newly
developed code can be easily integrated to extend existing models. This approach
encourages careful testing of modules and the incremental development of models in
which each subcomponent can be individually added, removed or tested for correct
implementation. It is possible to implement models in a wide range of frameworks
in Chaste, including all of those shown in Figure 1.3.

In addition to Chaste, several other software implementations can be used to sim-
ulate different types of agent-based models. Physicell (Ghaffarizadeh et al., 2018)

is an open source physics based cell simulator. It implements overlapping spheres
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models and utilises BioFVM (Ghaffarizadeh et al., 2016) to obtain efficient sim-
ulations involving large numbers of diffusing substrates such as oxygen or CSF-1.
Morpheus (Starrufl et al., 2014) focusses on user-friendliness, with a GUI designed to
bypass many of the coding challenges mathematicians face when developing agent-
based models. Like Chaste, it can implement models using a range of on-lattice or
off-lattice frameworks (Starruff et al., 2014). CompuCell3D (Swat et al., 2012) pro-
vides an intuitive way for non-programmers to implement models using the cellular
Potts framework (Graner and Glazier, 1992). Other software tools that implement
agent-based models include CellSys (Hoehme and Drasdo, 2010), Biocellion (Kang
et al., 2014), HAL (Bravo et al., 2018) and Timothy (Cytowski and Szymanska,
2015, 2014). In addition to these resources, many groups use their own software im-
plementations, although this approach increases the risk of undetected coding errors
generating incorrect results and reduces code transparency and reuse.

Although many of these software implementations restrict users to a single mod-
elling framework, others including Chaste permit agent-based models to be con-
structed according to user preference based on the demands of the mathematical
model. Figure 1.3 provides schematic diagrams for five different types of agent-
based model which we discuss below: cellular automata (CA), cellular Potts models
(CP), overlapping spheres (OS), Voronoi tesselation (VT) and vertex-based models
(VB) (Osborne et al., 2017).

Cellular automata

Cellular automata (CA) (Van Liedekerke et al., 2015) are one of the oldest and
most commonly used types of agent-based model due to their relative simplicity
and the ease of implementing them without using external software. The domain
is decomposed into a regular lattice, and in general each lattice site is occupied by
a single cellular automaton which is able to move around the grid, proliferate into

neighbouring lattice sites and occupy space. While their simplicity explains much
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CA CP VB

Figure 1.3: Series of schematic diagrams for five different agent-based model frame-
works. From left to right: cellular automata (CA), cellular Potts (CP), overlapping
spheres (OS), Voronoi tesselation (VT), vertex-based model (VB).

For CA, CP and VB different cells are coloured differently. For OS, approximate
cell sizes are given as dashed circles. For VT, lines represent boundaries between
neighbouring cells.

of the popularity of CA models, they are unable to represent mechanics associated

with morphological changes to a cell and cannot capture nuances of cell movement.

Cellular Potts

Cellular Potts (CP) models (Graner and Glazier, 1992) are lattice-based models in
which each cell is represented by a collection of lattice sites. This permits more realis-
tic cell morphologies to be simulated than with a cellular automata, since increasing
the number of lattice sites represented by a given cell increases the resolution of the

cell boundary and permits more nuanced changes in cell volume than a CA.

Overlapping spheres

“Overlapping spheres” (OS) models are off-lattice models which use a series of nodes
to represent cells, with each node corresponding to the centre of a single cell. These
points can move around a continuous space according to rules defined by the mathe-
matical model. Cells will interact if they are within a certain distance of each other
(Pathmanathan et al., 2009), with neighbouring cells being connected by springs
with a specified resting spring length that determine the equations of motion for

each cell.
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Voronoi tesselation

In the Voronoi tesselation (VT) framework, cell centres are again defined as lattice-
free nodes (Pathmanathan et al., 2009). Based on the concept of a Voronoi diagram,
each point of the plane (or space) is associated with its nearest node (Meineke et al.,
2001). In a VT model, this defines the shape and volume of a cell, and the edges of

the cells are always in adhesive contact.

Vertex-based models

A Vertex-Based model (VB) again uses a set of points to represent cells, but instead
of each node corresponding to a cell centre they instead define the vertices of a
cell (Fletcher et al., 2013). Each cell vertex moves freely according to the rules
defined in the mathematical model, which typically includes rules governing cell
compressibility and volume. VB models permit the most morphological detail of
the models discussed here as an arbitrary number of vertices can be included to
increase the resolution of the cell boundary, but they are typically also the hardest
of these frameworks to implement and incur greater computational cost since this

typically scales with the number of nodes rather than the number of cells.

1.5 Discussion

In this Chapter, we have introduced and reviewed many concepts that will be used
throughout this thesis. As this thesis bridges the fields of image analysis, spatial
statistics and mathematical modelling, comprehensively reviewing each of these ar-
eas is infeasible. As such, we have focussed on reviewing the key ideas that inform
subsequent Chapters. Although our thesis integrates these fields, the focus of each
Chapter can be broadly categorised as belonging to one of these areas. Chapters 4
and 5 are concerned primarily with mathematical modelling, and we use the model

developed in these Chapters to investigate the mechanistic causes of macrophage in-
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filtration into solid tumours. Chapters 2 and 3 introduce and test our image analysis
pipeline, and demonstrate how it can be used to generate spatial statistics which

can describe macrophage patterns in histology data.
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Chapter 2

Development of an image analysis

pipeline

2.1 Overview

Our motivation for studying macrophage distributions in solid tumours is the obser-
vation that immune cell locations correlate with patient outcome in vivo (Chanmee
et al., 2014; Pyonteck et al., 2012; Sica et al., 2015; Scholl et al., 1994). Variations
in the patterns of macrophage infiltration can be observed in histological images,
which provide high-resolution information about the locations of individual cells
within a tumour. Despite recent advances in the field of “digital pathology”, which
aims to develop computational techniques for the analysis of histological images,
most analysis of immune cell patterns from histological images is based on qual-
itative observations made by pathologists. While these observations are based on
skilled analysis and understanding of underlying biological processes, automated im-
age analysis provides an opportunity to quantify immune cell patterns, characterise
different distributions automatically and provide data which can be used to inform
agent-based mechanistic models.

In this Chapter, we develop a versatile pipeline that can process large histology
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images to reliably obtain cell locations and generate summary statistics for the
observed cell distributions. In Section 1.3.1 we described existing software which
can be used for whole slide image analysis, and highlighted several features that are
required in pathology which these tools are currently unable to meet. Our aim in
this Chapter is to develop a tool which is flexible and powerful while remaining user-
friendly and accessible to pathologists who may be unfamiliar with programming.
Our pipeline can process whole slide images (WSIs) which are several gigabytes
in size, and adapts easily to different histological stains and/or intensities. We
compare the performance of our tool against the current best practice in pathology
laboratories and benchmark its performance in cell counting against counts made
by trained pathologists. We use our pipeline in Chapter 3 to obtain detailed spatial
summary statistics describing macrophage distribution patterns, and Chapters 2 and
3 together motivate the computational modelling which we undertake in Chapters
4 and 5. The pipeline described in this Chapter is designed to integrate histological
images with agent-based models, which we demonstrate in Chapter 5.

The remainder of this Chapter is structured as follows. In Section 2.2 we describe
the type of data which is available to us and which our pipeline aims to process, as
well as some of the key challenges involved in processing histological slides. This
Section introduces two datasets which we refer to throughout this thesis: the Roche
Immunohistochemical Tissue Atlas (RITA) data set, and images made available to
us by the Pugh Lab at the University of Oxford. Section 2.3 presents the overall
structure of our pipeline. It also includes several key algorithms and our rationale
for choosing these algorithms in preference to other computer vision techniques
described in Section 1.3.2. Section 2.4 describes steps we have taken to ensure that
our algorithm correctly identifies immune cells from stained images. We validate
the classifiers that we have trained and compare the performance of our pipeline
against cell identification by trained pathologists. We then present our procedure

for optimising the parameter values used in our cell counting algorithms. Finally,
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Section 2.5 discusses ways in which our pipeline can be extended to allow deployment

by pathologists with no programming experience in laboratory settings.

2.2 Histopathology datasets

In this Section, we introduce the two datasets that we use throughout this Chapter
and the remainder of this thesis. Both datasets contain histological sections of in
vivo tumours resected from human tissue, but are drawn from different tumour
indications (types of tumour) and vary in the immunohistochemical markers used
for staining. The pipeline described in this Chapter can identify a wide variety of
stained cells based on a range of markers, and we use these datasets to demonstrate
its broad applicability.

One of the strengths of histological images is the level of detail they contain.
High-resolution imaging of tumour slices allows a pathologist to interrogate a tu-
mour at every scale from the micrometre to the millimetre, with intricate details at
the scale of cell nuclei available in the context of the surrounding tissue. Such data
poses two critical challenges for the automated processing of histological images.
Firstly, such images generate files that can be several gigabytes, orders of magni-
tude larger than a typical photograph. Secondly, a pathologist may be overwhelmed
by the quantity of data available in each image. Instead of exploiting all of the
detail contained in the image, they must focus on subsections of the tumour which
are identified as regions of interest, or summarise the cell-level information via ap-
proximate qualitative or semi-quantitative statistics. The growing field of “digital

)

pathology” aims to provide solutions to this second problem, by reducing the level
of qualitative human judgement used to assess histological images (Griffin and Tre-
anor, 2017; Williams et al., 2017; Nawaz and Yuan, 2016). Our pipeline provides an

automated means of generating quantitative statistics from high-resolution images,

and thereby aims to reduce the errors introduced by using human-estimated values

35



2.2. HISTOPATHOLOGY DATASETS

for cell counts and area approximations.

2.2.1 Roche Immunohistochemical Tissue Atlas

The Roche Immunohistochemical Tissue Atlas (RITA) dataset was collected by
Roche in collaboration with the Bavarian government. The aim was to create a
comprehensive resource for understanding immune cell infiltration of tumours. The
dataset contains tumours from 240 patients with 4 different indications - breast,
non-small cell lung, colorectal, and prostate cancer - with 60 resected tumours for
each indication. Each tumour was embedded in a paraffin block and divided into
slices as described in Section 1.2.4. Some specimens were pulverised to obtain RNA
expression data for the tumour, while the majority were stained with different im-
mune cell markers.

One marker common to large parts of the dataset is the colony stimulating factor-
1 receptor (CSF-1R), a member of the receptor protein tyrosine kinase (rPTK) fam-
ily of growth factor receptors which is expressed by macrophages and monocytes
(Rovida and Sbarba, 2015; Ries et al., 2014). CSF-1 mediates the survival, prolifer-
ation and differentiation of monocytes into macrophages, and is commonly used as
a generic macrophage marker (O'Brien et al., 2010; Stanley et al., 1997). Multiple
slides stained using an anti-CSF-1R antibody are present in the datasets for breast,
colorectal and prostate cancer, resulting in approximately 540 images across these
three indications. Each image is between 3GB and 5GB in size and has a resolu-
tion of approximately 0.2 pm per pixel, resulting in images on the order of 10
pixels. Figure 2.1 shows a typical image taken from the RITA dataset. Figure 2.1a
is a whole slide image taken from a colorectal cancer sample. It is stained to show
macrophages which express CSF-1R, hereafter denoted “CSF1-R™” macrophages,
(brown) and counterstained to show all cell nuclei (blue). Tissue scale features,
such as colorectal crypts and tumour nests, can be identified from images at this

resolution. Figure 2.1b shows a magnified detail from the same sample in which
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individual macrophages and cell nuclei can be resolved.

Working with the RITA dataset has several significant benefits for the work
presented in this thesis. It provides a large sample of data, allowing us to compare
macrophage distributions across different patients with the same type of tumour
and between groups of patients with different indications. The quantity of data
is also beneficial when considering machine learning approaches to image analysis
as described in Section 1.3.2, as these techniques often require a large quantity of
training data to generate classifiers which perform well. Another advantage is the
use of the CSF-1 receptor as the macrophage marker. While a range of markers are
known to be expressed by most macrophages, including CD68 and CD63/CD161
(Mantovani et al., 2017), CSF-1R is a target for treatment with emactuzumab, an
anti-CSF-1R antibody currently in phase I trials at Roche (Fujimura et al., 2018;
Pradel et al., 2016; Cassier et al., 2015; Pradel and Ries, 2015) as described in Section
1.2.3. The small subset of macrophages not identified by the CSF-1R stain in the
RITA data will therefore not respond to emactuzumab treatment. Thus the RITA
data identifies macrophages that may respond to treatment with emactuzumab.

On the other hand, the RITA dataset poses several challenges. CSF-1R is ex-
pressed by macrophages with a range of phenotypes, and so cannot be used to
distinguish between different phenotypes. Anti-CSF-1R therapies such as emac-
tuzumab are designed to bias macrophage populations towards an anti-tumour, My,
phenotype. However, it is likely that the response of a particular macrophage to
treatment will depend on its phenotype.

A related disadvantage is that the RITA data does not contain information about
the oxygen levels in the tissue. Since macrophage phenotype is heavily influenced
by the local tumour microenvironment, it may be possible to infer macrophage phe-
notype from their location within tumours. However, without knowledge of either

the oxygen environment or macrophage phenotype markers, we can only identify

CSF-1R* macrophages from the RITA data.
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Figure 2.1: Whole slide (top) and detail (bottom) from a colorectal cancer sample
from the RITA dataset. The brown stain shows CSF-1R"™ macrophages, with blue
counterstain showing cell nuclei.
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2.2.2 Pugh Lab, Nuffield Department of Medicine (Oxford)

A second dataset is available through collaboration with Dr Philip Macklin and
Professor Christopher Pugh in the Nuffield Department of Medicine at the University
of Oxford. This dataset consists of 16 resected tumours from cases of head and
neck cancer. A stack of approximately 16 consecutive images is available for each
tumour, with stains for five different immune cell subtypes (CD4% T-cells, CD8*
T-cells, CD68" macrophages, FoxP3" T-cells and CD19 B-cells). The dataset also
contains stains for pancytokeratin (PanCK), an epithelial cell stain which, in the
context of head and neck cancer, can be used to distinguish tumour regions from
stroma.

An important feature of the Pugh lab dataset is the presence of multiple mark-
ers for hypoxia. Several slides from each tumour are stained to show expression of
carbonic anhydrase IX (CAIX), a transmembrane protein expressed by cells in envi-
ronments with low oxygen concentrations which is an endogenous marker of hypoxia
(Olive et al., 2001). The dataset also contains a second hypoxia marker, pimonida-
zole, which is often considered to be a more accurate marker of extreme hypoxia than
CAIX (Rademakers et al., 2011; Varia et al., 1998). CAIX is more commonly used
in practice since it is an endogenous marker for hypoxia, while pimonidazole must
be injected intraveneously into the patient before the tumour is surgically removed.
Pimonidazole binds with thiol-containing proteins specifically within hypoxic cells,
and can be detected immunohistochemically using monoclonal antibodies through
the same mechanisms as other histological stains described in Section 1.2.4 (Varia
et al., 1998). The difference in localisation between pimonidazole and CAIX can
be seen in Figure 2.2, which shows detail from one of the head and neck tumours
in this dataset. The images come from two consecutive slides, one stained to show
pimonidazole (Figure 2.2a) and one to show CAIX (Figure 2.2b).

One major advantage of the Pugh lab dataset is that although each slide is

stained to show a single marker only, for each tumour the dataset contains a stack
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e R T e S

(a) Pimonidazole expression in a head and neck tumour

3 &

(b) CAIX expression in a head and neck tumour

Figure 2.2: Expression of hypoxia markers (pimonidazole and CAIX, brown) around
a necrotic region of a head and neck tumour, taken from consecutive tumour slices.
CAIX is expressed in more cells than pimonidazole, although both stains are con-
centrated around the edge of the necrotic tissue.
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Dataset RITA Pugh Lab

Indication Breast, colorectal, non- | Head and neck
small cell lung, prostate

Macrophage staining || CSF-1R CD68

Hypoxia staining None Pimonidazole, CAIX

Consecutive slides? Unavailable Available

Number of tumours || 60 (per indication) 16

Table 2.1: Comparison between the RITA dataset and the Pugh Lab dataset.

of adjacent slides which are separated by a distance of around 4 ym. Consecutive
slides can be registered to form composite images containing immune cells, hypoxia
markers and tumour/stroma markers. We can therefore visualise macrophages in
the context of the surrounding tumour microenvironment in a more detailed way
than the RITA data permits, as the RITA dataset does not contain consecutive
slides which can be coregistered to investigate the colocalisation of different stains.

Table 2.1 contains a brief comparison of features of the two datasets.

2.3 Image analysis pipeline

In this Section, we describe our image analysis pipeline. The pipeline takes as input
an image, which can be a region of interest selected by a pathologist or an entire
pathology slide, and returns the coordinates of identified cell centres as well as simple
summary statistics generated from the image, which can be used for subsequent
further analysis.

Figure 2.3 shows the basic structure of our pipeline. We first compress the im-
age while retaining cell boundaries by generating superpixels, a process which we
describe in Section 2.3.1. We then assemble a collection of features associated with
each superpixel and pass them to an appropriately trained classifier. The classi-

fication process described in Section 2.3.2 uses support vector machines, although
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Image Input
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Figure 2.3: Flowchart showing how our pipeline can be used to generate summary
statistics and cell locations from a histological slide.

other classification techniques described in Section 1.3.2 can be used instead. Once
each superpixel has been classified, the resulting map is passed to a watershedding
algorithm which detects individual cells and is described in Section 2.3.3. Finally,
we output summary statistics generated from the classification and cell detection

data.

2.3.1 Superpixel generation

Although high resolution is necessary to identify individual cells in histological im-
ages, it presents challenges in image processing due to the large file size (see Section
2.2). In Section 1.3.2 we introduced the concept of superpixellation as a means of
compressing images while simultaneously segmenting boundaries, and described dif-
ferent algorithms for generating superpixels. Rather than trying to identify whether
individual pixels belong to a cell or not, we instead use superpixels to reduce the in-
formation content of each image while retaining important information about object
boundaries and colours. We then assign classifications to superpixels rather than

their constituent pixels.
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(a) Original Image (b) SLIC superpixel segmentation

Figure 2.4: Application of SLIC superpixel algorithm to a 1100 x 1100 pixel tile
from the RITA data, with number of superpixels chosen to generate an average
superpixel size of 150 pixels. Figure 2.4a contains 1,210,000 pixels while Figure 2.4b
consists of 8,083 superpixels, each coloured according to the average colour of its
constituent pixels. The image is from a breast cancer sample stained for CSF-1R,
showing macrophages in brown.

Our pipeline is designed to be fully configurable to use any superpixellation al-
gorithm to generate superpixels. However, in this thesis we use the SLIC (Simple
Linear Iterative Clustering) superpixel algorithm (Achanta et al., 2012) due to a
range of benefits it exhibits over other algorithms. In their comparison of super-
pixellation methods, Stutz et al. (2018) recommend SLIC and highlight it as being
an especially fast algorithm for which runtime is broadly independent of the number
of superpixels. It also provides good control over the size of superpixels and gener-
ates superpixels which adhere well to the boundaries of objects in images. In Figure
2.4 we compare a representative result of the output of the SLIC algorithm, in which
each superpixel has been coloured according to the mean colour value of the pixels
it contains, with the original image. The image used was a randomly chosen section
of a breast cancer slide taken from the RITA dataset, with brown staining marking
the CSF-1 receptor found on macrophages.

When applying the SLIC algorithm, the relative weighting of distance and colour
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can be varied to alter the degree of compactness of the superpixels, giving control
over how elongated superpixels will become before a thin shape is split into two
superpixels. The number of superpixels n within an image is also specified as an
input. This leads to superpixels of the same average size - if there are P pixels in the
image, each superpixel will contain approximately £/n pixels. The ability of SLIC
to control the approximate size of superpixels is a useful property for segmenting
histology data, since the features of interest (the cells) are typically similarly sized.
Furthermore, the degree of compactness can be controlled making SLIC well-suited
for generating rounded superpixels which mimic the circular shapes formed by most
cells in 2D histology images. Based on the average approximate size of a cell we use
Pln = 150. In Figure 2.4 P = 1,210,000, and so we specify n = 8,066 initial seeds
for the superpixellation. After 10 iterations of SLIC, the resulting superpixel image
contains 8,083 superpixels. The edges of individual macrophages are still evident in
Figure 2.4b, yet by applying the classifier to these superpixels we can classify 150
times fewer objects than a classifier that is applied to the original image in Figure
2.4a.

Superpixellation can be viewed as an oversegmentation process (Stutz et al.,
2018). Since SLIC superpixellation generally preserves object boundaries, we use
SLIC to oversegment the image without distinguishing individual cells. We do not
rely on superpixellation to identify the boundary between two cells which are touch-
ing, but to ensure that stained regions and unstained regions are not included in the
same superpixel. While correctly classifying superpixels provides a good first ap-
proximation for identifying cell boundaries, as long as we have classified superpixels
to identify positively stained regions then we can identify individual cells at a later
stage (described in Section 2.3.3).

Although the length of time required to run the SLIC algorithm scales linearly
with the number of pixels, high-resolution histology slides are several orders of mag-

nitude larger than the images against which superpixellation algorithms are typically
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benchmarked (Stutz et al., 2018). The resolution of a histological slide scan is typi-
cally 0.2205 microns per pixel, with a tumour section of just 3.5 cm x 2 cm resulting
in an image containing approximately 1.4 x 10 pixels. Even with superpixellation,
a large number of objects must still be classified. To increase the speed of superpixel
generation for whole slide images, we exploit the local nature of SLIC described in
Section 1.3.2 to parallelise the process. We decompose each slide into “tiles” of
approximately 1000 x 1000 pixels which can be segmented in parallel using multiple
cores.

The superpixellation process can be further accelerated by using lower-resolution
layers of the histology slides to generate the superpixels. While the maximum reso-
lution of scans is 0.2205 microns per pixel, whole slide images are stored at multiple
resolutions. This enables slide viewing software to display the whole slide without
having to store it in memory at full resolution. When a user zooms in on a portion
of an image, the relevant section can be returned at an appropriately chosen reso-
lution to minimise data storage. Where present, we use a lower-resolution layer of
the image file to generate superpixels (0.882 microns per pixel), resulting in a fur-
ther 16-fold decrease in the number of pixels required to generate a superpixellated
image. If no layer of the image is stored at this resolution then we rescale the next

highest resolution image to reach a new resolution of 0.882 microns per pixel.

2.3.2 Superpixel classification with support vector machines
(SVM)

Machine Learning is fast becoming the most popular technique for computer vision.
In Section 1.3 we discussed a range of techniques which have been used to identify
cells in images. As with the choice of superpixellation algorithm, the flexible nature
of our pipeline means that the user can specify their own classifier trained using
any of these approaches. In this thesis, we present results generated from classifiers

which we have trained using support vector machines (SVMs) (see Section 1.3.2).
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While popular techniques such as deep learning can produce exceptional results
(Hernéndez et al., 2018; Janowczyk and Madabhushi, 2016; Sirinukunwattana et al.,
2016), we note that SVM approaches can outperform such approaches at detecting
cells while being more flexible, less computationally expensive and faster to train
(Romero Castro et al., 2018).

SVMs are a form of supervised learning, in which labelled training data is used
to generate binary classifiers. This makes them well suited to cell identification, in
which each superpixel will belong to only one class (stained or unstained). They rely
on pre-specified features to be defined to make predictions. Selecting these features
is straightforward in our application as the difference between stained and unstained
cells is determined by their colour.

During SLIC superpixel segmentation, each pixel is iterated over several times
before it can be assigned to a final superpixel. We exploit this to collect features
describing each superpixel without increasing the number of times over which each
pixel must be iterated, which would significantly increase the time taken for the
pipeline to process an image. These features can then be used to guide classification.
One feature of interest is the mean value of each of the colour channels within each
superpixel. The SLIC algorithm generates superpixels using the CIELab colour
space, with three colour channels L, a and b representing lightness, the red/green
axis and the blue/yellow axis. Calculating the mean and variance of each colour
channel within a superpixel allows us to assign a “mean” colour to each superpixel,
reducing the impact of noise in the image and providing a simple means of visualising

superpixellated images. In this thesis we collect only 18 features for each superpixel:

e Feature 1-3: Mean L, a, b values of the superpixel,

e Feature 4-6: Variance of L, a, b colour channels within the superpixel,

e Feature 7-12: Mean and Variance of L, a,b channels within neighbouring su-
perpixels,

e Feature 13-18: Mean and Variance of L,a,b channels within neighbours of
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Figure 2.5: The superpixels shown in purple are neighbours of the target superpixel
(red). Blue superpixels are neighbours of neighbours for the target superpixel, since
they share an edge with a superpixel in the set of neighbours.

neighbouring superpixels.

Using these features ensures that the features of a superpixel account for colour
information in the environment of the superpixel as well as the colours of the su-
perpixel itself. We define neighbouring superpixels as being those which share an
edge with the target superpixel, and neighbours of neighbours are those sharing an
edge with a neighbour (excluding those superpixels in the set of neighbours and the
target superpixel itself). An example demonstrating this can be seen in Figure 2.5.

Our list could be extended to include more complex features. Histogram of Ori-
ented Gradients (HOG) features use histograms of local gradient angles to capture
the texture of image sections, and have been used in conjuction with SVMs to iden-
tify humans in images (Zhu et al., 2006) as well as to identify cells in biomedical
images (McCann, 2015; Ergin and Kilic, 2014). SIFT features (Scale Invariant Fea-
ture Transform) (Lowe, 2004; Zhang et al., 2007) are also widely used in object
identification in medical imaging (Ergin and Kilic, 2014; McCann, 2015). It is likely
that the inclusion of such additional features could improve our classification, and
we postpone this investigation for future work. We have chosen to use only features
directly linked with the colour channels of the histology images as we expect colour
to be the most important factor in identifying stained cells, the features are easy

to conceptualise for non-programming pathologists and so can be justified easily,
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and our results indicate that the performance of classifiers trained solely on these
features is sufficient for fast and accurate classification of most cells. Since a pathol-
ogist can identify cells based on their colour from an image we predict that features
based on colour should be sufficient to identify the relevant cells.

A strength of using a preset collection of features is that our SVM classifiers can
be trained using far fewer training examples than would be required to train, for
example, a deep neural network. Furthermore, a piece of training data takes the
form of a single superpixel, and we require only the 18 features specified above in
order to train the SVM using that point. In contrast, while a deep neural network
may be more powerful, a typical piece of training data would be a section of the
image taken around the relevant superpixel from which the network would determine
key features.

We therefore require high-quality annotated datasets on which to train and test
classifiers. As we wish to classify superpixels rather than pixels, we must first
annotate a wide range of superpixels covering a range of tumour cases. To facilitate
this process, our pipeline uses a Graphical User Interface (GUI) which can be used
to rapidly generate training data from a set of images. Figure 2.6 shows a typical
screenshot of our GUI in MATLAB. While MATLAB provides an accessible user
interface for selecting superpixels, the underlying image manipulation (including
superpixel generation and feature collection) is implemented in C and linked with
MATLAB via MEX files. MEX files provide an interface between MATLAB and C,
which can increase the processing speed by significant amounts (Andrews, 2012).

Our GUI allows new SVM classifiers to be generated quickly by non-specialist
users. For example, in a 15 minute session, a trained pathologist can label up to
1000 superpixels - testing has shown that acceptable classifiers can be generated
using far less data than this, although further testing is required to determine the
minimum amount of data needed to train an SVM. This means that using our

pipeline, pathologists who wish to analyse images using newly developed staining
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Figure 2.6: Graphical User Interface (GUI) designed in MATLAB for fast generation
of “ground truth” data for training or testing of classifiers. Users can see the original
image section alongside the superpixellated version, and are able to select either
image pixels or superpixels to be labelled as different stains. In this example, green
pixels have been labelled as CD68+ staining and red pixels have been labelled as
counterstained cell nuclei.

protocols can quickly create their own classifiers and analyse images.

2.3.3 Watershedding for cell identification

After classification of superpixels, we are left with a “mask” identifying positively
stained pixels in the image. In our pipeline, we use an average superpixel size of
30 pixels (23.34 um?). Human macrophages have a cross-sectional area of approxi-
mately 400 um? (Krombach et al., 1997), meaning that each cell will be divided into
multiple superpixels, a process called oversegmentation. This increases the confi-
dence that superpixellation will not distort cell boundaries, but means that further
processing is required to identify individual cells from the superpixels identified as
positively stained. We use watershedding (Meyer, 1994) to divide this classifica-
tion mask into individual cells and determine the approximate centres of each cell.
Watershedding takes its name from the geographical definition of a watershed as a

ridge of land that marks the divide at which water will flow into different valleys.
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By applying a distance transform, we consider the classification mask as a landscape
in which the depth at a given pixel inside the positive classification is proportional
to the euclidean distance of that pixel from the edge of the classified region. Cell
boundaries can then be identified as the ridges in this landscape marking the divides
between basins, and the cell centres are classified as the deepest point in each basin.
Watershedding has been successfully used to distinguish between clustered cell nu-
clei in fluorescence microscopy (Malpica et al., 1997), for the automated counting of
red blood cells (Chourasiya and Rani, 2014) and for the detection of lymphocytes
in Hematoxylin and Eosin (H&E) images (Romero Castro et al., 2018).

We extend our watershedding algorithm by introducing two parameters, the
opening size and the threshold. The minimum size threshold determines the mini-
mum area of a detected cell. Any cells identified which have an area less than this
threshold are assumed to be noise and discarded. The opening size is a parameter
used during the process of morphological opening, a process which uses a predefined
structural element to reshape the boundary of a region (Gonzalez and Woods, 2008).
By choosing the structural element to be a disc, morphological opening causes thin
or pointed regions to be flattened or removed from the region. We apply morpholog-
ical opening to the classification mask before watershedding to help separate cells
which are touching. The parameter opening size is the radius of the disc used as a
structural element, so a larger opening size will result in smoother boundaries and
result in more of the region being removed. In the following Section, we investi-
gate the sensitivity of our watershedding algorithm to these parameters and identify
optimal parameters for accurate cell counting.

Figure 2.7 shows key stages of this procedure applied to a portion of a CD8*

stained histology slide.
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Figure 2.7: Sequence of images illustrating how the watershedding process works. (a)
Section of a slide stained for CD8" T cells; (b) pixels identified as positively stained
(white); (c) distances from the edge of the classified boundary used for watershed-
ding. Blue areas indicate staining that is more distant from the stain boundary, and
yellow indicates unstained areas; (d) cell centres identified via watershedding.

2.4 Pipeline validation

The process of model validation tests how well a mathematical or computational
model captures reality (Cooper et al., 2015; Babuska and Oden, 2004; Peirce, 2008).
We must validate our image analysis pipeline to ensure that objects identified as
positively stained cells by our algorithms are real cells. In this Section, we demon-
strate that our pipeline accurately identifies labelled cells from histological images
(true positives) and returns few false positives, background pixels misidentified as
being cells. We further demonstrate that our pipeline performs at least as well
as trained pathologists at counting cells in images, while being faster and able to

generate reproducible results.

2.4.1 Performance of classifiers

In Section 2.3.2 we highlighted the ability of our pipeline to quickly generate new
classifiers from a set of initially unlabelled images. The performance of each classifier
will depend on the quality of the training data and the diligence of the human who

labels the data. As such, the performance of each new classifier must be evaluated
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when it is created. In this Section, we apply several techniques to evaluate the
performance of one specific classifier, but note that these techniques can be easily
applied to assess the performance of new classifiers.

The results presented in this Section apply to a classifier trained by Dr Philip
Macklin from the Nuffield Department of Medicine, University of Oxford, on images
of CD687 cells. Both CD68 and the CSF-1 receptor are transmembrane proteins
expressed on the cell surface of macrophages, and classifiers respond similarly to
both stains due to their similarity.

Figure 2.8 shows the Receiver Operating Characteristic (ROC) curve for this
classifier (Fawcett, 2006). The ROC provides a way of visualising the relationship
between the sensitivity and specificity of a classifier. The sensitivity of a classifier is
the true positive rate, (T'P), and measures the proportion of labelled pixels which

have been correctly identified as labelled:

. Number of pixels correctly identified as stained
sensitivity = TP =

2.1
Number of stained pixels (2.1)

The specificity is the true negative rate, (T'N), which measures the proportion

of unlabelled pixels which are correctly classified as unlabelled:

. Number of pixels correctly identified as unstained
specificity = TN =

2.2
Number of unstained pixels (22)

ROC curves are generally shown in terms of the true positive rate, defined in

Equation (2.1), and the false positive rate, F'P, where:

Number of unstained pixels identified as stained

FP =1 — specificity = (2.3)

Number of unstained pixels
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Figure 2.8: Receiver Operating Characteristic (ROC) for our macrophage classifier
(blue), showing the true and false positive rates as the threshold parameter varies.
The red dotted line shows the ROC for a classifier which randomly allocates super-
pixels to either class. The ROC for a perfect classifier would pass through (0,1),
with no false positives and all true positives correctly identified.

For a binary classifier, the ROC curve is parametrised by a threshold of accep-
tance. A classifier assigns each pixel (or superpixel) in an image a score which can
be thought of as the confidence of the classification. At one extreme, we may require
that the classifier is 100% confident that it has detected a labelled pixel before it
assigns it to the positive class. This condition will be so stringent that every pixel
is classed as a negative. In this case, we will have no false positives, but our true
positive rate will also be zero. At the other extreme, we may relax our tolerance
so far that every pixel is accepted as labelled by the classifier. In this case we will
correctly identify every labelled pixel and have a true positive rate of 1, but our
false positive rate will also be 1. A perfect classifier would find every positive pixel
and none of the negative ones, returning a true positive rate of 1 and a false positive
rate of 0. A classifier which randomly accepts pixels as either positive or negative
should identify false positives and true positives at the same rate.

As we vary our threshold parameter from the extreme of rejecting all pixels to

the extreme of accepting them all, we obtain a ROC curve such as the one in Figure
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(a) Ground truth labelling of a tile used as vali- (b) Prediction of superpixel classifications made
dation data. by an SVM trained with our pipeline.

Figure 2.9: Comparison of ground truth classification with the SVM predicted clas-
sification. Green lines mark the boundaries of superpixels classed as macrophages.

2.8. If the ROC curve is above the red dashed line y = z, then the classifier is
performing better than random chance for that value of the threshold parameter.
The optimal choice of thresholding parameter will be the point on the ROC closest
to the upper left corner, (0,1), and this is the value that should be chosen for
classification purposes. For a random classifier, the area under the ROC curve
(AUC) will be 0.5, while a perfect classifier will have AUC = 1.

The classifier considered in Figure 2.8 performs far better than random. Indeed,
without optimisation our classifier has a true positive rate of 0.749 and a false
positive rate of only 0.01. At the optimal point on the ROC, this classifier achieves
a true positive rate of 0.917 with a false positive rate of 0.041. These values indicate
that our classifier can accurately identify the majority of pixels which are part of a
macrophage while incorrectly misclassifying a minimal number of non-macrophage
pixels.

In Figure 2.9 we compare the hand-labelled ground truth classification (Figure

2.9a) and the prediction of superpixel classifications obtained from our binary SVM
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Figure 2.10: Classification errors for the classification of macrophages (detail of
two areas shown on the right). Areas highlighted in yellow have been incorrectly
classified as macrophages, while areas in blue contain macrophages but have been
misclassified as background.

classifier (Figure 2.9b), in which the “green” labelling is the classifier described by
the ROC in Figure 2.8. While these classifications appear similar to the eye, in
Figure 2.10 we highlight the false positives and false negatives (labelled pixels which
have been missed by the classifier).

Figure 2.10b shows enlarged details of two areas of Figure 2.10a which reveal that
several of the misclassifications made by the classifier may in fact be flaws in the
manual ground truth classification. Many of the misclassified false positive regions
occur along the edges of macrophages, and are frequently long, thin superpixels that
may have been misclassified when generating the data. Similarly, some of the false
negative regions are small groups of pixels at the edges of macrophages which may
easily be misclassifications in the ground truth.

Regardless of problems which may be caused by human error, the classifier ap-
pears to perform well at identifying stained macrophages in the sample image pre-

sented here.
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Macrophages
Classification Accuracy 0.971
Error Rate 0.029
Precision 0.875
Sensitivity 0.749
Specificity 0.991

Table 2.2: Summary statistics for the nonlinear SVM classifier produced by our
pipeline without optimisation. Each statistic is measured on a scale from 0 to 1,
with 1 being the highest. An ideal classifier would have an accuracy, precision,
sensitivity and specificity of 1 and an error rate of 0.

In Table 2.2 we present summary statistics which demonstrate the ability of
our classifier to accurately identify macrophages. The sensitivity and specificity are

defined in Equations (2.1) and (2.2) respectively. The other metrics shown here are:

Number of true positives

precision = (2.4)

Number of true positives + Number of false positives

which is also known as the positive predictive value. An ideal classifier would have

precision = 1, indicating that very few false positives are returned. The error rate:

Number of false positives + Number of false negatives
error rate = _ (2.5)
Total number of pixels

is the proportion of pixels which are misclassified. An ideal classifier would have an

error rate of 0.

2.4.2 Optimising cell identification parameters

As described in Section 2.3.3, our watershedding algorithm relies on two parameters,
the opening size and a minimum size threshold. In this Section we investigate the
sensitivity of the watershedding algorithm to variation in these parameters.

We use a dataset containing 20 images of stained cells not used to train our
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classifier. Each image was shown to three pathologists, who manually counted the
number of stained immune cells visible to them without consultation. This provided
three independent collections of cell counts for comparison with the results from our
classifier. We investigated opening sizes in the range [0, 20] pixels and minimum
size thresholds in the range [0,100] pixels. For each pair of parameters, we counted
the number of cells identified in the 20 images. The total squared error between
the automatic count and the average of the three pathologists’ counts was then
calculated and taken as a measure of the goodness of fit.

Figure 2.11 shows how this error changes as the two parameters are varied.
In Figure 2.11a we vary the minimum size threshold in increments of 5 and the
opening size in increments of 2, giving a coarse view of how they affect the error.
We observe that in some regions of parameter space the predicted number of cells
differs greatly from the human counts, but that for a large range of values the
count is insensitive to small changes in these parameters. To obtain a more refined
estimate of the optimal parameter set, we repeated the test using the same dataset
for more refined increments of the parameters on a smaller range of values based on
the region around the best fit of Figure 2.11a, shown in Figure 2.11b (opening size:
[0,8] pixels in increments of 1, minimum size threshold: [25,60] pixels in increments
of 1). The error remained similar in size throughout this parameter sweep, again
indicating the insensitivity of our watershedding algorithm to these parameters, but
indicated that the optimum parameter values correspond to an opening size of 5
pixels and a minimum size threshold of 30 pixels.

Repeating this test for different stains revealed that for all stains there is a range
of parameter values for which the fit was comparable with that of the optimum, and
hence that the cell counting algorithm is insensitive to these parameters. However,
the range of the optimal parameter values depended on the type of stain used. For
nuclear stains, the minimum size threshold was approximately half that of cells

stained with a membranous marker (38 pixels vs 72 pixels, or 28 yum? vs 63 um?).
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(a) Exploration of parameter space for the two watershedding parameters: the opening size and
the size threshold below which candidate cells are discounted as noise.
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(b) More thorough exploration of parameter space for the watershedding parameters.

Figure 2.11: The colour represents the total squared error between human counts
and algorithm counts for 20 images with cell counts provided by three pathologists,
with blue representing low error and yellow high. The total predicted cell count is
not very sensitive to the choice of parameters in the watershedding algorithm.
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We obtained optimal values for CD8%, CD68" and FoxP3" stains which we use
as default values for watershedding images stained for nuclear, cell membrane and

cytoplasmic stains respectively.

2.4.3 Comparison of pipeline performance against trained

pathologists

We have also validated the accuracy of our pipeline by comparing the results for
cell counts with cell counts obtained by trained pathologists. Cell counting is a
common requirement in pathology (Veta et al., 2014), as many clinically relevant
metrics rely on properties such as the density of cells per mm? of tissue. However,
accurate cell counts require a pathologist to examine tissue in a great level of detail
and are therefore extremely time consuming and prone to error. Errors can arise
because the pathologist has lost count or double counted cells, or may be due to
disagreements between pathologists about whether a mark is an artefact or part of
a cell.

We used a sample of forty (1 mm X 1 mm) regions taken from samples of head
and neck tumour tissue to test the cell counting ability of our pipeline against three
trained pathologists. Each region contained up to several hundred immune cells, and
the pathologists independently counted them using an ImageJ app to prevent double
counting and to ensure that no cells were overlooked. We applied our pipeline to the
same images using our standard CD8" classifier and the watershedding parameters
obtained using the procedure described in Section 2.4.2.

In Figure 2.12 we compare the cell counts obtained by our pipeline (solid black
line) and the range of one standard deviation around the mean of the pathologist
counts. The images are ordered according to the amount of variation between the
pathologists counts. In general, there was more discrepancy between the patholo-
gists’ counts as the number of immune cells to be counted increased. The pathol-

ogists also reported that for images with a large number of cells the analysis could

39



2.5. DISCUSSION

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25 26 27 28 29 30 31 32 33 34 35 36 37 3B 39 40 41 42

Figure 2.12: Comparison between CD8™ cell counts from the image analysis pipeline
and three independent pathologists. The number of CD8* cells were counted in 40
different images. The red area shows one standard deviation around the mean of
the human counts. The black line shows the count by our algorithm. Regions are
ordered according to the amount of variation between the pathologists’ counts.

take up to an hour. Our algorithm returned the results for all 40 images in less
than one minute, marking a significant improvement in speed. In most cases the
prediction of the algorithm was within one standard deviation of the mean count of
the pathologists.

Automated cell counting has the advantage that it is reproducible. On the other
hand, when humans are tasked with such a repetitive task their performance is likely
to be affected by factors such as tiredness, boredom, and stress. Our algorithm aims

to alleviate these factors rather than exacerbate them.

2.5 Discussion

In this Chapter we have presented a suite of image analysis tools capable of the
automated analysis of whole slide histological images. We have validated the key

steps in our pipeline and demonstrated that it performs well in comparison with

60



2.5. DISCUSSION

pathologists.

Automated image analysis is slowly becoming accepted by pathologists, and dig-
ital pathology is now seen as a potential solution to problems including remote
working, receiving second opinions from colleagues in different locations, outsourc-
ing and routine diagnosis (Williams et al., 2017, 2018a). However, the current uses
of computational pathology tend to be for reinforcing conventional approaches to
pathology. The computer is often used as a tool for the pathologist to easily visualise
whole slide images and see specific regions in better detail. While this is encour-
aging, algorithms to analyse these images quantitatively are not in common use.
There is demand for robust algorithms which can streamline pathologist workflows,
for instance through automated cell counting, quantification of histopathological
staining, automated tumour grading or region of interest detection (Williams et al.,
2017; Griffin and Treanor, 2017). In order to improve uptake of such algorithms
they must be rigorously validated and shown to be reliable, be user-friendly for
non-programming pathologists, and provide an advantage to pathologists over their
current routines. Our pipeline is capable of performing these tasks, and future work
will include streamlining this process to make use by non-programmers easier.

A key aim of our pipeline is to provide a flexible framework which can combine
techniques from across digital pathology and computer vision. While the classifiers
described in this Chapter provide a way to accurately identify immune cell locations,
the modular design of our pipeline permits new classifiers to be trained quickly by
people with no knowledge of the mathematical or computational foundations of
computer vision. In this Chapter we have trained classifiers using SVMs, but our
pipeline is designed to permit the use of classifiers trained with other methodologies
and enable users to incorporate their preferred techniques into the pipeline. The
pipeline developed in this Chapter can provide a way of closing the gap between
novel techniques in computer vision and their adoption by pathologists with no

knowledge of the computer vision literature.
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In this thesis we focus on the ability of our pipeline to analyse histological images.
However, the techniques which we have used are not unique to this imaging modality.
Our pipeline could be applied to images from any methodology in which the objects
in the image are distinguished by colour. Extending the list of features in the SVMs
removes this requirement, as morphological features could be included to identify
cells from their shape. We predict that our colour-based classifiers could be made
more robust by the use of stain normalisation techniques which preprocess slides to
remove variations in stain intensity before classification (Khan et al., 2014). Future
work will involve applying our pipeline to multiplexed immunohistochemistry slides
(Stack et al., 2014; Blom et al., 2017). Current multiplexing techniques allow up to
eight stains to be visualised robustly on a single slide, and forthcoming techniques
may permit an order of magnitude more (Blom et al., 2017).

Metrics which are commonly used in pathology, such as the density of per mm?
of tissue, were developed before cell quantification techniques existed and are often
designed to provide qualitative summaries of cell locations. As such, digital pathol-
ogy techniques commonly recreate these approximate metrics with more precision,
for example by providing more accurate cell counts and tumour areas for the cal-
culation of cell densities. While providing these metrics is a crucial part of digital
pathology, having knowledge of cell locations across a tumour provides a range of
opportunities that have previously been unavailable to pathologists. Image analysis
software such as our pipeline can summarise spatial data using more complex spatial
techniques that would be infeasible for a human to calculate and are therefore not
in common use. In Chapter 3, we present several applications of our pipeline which
leverage such techniques to provide novel quantitative summaries of cell locations

within a tumour.
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Chapter 3

Applications of the image analysis

pipeline

3.1 Overview

In Chapter 2 we introduced an image analysis pipeline designed for the automated
analysis of whole slide images (WSIs) of histology data. We described its structure
and validated several of the algorithms used in the pipeline. We also benchmarked
the performance of our pipeline against trained human pathologists, and demon-
strated that it can perform tasks such as cell counting at least as accurately as a
trained human in a fraction of the time. In this Chapter, we demonstrate the types
of analysis beyond cell counting that can be conducted with our pipeline, and show
its flexibility and strength in a range of applications.

In Section 3.2 we briefly describe the methods used in this Chapter. We review
existing methods for the analysis of histological data, and discuss how these methods
could be extended by applying techniques from the field of spatial statistics to data
extracted using our pipeline (Ripley, 1976; Mignardi et al., 2016; Nawaz et al., 2015;
Nawaz and Yuan, 2016). We discuss these techniques and additional information

that they can provide in comparison with existing clinical metrics, and emphasise
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the need for automated image analysis to calculate them.

In Section 3.3 we apply our pipeline and spatial statistics to the RITA dataset
described in Section 2.2.1. We compare the density of macrophage infiltration be-
tween two of the indications present in this dataset, breast cancer and colorectal
cancer. We conduct further analysis of images from colorectal cancer using a range
of spatial statistics, and consider how each statistic varies between different patterns
of macrophage infiltration. These spatial statistics are then used to automatically
cluster tumour regions based on the locations of macrophages in the images, and
we demonstrate that this process groups the images into clusters with qualitatively
similar macrophage distributions. In Section 3.4 we use our pipeline on images from
the Pugh lab dataset of head and neck tumour samples described in Section 2.2.2.
This dataset contains consecutive tumour slices stained to show the expression of dif-
ferent markers, and we coregister these slides to obtain more information about the
oxygen environment of infiltrating immune cells. We obtain immune cell densities
for different oxygen environments based on an analysis of randomly selected regions
of the tumour. We then use these regions as “artificial biopsies” to investigate how
accurately measurements of hypoxia based on tumour samples are able to accurately
estimate the degree of hypoxia in the tumour as a whole. In Section 3.5 we demon-
strate the flexibility of our pipeline by applying it to in vitro experiments on the
formation of atherosclerotic plaques conducted by Mr. Hugh Ford at the University
of Sydney. In these in vitro experiments, we use our pipeline as a high-throughput
tool to count the number of plastic microbeads consumed by macrophages.

We end this Chapter in Section 3.6 with a discussion of how the quantitative
techniques presented in this Chapter could be more closely integrated with imaging

software to make them more accessible to pathologists.
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3.2 Methodology

3.2.1 Current techniques used for analysis of whole slide
images

Existing methods for the analysis of histological images are primarily qualitative.
Historically, pathologists analysing whole slide images had to summarise their find-
ings manually, without the aid of a computer. This has led to semi-qualitative
metrics becoming the norm in histological image analysis. Scoring/grading systems
provide a series of rules which allow pathologists to assign numeric labels to tissue
samples (Cross, 1998). In general, these systems are based on rules for dividing sam-
ples into a small number of categories which provide meaningful information about
treatment response. For example, tumours may be assigned a grade ranging from 1
to 4 based on site-specific observations that describe tumour invasion which commu-
nicate meaningful information about tumour growth to other medical professionals
(Edge and Compton, 2010; Cross, 1998). While this type of quantification allows
standardisation for the purposes of diagnosis and communication between doctors,
scoring may be subjective. In one study, pathologists asked to diagnose a breast
biopsy reached the same conclusions only 75% of the time (Elmore et al., 2015).
A second problem with pathological scoring is that while such scores are useful for
classifying tumours, a whole slide image contains more quantitative information that
is not represented by these grades.

More detailed scores have been developed to represent this information. In the
case of immune cell infiltration into tumours, a commonly used metric is the density
of cells per mm? of tissue (Klauschen et al., 2018). In the absence of computational
techniques, these densities rely on accurate estimation of both the number of im-
mune cells observed and the area of tissue. Errors due to human miscounting and
estimation can therefore prevent these metrics from being reproducible. In Section

2.4.3, we demonstrated that when there are a large number of immune cells present,
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different pathologists will reach different conclusions as to the number of cells.

As digital pathology becomes more widely accepted by the medical commu-
nity, computer aided counting techniques are becoming more common in pathology.
Our pipeline, and alternative software packages such as Definiens, Visiopharm and
QuPath (Bankhead et al., 2017; Baatz et al., 2009; Bueno et al., 2016), permit more
accurate cell counts and area calculations. As a result, metrics such as “number
of immune cells per mm? of tissue” are becoming easier to calculate reliably. At
present, digital pathology is largely confined to making these existing metrics more
accurate. However, digital pathology permits the generation of more complex sum-
mary statistics than cell densities. Whilst spatial statistics are commonly used in
other fields, particularly in Geographic Information Systems (GIS) (Unwin, 1996),
their use in pathology has been limited (Mignardi et al., 2016). Kather et al. (2017,
2018) conduct spatial quantitative analyses of histological images in which they au-
tomatically classify tumours as being “hot” or “cold”, qualitative terms which are
used to describe the degree of immune infiltration in a tumour. Their results com-
pare mathematical modelling with tumour types defined based on the localisation
of proliferation, but do not use more complex spatial statistics.

Yuan (2014) and Nawaz et al. (2015) propose the use of spatial metrics to identify
hotspots of tumour-infiltrating lymphocytes in estrogen receptor-negative breast
cancer. Nawaz et al. (2015) use spatial statistics for hotspot detection to show that
co-localisation of cancer and immune hotspots is a prognostic marker for patient
survival, and Yuan (2014) proposes a quantitative intratumour lymphocyte ratio
(ITLR) which can only be calculated from digital pathology analyses. Heindl et al.
(2015) propose Ripley’s K-statistic as a means of mapping spatial heterogeneity.
Spatial and density descriptors have also been used to predict likelihood of recurrence
in non-small cell lung cancer Corredor et al. (2018).

In Section 3.2.2, we introduce a number of spatial statistics which can be applied

to the types of cell location data that our pipeline extracts from histological images,
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which will be applied in Sections 3.3 and 3.4.

3.2.2 Spatial statistics of point clouds

Cell densities are useful for measuring summary statistics such as the proportion
of an image which is covered by macrophages or tumour cells, but more complex
measures of spatial distribution can be generated from point cloud data. There are
several methods for extracting descriptors of spatial distribution from point datasets.
These include second-order statistics (Mgller and Waagepetersen, 2004) such as Rip-
ley’s K-function (Ripley, 1976; Dixon, 2002; Mattfeldt et al., 2009; Kay, 2014) and
its successors, the L-function and H-function (Kay, 2014), the pair correlation func-
tion (PCF) (Fozard et al., 2011; Mattfeldt et al., 2009; Stoyan and Stoyan, 1994;
Mpgller and Waagepetersen, 2004) and the J-function (van Lieshout and Baddeley,
1996). While second-order statistics focus on relationships between pairs of points,
summary statistics for bivariate point data can also be obtained using Quadrat His-
tograms (Fozard et al., 2011; Buyong, 2007). Bivariate statistics can be used to
compare distributions of two different cell types, such as macrophages and tumour
cells or macrophages and T cells.

Many of these techniques rely on comparing the point cloud with random point
data generated using a Poisson process, in which the location of each point in the
point cloud is independent of all other points. Consider, for example, the vari-
ance/mean ratio test (Buyong, 2007), which relies on the observation that if point
data is generated randomly from a Poisson process then the distribution of points in
the squares of a regular grid overlaid onto the domain should have the same mean
and variance. If the variance of the observed point distribution is significantly larger
than the mean then the data is unlikely to be random and is likely to be grouped
into clusters, while if the variance is significantly less than the mean the pattern
is instead non-random but scattered or dispersed (Buyong, 2007; O’Sullivan and

Unwin, 2010).

67



3.2. METHODOLOGY

Although second-order statistics can provide useful information, they have limi-
tations. Baddeley and Silverman (1984) provide an algorithm for generating point
data which appears non-random but has identical second-order statistics to data
generated randomly from Poisson processes. It is therefore important to use as di-
verse a range of summary statistics as possible to ensure that genuine patterns are

detected.

Pair correlation function

The pair correlation function (PCF) (Mgller and Waagepetersen, 2004; Mattfeldt
et al., 2009; Stoyan and Stoyan, 1994) can be used to obtain information about the
length scales of emergent patterns in point data (Fozard et al., 2011). To generate
the PCF, an annulus of width dr is placed at a distance r around a given point
in the point distribution. The number of points within this annulus is calculated,
and then normalised with respect to the area of the annulus and the number of
points that would be expected to fall inside this ring if the points were distributed
according to a random Poisson process. This quantity is calculated for all points
within the point cloud and then the average calculated. The process is repeated for
a range of values of  to generate the pair correlation function, g(r). g(r) provides a
measure of how likely there are to be two points separated by distance r compared
to a random point distribution. The value of ¢(r) indicates the level of clustering
at distance r: g(r) > 1 indicates that pairs of points separated by distance r occur
frequently, while g(r) < 1 indicates that pairs of points are less likely to be separated
by distance r than would be expected if they were distributed randomly. For a point
field generated randomly through a Poisson process, the pair correlation function
g(r) =1 (Stoyan and Stoyan, 1994). Importantly, it should be noted that g(r) =1
does not necessarily mean that the points are generated from a random process, just
that they share the same second-order characteristics as the Poisson field. This is

demonstrated in a cautionary example by Baddeley and Silverman (1984).
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Fozard et al. (2011) show how a multivariate version of the pair correlation
function can be used to identify the scale of clustering patterns in labelled point
data originating from a bipartite population of cells. This is achieved by calculating
the PCF for all cells and the PCF for each individual cell population, where the latter
PCFs are generated by ignoring all points which do not belong to the population
of interest. Gavagnin et al. (2018) propose extensions to the PCF for point data in

discrete domains, such as data generated by on-lattice agent-based models.

Ripley’s K-function

Ripley’s K-function (Ripley, 1976; Dixon, 2002; Mattfeldt et al., 2009; Kay, 2014)
and its successors, the L-function (Stoyan and Stoyan, 1994) and H-function (Kay,
2014), are second-order statistics which, like the PCF, relate pairs of points. The
construction of the K-function is similar to that of the PCF, with the difference
that while the PCF uses an annulus of width ér placed a distance r from a reference
point the K-function simply considers a disc of radius r. This leads to a similar
second order measure of correlation, except that the K-function is cumulative.

For a random Poisson process, the K function can be written in closed form as

K(r)=mr? (3.1)

where r is a measure of distance. This result motivates the definition of the L-

function:

L(r) = (3.2)

which grows linearly with r for a Poisson process. The L-function can be normalised
again to give the H-function, which has an expected value of 0 for a Poisson process.

The H-function is defined as:
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H(r) = L(r) —r. (3.3)

A value of H(r) > 0 indicates clustering on the length scale r, while H(r) < 0 in-
dicates dispersion. The H-function and its derivative have been proposed (Kiskowski
et al., 2009) as useful measures of the length scale of a pattern, with the H function
more useful for predicting this value for experimental data sets with a high density

of points and H'(r) more informative at low densities.

The J-function

The J-function is a non-parametric test for identifying clustering and dispersal in
point patterns proposed by van Lieshout and Baddeley (1996). The J-function uses
two similar cumulative density distributions, the nearest-neighbour distribution and
the empty-space function (or spherical-distribution function).

The nearest-neighbour distribution function, G(r), is the cumulative density
function (CDF) of the histogram of nearest-neighbours in the point cloud: for each
point, the distance to its nearest neighbour is calculated and logged. For a given
radius r, G(r) is the number of points whose nearest neighbour is within distance r

divided by the total number of points:

G(r) = Number of points within 7 of another point' (3.4)

Number of points

The empty-space function, F'(r), is calculated in a similar manner, but instead
of calculating the distance between points in the point cloud, randomly chosen
reference points are selected from the domain. For each of these random points, we
calculate the distance to its nearest neighbour in the point cloud. The CDF is then

calculated as before:
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_ Number of randomly chosen reference points within r of a target point

F(r) =

Number of randomly chosen points
(3.5)

The J-function is defined to be the ratio of these CDFs (van Lieshout and Bad-

deley, 1996):

B 1—G(r)

J(r) = 1——F(7“)

(3.6)

For randomly distributed points, we expect G(r) ~ F(r), in which case J(r) = 1.
If J(r) > 1 then more points from the point cloud can be found in a circle of radius
r placed randomly in the domain than in a circle centred at one of the points,
indicating dispersal of points within the point cloud. If J(r) < 1 then a disc of
radius r centred at an element of the point cloud contains more points than a
randomly placed disc, and we conclude that the points are clustered (van Lieshout

and Baddeley, 1996).

Quadrat Histograms

Quadrat Histograms (QH) are generated by tiling the domain with square “quadrats”
of edge length r, where 7 is much smaller than the domain width and height. They
can be applied to standard point clouds as well as bivariate point clouds in which
more than one population of cells is identified. In the univariate case, the number
of points in each quadrat is counted and the distribution calculated. If points are
scattered, then few quadrats will contain a large number of points, while if points
are clustered then the distribution will contain many quadrats containing multiple
points. Buyong (2007) suggests using a variance/mean ratio (VMR) test on this
distribution, since randomly generated points will follow a Poisson distribution in
which the mean and variance are equal. A VMR of 1 indicates randomness, while

VMR < 1 and VMR > 1 suggest dispersal and clustering respectively.
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In the bivariate case, for each quadrat, the number of points of each type is
summed, and the proportion of points belonging to the first cell population, p;, is
calculated. Quadrats which contain large clusters of tumour cells will have p; ~ 1,
while those which contain predominantly other cell types will have p; =~ 0. In a
random distribution of two cell populations, we expect p; ~ 0.5.

The existence of many quadrats with extreme values of p; indicates that cells
from population one are generally found clustered together. This is measured by
creating a histogram of the value of p; over all quadrats. Quadrat Histograms and
PCF's were used in (Fozard et al., 2011) to distinguish between “noisy patterns” and
randomness in labelled point data. They suggest a conservative criterion for the
existence of patterns which requires that more than 10% of quadrats have p; < 0.02
or p; > 0.98.

If a pattern is detected for a given value of r, it indicates the presence of a
pattern with a typical length greater than or equal to r. For example, if a pattern
consists of clusters 100 ym in diameter then a quadrat histogram for edge length
r = 10 um will detect the existence of a pattern since a large number of quadrats
will be entirely within the cluster.

We propose an extension of the quadrat histogram methodology to detect char-
acteristic length scales of clustering or dispersal. The standard quadrat histogram
method described above can detect patterns based on only one length scale, defined
by the edge length of the quadrats. By repeating the process for a range of quadrat
edge sizes 0 < r < R, the VMR can be calculated at a range of scales. The shape
of this graph will indicate quadrat edge lengths r for which a pattern exists, and
any values of r for which the VMR = 1 indicate length scales at which clustering or
dispersal appear or disappear. We call this graph a “variance/mean ratio curve”, or

“VMR curve”.
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% *h i

Figure 3.1: An example of macrophage cell centres identified in a 3mm x 3mm
section from a colorectal cancer tumour in the RITA dataset. Macrophages are
marked with a green point. The brown stain is for CSF-1R™ macrophages, with blue
counterstain for all other cell nuclei. In this image, macrophages are predominantly
in the stroma, and are excluded from tumour cell clusters and colorectal crypts.

3.3 Application of pipeline to RITA data

In this Section we apply our image analysis pipeline to CSF-1R stained images
from the RITA dataset described in Section 2.2.1. We focus on the spatial distri-
bution of macrophages in colorectal and breast cancer. For each whole slide image,
we randomly select non-overlapping (3 mm x 3 mm) regions of interest from within
the tumour region until no more regions can be chosen without overlap. We ap-
ply our cell counting process to each region to obtain the coordinates of identified
macrophage centres (see Figure 3.1.) These statistics can be used to generate im-

mune cell densities for each tumour or to calculate spatial statistics of macrophages.
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3.3.1 Macrophage densities

Figure 3.2 shows a comparison between the observed macrophage densities in breast
and colorectal cancer samples, a commonly used measurement for determining the
extent of immune cell infiltration. For each region of interest we calculate the num-

2. Figure 3.2b shows the probability density function

ber of macrophages per mm

obtained by fitting normal distributions to the histograms shown in Figure 3.2a.
Regions from breast cancer samples contain more macrophages on average than

those from colorectal cancer, with a mean of 543 macrophages per mm? in breast

2 in colorectal cancer. The

cancer samples compared to 254 macrophages per mm
breast cancer samples show a much wider range of macrophage densities than the
colorectal cancer, with a standard deviation of 222 macrophages per mm? and an
interquartile range of 348 macrophages per mm?. For the colorectal cancer regions,
these values are 114 macrophages per mm? and 164 macrophages per mm? respec-
tively.

It can be seen from the distributions that breast cancer samples contain more
macrophages on average than colorectal cancer samples, and that there is more
variability in the density of macrophages in breast cancer samples than in regions
from colorectal tumours. While this type of measurement is a common metric
for pathological analysis, in the following Sections we demonstrate that applying a

range of more complex spatial statistics to the same dataset can provide additional

information that this analysis overlooks.

3.3.2 Pair correlation function

In this subsection we apply the pair correlation function (PCF), g(r), to the (3 mm x
3mm) regions of interest from the breast and colorectal cancer images. As observed
in Section 3.2.2, g(r) = 1 indicates that the distribution of macrophages appears
random at a distance r from a typical macrophage, while g(r) > 1 and g(r) < 1

indicate clustering and dispersal at distance r respectively. All PCFs applied to our
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(a) Histogram of macrophage densities for regions of interest in breast and colorectal cancer tu-
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(b) Probability density function for macrophage density in breast and colorectal tumours

Figure 3.2: Differences in the macrophage density (macrophages per mm?) between
breast cancer (blue) and colorectal cancer (green). Figure 3.2a shows the density
of macrophages in (3 mm x 3mm) regions of interest from breast (n = 188 regions,
28 tumours) and colorectal (n = 173 regions, 30 tumours) tumours. Figure 3.2b
shows the probability density function obtained by fitting a normal distribution to
the data.
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histology data display a sharp peak for small r which rises sharply from 0 when
r ~ 0.02mm. This distance is approximately one cell radius, which indicates that
our cell identification algorithm generally places macrophage centres at least one
cell radius apart. When calculating the PCFs in this Section, we use the central
2mm? of each region of interest and calculate the PCF up to a maximum radius
of r = 1mm. This eliminates potential boundary effects caused by macrophages
close to the edge of the region of interest whose annuli would extend beyond the
boundary.

In Figure 3.3 we illustrate some of the characteristic PCFs that we observe,
alongside the image from which they were generated. Each image in this demon-
stration comes from the colorectal cancer dataset. For each PCF, we have chosen
the annulus width ér = 0.005 mm. This value ensures that we can measure changes
in the PCF that happen on a length scale smaller than that of a cell, which are com-
monly observed for small 7. In order to more easily characterise PCFs, we smooth
the PCF using a Savitzky-Golay filter (Savitzky and Golay, 1964) (shown in red
overlay in Figure 3.3). This filter uses a fixed-width sliding window to fit a cubic
polynomial to a subset of the data. This type of filter produces a smooth curve
which closely follows the form of the PCF.

The first example, Figures 3.3a and 3.3b, shows short-range clustering and long
range dispersal of macrophages. For small radii, approximately 0.02mm < r <
0.1mm, we have g(r) > 1. We interpret this as showing that a macrophage is
more likely to be within 0.1 mm of another macrophage than if macrophages were
randomly distributed, and that therefore macrophages are clustering on this length
scale. For 0.1mm < r < 0.75mm, ¢(r) < 1, which we interpret as showing that
macrophages are more dispersed on these length scales than would be expected of a
random distribution. At r &~ 0.75 mm the PCF remains close to 1 and suggests that
at this length scale macrophages exhibit no apparent structure. This description

matches the distribution shown in Figure 3.3b, in which macrophages are clustered
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(a) PCF showing short-range clustering and long-range (b) Image used to generate the PCF in
dispersal of macrophages Figure 3.3a.
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(c¢) PCF showing unstructured macrophage distribution  (d) Image used to generate the PCF in
Figure 3.3c.
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(e) PCF showing macrophage clustering (f) Image used to generate the PCF in
Figure 3.3e.

Figure 3.3: Characteristic behaviours of the PCF. The red curve is the result of
smoothing using a Savitzky-Golay filter (Savitzky and Golay, 1964) with a third-
order polynomial and a window size of 21 data points.
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in groups between tumour cell structures from which macrophages are broadly ex-
cluded. The width of these macrophage clusters, and the distances between clusters,
appear to qualitatively correspond to the length scales identified by the PCF.

Figures 3.3¢ and 3.3d show a different characteristic type of PCF, in which
0.7 < g(r) < 1 almost everywhere. This indicates that macrophages are slightly
more dispersed than would be expected of randomly placed points throughout the
region of interest. Figure 3.3d matches this qualitative description, as there are no
obvious clusters of macrophages present and no clear structure in the distribution
of cells.

Figures 3.3e and 3.3f provide a final example of a type of PCF commonly seen in
our analysis. After a peak showing macrophage clustering at small length scales r <
0.1, g(r) remains above one for most values of . This indicates that macrophages
are more commonly represented at every length scale than would be expected if
they were randomly distributed. While this is at first counterintuitive, Figure 3.3f
demonstrates how such a distribution arises. Macrophages are clustered around the
edges of colorectal crypts (in cross-section), causing them to appear in approximately
regular circles. In this image the crypts vary in size, with diameters ranging from
approximately 0.1 mm in the lower left of the image to almost 1 mm at the top of
the image, and these varying structure sizes are represented by the range of length

scales for which g(r) > 1.

3.3.3 J-Function

While the PCF is able to identify spatial structures in the macrophage distribution
on a large scale, the J-function can be used to identify smaller scale spatial struc-
tures. For almost every region of interest analysed, for both breast and colorectal
cancer, J(r) is greater than one for O pum < r < 25pm. This indicates dispersal
of points on these length scales, and correlates with the approximate radius of a

macrophage. Points being dispersed on this length scale agrees with the results
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from the PCF at this scale, and we again interpret this as an indication that our
cell detection algorithm is not placing two points unrealistically close to each other.

After this initial peak, we typically observe relatively few types of behaviour.
Two of these types are represented in Figure 3.4, where we calculate the J-function
for the regions which are shown in Figure 3.3. Figures 3.4a and 3.4c are both
examples of a J-function which shows short-range dispersal at length-scales of ap-
proximately one cell radius, followed by clustering on longer length scales. Com-
paring Figure 3.4a with the corresponding PCF in Figure 3.3a demonstrates the
importance of using multiple spatial statistics to describe macrophage distribu-
tions. The PCF for this region suggests the macrophages are dispersed from one
another for » > 0.1 mm, while the J-function suggests clustering at scales from
0.02mm < r < 0.3mm. The reason for this apparent contradiction can be seen
in Figure 3.5, which shows the two cumulative density functions from which the
J-function is generated.

Figure 3.5 shows that for the J-function presented in Figure 3.4a, the nearest-
neighbour distribution function reaches its asymptote much faster than the spherical-
contact distribution function. Once the nearest-neighbour function G(R) = 1 for
some radius R, the J-function J(r) = 0 for all » > R. However, the nearest-
neighbour distribution is dependent only on short-range contact between macrophages,
rather than long distance structures. For this reason, we suggest that the J-function
is informative for short length scales, but does not contain critical information about
perceived patterns which exist on scales larger than that of individual macrophage
clusters. The PCF provides useful information at this scale, but small-scale infor-
mation in the range 0mm < r < 0.1mm is likely to be obscured by the need to
choose a sufficiently large value ér for the annulus width.

The J-function in Figure 3.4c is a similar shape to that in Figure 3.4a due to the
short-range nature of the J-function. While the two distributions are qualitatively

different when perceived as a region on the scale of millimeters, at the cell scale
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Figure 3.4: Characteristic behaviours of the J-function. The red curve is the result
of smoothing using a Savitzky-Golay filter (Savitzky and Golay, 1964) with a third-
order polynomial and a window size of 11 data points.
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Figure 3.5: Nearest-neighbour density function (G(r)) and spherical-contact distri-
bution function (F'(r)) for the region shown in Figure 3.4b.

relationships between macrophages are similar. Each image contains clusters of
macrophages which are identified by the J-function, but to perceive the differences
in the structure of these clusters we require the PCF.

In contrast, the J-function in Figure 3.4e displays a different characteristic shape
to those in Figures 3.4a and 3.4c. In this case, we see dispersal on the scale of a
single cell (0mm < r < 0.016 mm), short-range clustering for distances of 3 or 4
cell widths (0.016 mm < r < 0.07mm) and then dispersal again for » > 0.07 mm.
0.07mm is approximately the width of colorectal crypt in this image, and the J-

function crossing the line J = 1 at this point indicates the presence of these regular,

small structures.

3.3.4 Grouping regions of interest based on second-order

statistics

We use a combination of three second-order statistics to group tumour regions based
on their macrophage distributions. For each tumour region, we calculate the PCF,

the J-function and the VMR curve (example VMR curves are shown in Appendix
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D). We then summarise these curves with a range of metrics, such as the highest
value obtained by the curve, the range of r values for which the curve is within
a small distance e of one, or the number of times the curve changes from below
one to above. Using this range of features to describe each region as a point in a
high dimensional space, we use K-means clustering (Hartigan and Wong, 1979) to
identify clusters of similar images. K-means clustering identifies K distinct clusters
from a multidimensional dataset by assigning all points to one of K centres. Each
centre is then moved to the average position in the high dimensional space of all
points assigned to it. The process is then repeated iteratively, with each point being
assigned to the nearest centre and the centres moved, until the centres are stationary.
K-means clustering relies on knowing how many clusters are present in the data, as
the parameter K must be prespecified. There is no definite criterion for knowing
the value to choose, and here we select K = 8 based on an automatic silhouette
analysis optimisation using Scikit-learn, the Python library we used to conduct this
analysis (Pedregosa et al., 2012).

Based on the second-order statistics described in this Section, the K-means al-
gorithm separates the data into perceptually meaningful clusters. Figure 3.6 shows
examples taken from three of these groupings. Qualitatively, the three groups rep-
resent three different patterns of macrophage infiltration. In the top three images of
Figure 3.6, macrophages are spaced in circles around the edge of colorectal crypts.
In the middle set of three images macrophages are in dense clusters at the edge of
regions of tumour tissue from which macrophages are almost completely excluded.
Finally, in the bottom set of three images in Figure 3.6 macrophages are spread
throughout the tissue with little visible structure.

Although each of the eight clusters identified through our K-means analysis
contain regions which are perceptually similar, they do not appear to represent
eight qualitatively different patterns of infiltration. For example, two of the clusters

appear to contain only regular colorectal crypt structures like those in the top set of
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Figure 3.6: Three sets of images which have been grouped as having similar
macrophage distributions according to K-means clustering based on second-order
statistics.

Top: regular colorectal crypt structures with macrophages in the surrounding
stroma.

Middle: dense clusters of macrophages with large areas of near-total macrophage
exclusions.

Bottom: dispersed infiltrating macrophages scattered throughout the tissue.
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Figure 3.6. This indicates that either fewer clusters could be chosen, or that more
statistics are needed to ensure that perceptually similar clusters remain together.
We conclude that it is possible to use second-order statistics to identify per-
ceptually meaningful patterns in macrophage distributions automatically. Further
work should include matching these distributions to patient prognoses to determine
whether macrophages adopting these patterns has an impact on patient outcome.
We also note that these statistics could be applied to cell locations in agent-based
models of the kind described in Section 1.4.2. As such, these metrics could provide
a useful means of comparing the outputs of agent-based models with histological

data.

3.4 Application to head and neck tumours

In this Section, we apply our image analysis process to a sample of 16 human head
and neck tumours. As described in Section 2.2.2, this dataset contains stacks of
consecutive slides stained to show different oxygen environments and immune cell
subtypes. This enables us to investigate the spatial distributions of immune cells
in the context of their oxygen environment. In this Section, we use our imaging
pipeline to obtain quantitative density counts of three different immune cell sub-
types, CD8" T cells, CD68" macrophages and FoxP3" T regulatory cells. Three
other stains are present on consecutive slides which we register with the original slide
to obtain contextual information about the tumour microenvironment: PanCK, an
epithelial cell stain which here distinguishes tumour from stroma; carbonic anhy-
drase IX (CAIX), a stain which identifies hypoxic cells; and pimonidazole, which
stains severely hypoxic cells. The work in this Section was conducted in collabora-
tion with Dr Philip Macklin and Professor Chris Pugh of the Nuffield Department

of Medicine, University of Oxford.
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3.4.1 Protocol for analysing images

Figure 3.7 illustrates how our image analysis protocol operates for extracting infor-
mation from a stack of consecutive histology slides. For each slide stained to show
immune cells, we identify adjacent PanCK™' and pimonidazole™ slides to form a set
of images for registration. Using annotations provided by a pathologist to delineate
the tumour region, we saturate the portion of the PanCK™ stained slide contain-
ing the tumour with non-overlapping 1.5 mm X 1.5mm regions of interest (ROI).
These regions are selected by randomly placing 1.5 mm x 1.5 mm squares into the
annotated region, ensuring that each candidate square does not overlap with any
previously chosen region or with the edge of the annotation. Once no more squares
can be placed without overlap, we then register each ROI with the same region on
the other slides in the triplet, one for pimonidazole and one for the immune marker of
interest. This registration is semi-automated, as a pathologist uses a GUI integrated
into our pipeline to identify reference points in the candidate regions of interest. Our
pipeline uses these reference points to calculate a transformation which aligns the
images using only translation and rotation of the region. This ensures that images
are not distorted by the registration process. Typically only around three points are
required for selection, and Figure 3.8 shows a schematic view of how these points can
be chosen based on distinctive features of tumour regions such as necrotic bound-
aries. Using the pipeline described in Chapter 2, we then identify the stained cells
in each image and combine the consecutive slides to form a composite image for
each region of interest. The composite images are supplemented with annotations
for necrotic voids and any artefacts, for instance due to bubbles or scratches on the
slides. We then identify cell centres for the immune cells, and distinguish between
the numbers of immune cells which have infiltrated the tumour stroma, normoxic
tumour areas, hypoxic tumour areas and regions of necrosis.

Some slides were stained for carbonic anhydrase IX (CAIX), which can be coreg-

istered with the pimonidazole, PanCK and immune stained slides to form a set of 4
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3.4. APPLICATION TO HEAD AND NECK TUMOURS

Figure 3.8: Schematic showing the manual selection of three reference points on two
consecutive regions of interest.

adjacent slides. Figure 3.9 illustrates this process applied to one region of interest.
In Figures 3.9a - 3.9d we identify a (3mm x 3mm) region, consisting of the chosen
(L.bmm x 1.5mm) region of interest together with a 0.75 mm border on each side.
This border is included as during registration the rotation and translation of slides
causes parts of the slide boundaries to no longer overlap. By registering images with
a larger border than required, the registered images can be cropped to the desired
1.5mm x 1.5mm size with no boundary effects on the region of interest. The false
colour image shown in Figure 3.9¢ is shown at the correct size, after the bound-
ary regions have been cropped away. In this false colour image, the black region
is stroma, blue is PanCK™ pimonidazole™ CAIX~ tumour, purple shows PanCK™
pimonidazole™ CAIX™, magenta is PanCK™ pimonidazolet CAIX™, and the necrosis

annotation is shown in red. In this example, the green cells are CD8% T cells.

3.4.2 Immune cell in different oxygen environments

Our pipeline allows us to quantify the density of immune cells in each different

oxygen environment. We classify each cell as belonging to either the tumour stroma,
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(c) Registered Pimo™ (d) Registered CD8T
image image

(e) Combined classifications based on Figures
3.9a to 3.9d. In this image, the bright red area
is necrosis annotated by a pathologist. Pink/red
shows pimonidazole™ stain, purple is CA IXT,
blue is PanCK™ and black shows stromal tissue
which is negative for all stains. CD8T cells are
shown in green.

Figure 3.9: Original registered images and combined classifications for a randomly
chosen 1.5mm x 1.5mm region of interest from a head and neck tumour. The
regions are registered as 3mm x 3mm squares, and then cropped to the central
1.5mm x 1.5mm to ensure that artefacts are not introduced at the edge of the
regions.
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Figure 3.10: Densities of three different immune cell subtypes in different tumour
environments automatically extracted from randomly placed 1.5mm X 1.5mm re-
gions of interest (ROIs) in head and neck tumours. (Number of regions of interest
varies due to tumour sizes and ROIs rejected due to excessive artefacts.)

to the pimonidazole™ PanCK™ region (“pimonidazole™ tumour”) or to the hypoxic
pimonidazole™ PanCK™ region (“pimonidazole © tumour”) for CD8™ cells, CD68"
cells and FoxP3™ cells. We discount the sections of each ROI in which any one of the
slides contains an artefact as annotated by a pathologist, and we also discount the
necrotic regions of each slide in this analysis due to the degradation of cells in these
regions causing counts based on histological data to become unreliable. For each
region, we calculate the number of cells per mm?2. These cell densities are presented
in Figure 3.10.

The results presented in Figure 3.10 suggest that the density of immune cells
within a head and neck tumour depends on the oxygen environment. CD8" T
cells are present in higher densities in the tumour stroma than in normoxic tumour
regions, and are present in low densities in hypoxic regions. The same pattern is
observed for FoxP3" regulatory T cells, with lower numbers of regulatory T cells
inside the tumour than in the tumour associated stroma. CD68% macrophages do
not follow this trend. While there is a significant difference between the density

of macrophages in the stroma and in the tumour, the densities of macrophages in
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Figure 3.11: Trend in densities of three different immune cell subtypes in different
tumour environments when regions from the same tumours are linked. Tumours
which have high densities of immune cells in the stroma are likely to have high
densities of immune cells within the tumour, but the same trends are present in
different tumours regardless of the total number of immune cells present.

hypoxic and normoxic tumour regions are very similar. This indicates that while T
cells preferentially avoid hypoxia, macrophages within a tumour nest are present at
equal densities in both hypoxic and normoxic tumour regions.

This interpretation is reinforced by visualising the results from each tumour in-
dividually. In Figure 3.11 we plot the average cell density within each tumour for
cells in each oxygen environment by averaging the results from each region of in-
terest within that tumour. For each tumour, the density of cells in the stroma,
pimonidazole™ and pimonidazole® tumour regions is connected with a line in Figure
3.11, showing the change in cell density between tumour compartments. By visual-
ising the data in this way, we see that tumours with a high density of immune cells
in one region also have a high density of immune cells in other regions. For each
tumour, the pattern is very similar: CD8" and FoxP3" cells are densely packed in
the stroma, less dense in the normoxic tumour and least dense in the hypoxic tu-
mour. CD68" macrophages are generally densely packed in the tumour stroma, but
are present at similar levels in both the normoxic and hypoxic tumour. Although

these observations are based on a small number of tumours, our pipeline provides a
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Figure 3.12: Distance of CDS cells from the PanCK boundary, for cells in the head
and neck tumour region of interest shown in Figure 3.9.

simple way to extend this type of study to studies containing many more tumours,
and future work will include conducting similar experiments on a larger sample size
of head and neck tumours.

Using our quantitative pipeline provides opportunities for innovative data vi-
sualisation techniques to describe immune cell distributions. For example, Figure
3.12 shows the distance of each CD8% cell from the PanCK boundary in the region
shown in Figure 3.9. Bars are coloured according to the number of CDS8 cells in
each oxygen environment. As an alternative to grouping all CD8* cells in the same
oxygen environment together as a cell density, visualising their distances from the
tumour /stroma boundary as a histogram reveals that of those T cells observed in
hypoxic regions of the tumour, almost all are within 20 um of the stroma. While a
cell density count which indicates that CDS8 cells are within a pimonidazole stained
region may imply that CD8 cells have moved a long way from the stroma edge, the
visualisation used for Figure 3.12 shows that instead the presence of CDS8 cells in
hypoxic regions is more likely because in some places hypoxia extends almost to the
tumour /stroma boundary.

In Figure 3.13 we plot the distribution histograms for CD8% and CD68* cells
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averaged across 71 regions of interest from a head and neck tumour. These distribu-
tions clearly show that CD68" macrophages infiltrate further into the tumour than
CD8" T cells, which cluster in the stroma close to the tumour boundary. More
macrophages are observed in the hypoxic and necrotic regions of the tumour than

T cells, regardless of how close to the stroma those regions are.

3.4.3 Artificial biopsies

Saturating a tumour with non-overlapping regions of interest enables us to quantify
intratumour heterogeneity. In this subsection, we demonstrate that summary statis-
tics which may be naively calculated from a single region of interest in a tumour,
such as a biopsy, are not necessarily representative of the true value of that statis-
tic. We use the hypoxic volume fraction, or the proportion of the tumour which is
hypoxic, as an example statistic.

To demonstrate this, we use 65 regions of interest taken from one whole slide im-
age to estimate the proportion of the tumour which is stained for pimonidazole. The
sample is fully saturated with 65 (1.5 mm x 1.5 mm) regions of interest. Combining
the pimonidazole™ and PanCK™ areas from all 65 tumour regions, we calculate the

proportion of the tumour slide which is hypoxic via the following formula:

PanCK™ pimonidazole™ area

PanCK™ area = 0.1503.

Proportion of the tumour which is hypoxic =

(3.7)

Equation (3.7) says that approximately 15% of the tumour in our example is
hypoxic. We attempt to reproduce this result based on “artificial biopsies” from our
dataset, in which we randomly select n of the 65 regions and calculate the proportion
of the tumour which is hypoxic based on that sample alone. By repeatedly making
this prediction for different values of n, and different randomly chosen regions, we

ask what the minimum number of ROIs required to recover the “true” value of
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Figure 3.13: Distributions of CD68% macrophages and CD8™ T cells, averaged across
71 (1.5mm x 1.5mm) ROIs in one head and neck tumour.
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Figure 3.14: Distributions of the predicted hypoxic tumour proportion for a head
and neck tumour. The true hypoxic tumour proportion based on all 65 regions of
interest needed to saturate the tumour, 0.1503, is shown as a dashed red line. To
make a prediction, we draw n samples from the 65 regions, for n between 1 and 50.
For each value of n, the distribution shown is generated by randomly choosing n of
the 65 regions and calculating the predicted hypoxic tumour proportion based on
this subsample, and repeating the process 1000 times.

0.1503 is.

There are 2080 ways of choosing two regions from 65, and over 3 x 108 for
n = 33. Hence for each number of sample ROIs, n, we draw n samples 1000 times
and calculate the hypoxic volume fraction of the tumour contained in that sample.
These 1000 samples give a distribution for the predicted hypoxic tumour proportion.
Figure 3.14 shows these distributions for n = 1 to 50.

The distributions shown in Figure 3.14 converge towards the true value as the
number of samples increases. To determine whether n samples suffice to accurately
estimate the proportion of the tumour that is hypoxic, we investigated how many
regions of interest must be sampled to return a prediction within a given distance
of the true value.

Figure 3.15 indicates that our tolerance of error determines whether our approx-
imation is acceptably accurate. If we only count a prediction as “accurate” if it

is with 5% of the true value, then sampling as many as 50 regions of interest re-
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Figure 3.15: Effect of increasing n, the number of ROIs sampled, on the predicted
value of the hypoxic volume fraction of the tumour. Taking 50 ROIs in a sample is
sufficient to return a prediction within 5% of the true value in only 60% of samples.
However, increasing the tolerance to accept predictions within 30% of the true value
returns an acceptable prediction with fewer than 10 samples in over 95% of samples.

turned an accurate prediction for only 60% of the 1000 samples. However, accepting
predictions within 10% of the true value dramatically increases the number of sub-
samples of the 1000 iterations which return an acceptably accurate value, with only
13 ROIs needed to reach 60% accuracy. Sampling only 2 regions of interest yields a
predicted value within 30% of the true hypoxic proportion for 60% of the samples.
We observe similar results when applying this technique to predict the true value
of a range of summary statistics, including infiltrating immune cell densities and
tumour to stroma ratios within the tumour mass.

Figures 3.14 and 3.15 have implications about the predictions that can be made
from clinical biopsies. Our results indicate that it is difficult to accurately predict
tumour-wide summary statistics from summary statistics of an individual region
of interest. Figure 3.15 suggests that predicting summary statistics from a single
(L.bmm x 1.5mm) tissue section will yield results within 30% of the true value for
only 50% of samples. However, sampling 2 or 3 regions from across the tumour

increases this acceptance rate to almost 80%. Our simulations therefore suggest
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that biopsies should consider samples from different tumour regions in order to
make accurate predictions, rather than relying on one portion of the tumour to
provide data representative of the whole tumour. The number of samples required
to achieve acceptable accuracy will vary depending on the size of the tumour and

on how much uncertainty can be tolerated in the predicted values.

3.5 Adapting the pipeline to count microbeads

Our pipeline is sufficiently flexible that it can be used to analyse a variety of different
images. In this Section, we show how our pipeline has been used for microbead
counting in experiments by Mr Hugh Ford, a PhD candidate at the University of
Sydney. Mr Ford studies the role of macrophages in atherosclerosis, a disease in
which fatty plaques build up inside arteries (Murray and Wynn, 2011).

Mr Ford’s experiments require counting the number of coloured plastic mi-
crobeads consumed by macrophages over time. Macrophages are cultured in vitro
and a large number of coloured plastic microbeads are added to the surface of the
substrate. At regular intervals, an image is taken showing the number of beads
inside each macrophage, which must then be counted. As macrophages die, their
remains are consumed by other macrophages, and the microbeads accumulate inside
small numbers of macrophages. The experiment aims to track the distribution of
microbeads within cells, and compare this with the predictions of a mathematical
model developed by Mr Ford to determine the dynamics of macrophage particle con-
sumption. Figure 3.16 shows the type of images generated during this experiment.
Red and blue microbeads are used, and they appear in the images as regularly sized
circles.

We have adapted our pipeline for the automatic counting of microbeads inside
these macrophages. As there are only macrophages and beads in the images, our

pipeline must identify three types of objects, macrophages and both red and blue
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(a) Low-power image showing all macrophages in one experiment.

(b) High-power image showing blue and red coloured beads inside
macrophages.

Figure 3.16: Experiments showing microbead consumption by macrophages.
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;ST F\"

Figure 3.17: Comparison between detail from original image and the superpixellated
version used for classification.

microbeads. Individual macrophages must be distinguished, and the number of
microbeads within each macrophage counted. It typically takes several hours to
analyse a single image manually, but our pipeline can process each image in minutes.
In Figure 3.17 we illustrate the superpixellation stage for a section of an image. The
microbeads and macrophages differ in size, and so the superpixel sizes are chosen to
match the smaller area of the microbeads. As a result, individual microbeads are
generally represented by only one superpixel, while macrophages are oversegmented.
Microbeads are easily identified in these images due to their regular size and the black
“halo” that can be observed around each bead (see Figure 3.16b) which provides
clear context information for our SVM classifiers. On the other hand, macrophage
boundaries can be difficult to identify due to the often low contrast between the
macrophage and the background.

We overcome the problem of macrophage misclassification by varying the param-
eters for cell identification from those used to analyse the histological images. The
initial classification, shown in Figure 3.18a, contains several small superpixels which
have been misidentified as macrophages. We can exploit the fact that these isolated
superpixels are much smaller than a typical macrophage to exclude them from our

count of macrophages. Choosing a large opening size successfully separates adjacent
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macrophages, and the final classification mask which we use to obtain statistics is
shown in Figure 3.18b.

The number of microbeads in each macrophage can be obtained from Figure
3.18b by identifying individual macrophages using basic edge detection methods.
Once a macrophage is identified, the total area classified as “microbead” can be
compared with the known area of a microbead in cross-section to obtain the statistics

for comparison with Mr Ford’s mathematical model.

3.6 Discussion

In this Chapter we have demonstrated a variety of applications of the image analysis
pipeline presented in Chapter 2. We have discussed techniques which can be used
for the analysis of point data extracted from WSIs. Using a range of spatial statis-
tics, which would be infeasible to calculate without automated cell identification
tools, we characterised samples of histology images from the RITA dataset based on
their different patterns of macrophage infiltration. We have also demonstrated that
these statistics can be used to cluster randomly chosen tumour samples into groups
with qualitatively similar patterns of macrophage infiltration. This approach to
classifying immune cell infiltration has multiple possible applications, and we have
demonstrated that spatial statistics can provide a basis to describe qualitative pat-
terns in immune cell infiltration. Widespread adoption of these statistics could
permit clearer comparison of the extent of immune infiltration between different
tumours, which has been identified as an important factor in predicting patient re-
sponse to immunotherapeutic treatments (Mantovani and Allavena, 2015; Chanmee
et al., 2014).

Using data from head and neck tumours, we have also used our pipeline to
combine information from multiple consecutive histological slides to characterise

the oxygen environment of individual immune cells. By characterising whole slide
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(a) Initial classification overlaid on the image.

(b) Refined classification after postprocessing used to generate statistics.

Figure 3.18: Effect of postprocessing a classification based on morphological opening
and superpixel size.
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images, we used our pipeline to assess the accuracy of predicting summary statistics
based on only part of the image. Our results show that biopsies which consider only a
small part of the tumour are unlikely to accurately represent the whole tumour, and
that using more regions when making predictions about the whole tumour improves
the accuracy of the prediction. Future work in this area will involve applying this
methodology of “artificial biopsies” to a larger range of tumour types and statistics.
This approach could be used to quantify the uncertainty around approximations
made from patient biopsies, where the amount of tissue which can be extracted is
restricted. It could also be used to suggest how large a biopsy should be taken from
a patient in order for the pathologist to have the best chance of making correct
predictions about the remaining tumour.

As we develop the pipeline described in Chapter 2, we intend to integrate the
collection of spatial statistics into the user interface. For instance, automatically
identifying regions of a WSI which display macrophage distributions associated with
positive or negative patient outcomes and highlighting them to the user can be
achieved without requiring any knowledge of spatial statistics on the part of the
pathologist. As in Section 2.5, we once again emphasise that widespread uptake of
quantitative techniques for computational pathology can only be achieved if they
are made accessible to pathologists. Many pathologists have, sadly, not studied
mathematics or statistics at a high level and are rightly wary of using techniques
they do not understand to make decisions which will determine the treatment of a
patient. Mathematicians must demonstrate that these techniques are valuable and
robust, and the first step to familiarising pathologists with computational techniques
is to demonstrate that these methods work in practice as well as in theory.

As well as providing a valuable tool for pathologists, we also suggest that second-
order statistics could provide a means to integrate in vivo images with spatial mathe-
matical models. While summary statistics can be easily extracted from many agent-

based models, spatial statistics can be used to describe emergent patterns in models
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which have a complicated spatial structure (Fozard et al., 2011). Spatial statistics
applied to point data which arises from the agents in an individual-based model can
be directly compared with the same statistics from in vivo data. This approach pro-
vides the potential for mechanistic models to be compared with histological datasets,
providing insight into how the different distributions of macrophages in in vivo im-
ages arise.

In Chapter 4 we present an agent-based model to investigate the mechanisms
which cause these distributions. The model simulates in vitro experiments which
describe the infiltration of inert microbeads into tumour spheroids, and provides a
foundation for Chapter 5 of this thesis, in which we model macrophage infiltration
into both wn vitro spheroids and in vivo tumour geometries extracted from histology

images.
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Chapter 4

Agent-based modelling of in vitro

tumour spheroids

4.1 Overview

In Chapter 1, we discussed the importance of macrophage infiltration in solid tu-
mours and the value of understanding what causes the distinct patterns of macrophages
observed in vivo. We discussed several different biological phenomena which may
regulate the distribution of macrophages within the tumour environment, including
tumour production of chemoattractants such as colony stimulating factor-1 (CSF-
1) and chemokine (C-C motif) ligand 2 (CCL2), random macrophage motility and
force generated through unchecked proliferation of tumour cells and their inter-
actions with the tumour microenvironment. In this Chapter, we investigate the
advective flow of cells created by the localisation of tumour cell proliferation at the
spheroid edge and hypoxia-induced cell death in the spheroid centre. We use tu-
mour spheroids (Folkman and Hochberg, 1973) as a model system to explore the
movement of tumour cells within the spheroid, and take as our starting point exper-
imental work by Dorie et al. (1982) on the movement of inert microbeads into these

spheroids. Subsequently, we develop an agent-based model, implemented within the
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Chaste modelling framework (Mirams et al., 2013), to simulate microbead infiltra-
tion within tumour spheroids. We conduct a parameter sweep over several model
parameters to determine their influence on the microbead infiltration dynamics, and
conclude that knowledge of the spatial structure of a spheroid induced by oxygen
gradients is vital for characterising the dynamics of this type of “passive” infiltra-
tion. Our use of an agent-based model differs from previous mathematical models
of (Dorie et al., 1982), and we show that our model can explain the dynamics of
microbead infiltration into tumour spheroids in more detail than continuum models.
Dorie et al. (1982) also report results of the infiltration of *H-labelled cells into tu-
mour spheroids, and we show that our model can explain the differences in observed
distributions of microbeads and *H-labelled cells. We conclude that our understand-
ing of immune cell dynamics in tumours must be placed in the context of tumours
as a dynamic environment, and that the advective flow which causes the infiltration
of inert particles must be accounted for when modelling immune infiltration of solid
tumours. This motivates the work in Chapter 5, in which we will discuss the role of
chemotaxis in driving macrophage infiltration into tumours, using the results from
this Chapter to decompose macrophage movement into advective and chemotactic
components.

The remainder of this Chapter is structured as follows. In Section 4.2 we describe
experiments by Dorie et al. (1982) in which inert polystyrene microspheres and cells
labelled with tritiated thymidine infiltrate multicellular tumour spheroids, and we
review previous mathematical models of this system. In Section 4.3 we introduce
our new agent-based model of spheroid growth implemented within the Chaste com-
putational environment (Mirams et al., 2013). In Sections 4.4 and 4.5 we present
results for spheroid growth dynamics and the infiltration of the microspheres. Re-
sults from simulations of the labelled cell experiments are presented in Section 4.6.

Finally, Section 4.7 contains a brief summary of our results.
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4.2 Experimental basis for the mathematical model

Tumour spheroids are widely used in wvitro to study the growth and response to
treatment of solid tumours. We begin this Section with a short description of how
spheroids are grown in vitro and the characteristic features of spheroids which make
them a useful model of in vivo tumours. We then discuss the data described by
Dorie et al. (1982) which we use as the basis for our mathematical model in this
Chapter. We briefly discuss previous mathematical models of this data in Section
4.2.1 and highlight the differences between our approach and previous approaches.

Tumour spheroids are a good model system for the study of immune infiltration
of tumours as they provide a much simpler environment than an in vivo tumour.
The tumour cells grow in vitro in response to local levels of vital nutrients (e.g., oxy-
gen and glucose) which diffuse through the spheroid from the surrounding culture
medium. Intercellular adhesion causes the cells to clump in an approximately spher-
ical shape, and all cells in the spheroid continue to proliferate as long as they have
sufficient levels of nutrients and oxygen. As nutrients penetrate the spheroid they
are taken up by the cells. The associated reduction in nutrient levels gives tumour
spheroids a well-defined and reproducible structure. A nutrient-rich proliferative rim
surrounds a central nutrient-deprived necrotic core where the concentration of oxy-
gen and other nutrients is too low to sustain the cells. Figure 4.1 shows a schematic
diagram of this structure. Typically, a spherical shell of quiescent tumour cells can
be found between the proliferative rim and the necrotic core. These quiescent cells
have sufficient oxygen to survive, but not enough to proliferate. If their oxygen
tension drops too low, quiescent cells may undergo cell death. We refer to these
viable cells which are at risk of death as “hypoxic” cells, although experimentally
they cannot easily be distinguished from the quiescent cells with sufficient oxygen to
survive. If oxygen levels increase sufficiently, hypoxic cells can resume proliferation.

Multicellular tumour spheroids typically grow exponentially in their early stages,

before following a logistic growth trajectory until they reach a maximal carrying ca-
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Figure 4.1: A schematic view of a tumour spheroid (left), together with an image
of a tumour spheroid (right) reproduced from (Folkman and Hochberg, 1973).

pacity which they cannot grow beyond (Folkman and Hochberg, 1973). Tumour
spheroids are avascular, and generally are not used as a model for complex inter-
actions between tumour cells and the extracellular matrix, although assays investi-
gating these interactions exist (Nath and Devi, 2016; Herter et al., 2017). Experi-
ments have been conducted examining the infiltration of macrophages into tumour
spheroids in the presence and absence of chemoattractants, and tumour spheroids
are considered a good resource for studying immune infiltration into n vivo tumours
(Leek, 1999).

In this Chapter, we present a mathematical model based on spheroid experiments
by Dorie et al. (1982, 1986) which investigate the movement of tumour cells due to
proliferation and hypoxia-induced death. In these experiments, the internalisation of
polystyrene microbeads within a tumour spheroid was monitored. The multicellular
tumour spheroids Dorie et al. (1982) described are from the EMT6 (mouse, breast
mammary carcinoma) and RIF-1 (mouse, sarcoma) cell lines. They were grown
i vitro in spinner flasks while suspended in a nutrient rich medium, with oxygen
diffusing to the spheroid from a gas phase at constant oxygen concentration (95%
air, 5% CO,) (Dorie et al., 1982). The proliferative band of tumour cells (red in

Figure 4.1a) was observed to have an approximately constant width of 180 um, with
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Figure 4.2: Distribution of microspheres in EMT6 spheroids, adapted from Figure 7
in (Dorie et al., 1982). Note the unusual z-axis, which we have reflected in order to
keep the spheroid edge on the right hand side of the Figure and maintain consistency
throughout this thesis.

the increase in spheroid size during spheroid growth being accounted for by the
increased radius of the necrotic region (cyan in Figure 4.1a). The proliferative band
moved radially outwards at a rate of approximately 20 um per day.

Dorie et al. (1982) used inert polystyrene microbeads to measure the internal
dynamics of the spheroids. These microbeads were added to the surface of the
spheroids, and their infiltration was tracked over time by sacrificing spheroids 4,
24, 48 and 96 hours after the beads were added. Radial distributions of microbead
infiltration were obtained as a time series of frequency histograms; an example is
shown in Figure 4.2 (adapted from Figure 7 in (Dorie et al., 1982)). The microbeads
form a moving distribution which becomes more dispersed as they travel towards
the centre of the spheroid.

In separate experiments reported by Dorie et al. (1982), the dynamics of the
spheroids were examined by tracking the progression of labelled tumour cells rather
than microbeads. Spheroids grown from both the EMT6 and RIF-1 cell lines
were continuously exposed to [*H]thymidine to radioactively label the cells. These
spheroids were disaggregated and then added to the edges of either the EMT6 and

RIF-1 spheroids following the same protocol as the microspheres. The labelled cells
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were introduced in both homotypic combinations (*H-labelled EMT6 cells in EMT6
spheroids, *H-labelled RIF-1 cells in RIF-1 spheroids) and in heterotypic ones (*H-
labelled EMTG6 cells in RIF-1 spheroids, *H-labelled RIF-1 cells in EMT6 spheroids).
The distribution of these labelled cells was tracked in the same manner as the mi-
crospheres.

The results of these experiments indicated that the infiltration pattern of 3H-
labelled tumour cells is different to that of microbeads. Although the cells still move
in a wave towards the centre of the spheroid which disperses over time, there is a
peak which remains close to the edge of the spheroid. Specifically, this appears to
represent a population of 3H-labelled cells which are unaffected by the advective

flow and remain clustered on the spheroid boundary.

4.2.1 Previous mathematical models of data from Dorie et al.

(1982)
Microbeads

The data described by Dorie et al. (1982) has motivated a series of mathematical
models, which we describe in this Section. McElwain and Pettet (1993) formulated
a continuum partial differential equation (PDE) model and showed that a possible
cause of bead internalisation is pressure gradients caused by differential cell prolifer-
ation and death between the proliferative rim and the necrotic core of the spheroid.
Their model captures the observed movement and dispersal of the microbead dis-
tribution. To reproduce the dynamics of the *H-labelled cells, the authors assumed
that the tumour cells move via chemotaxis towards the higher oxygen levels on the
spheroid boundary. The model does not distinguish between proliferative, quiescent
and hypoxic cells, and so is unable to capture common spheroid structures such
as the proliferative rim and necrotic core. The authors argued that the observed

inward motion of beads is “passive” and due to an advective flow, and that while
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tumour cells may attempt to migrate via chemotaxis up the nutrient gradient they
are in fact “swimming against the tide” (McElwain and Pettet, 1993).

Thompson and Byrne (1999) developed an alternative PDE model of this sys-
tem which reproduces the data in the absence of chemotaxis. They assumed that
multicellular tumour spheroids are incompressible and introduced a more realistic
proliferation rule. They argue that different internalisation patterns of microbeads
are due solely to nonuniform death and proliferation in the spheroids. However, this
model assumes for simplicity that the tumour spheroids do not contain a necrotic
core, and dead cells do not occupy space. Notably, their model is unable to repro-
duce predicted infiltration patterns unless the microsphere wave begins at a distance
of 80% of the spheroid radius, i.e. inside the tumour rather than from the tumour
boundary.

Pettet et al. (2001) modify the model presented in (McElwain and Pettet, 1993)
to distinguish between proliferative and quiescent cells. This adaptation is more suc-
cessful at reproducing the experimental results, but they still retain the assumption
that the dead cells are immediately removed from the spheroid and do not occupy
space, so that the model does not capture the formation of a necrotic core at the
spheroid centre. They assume that proliferative and quiescent cells react differently
to the chemotactic gradient which attracts them towards the high nutrient concen-
trations at the spheroid boundary. The authors argue that proliferative cells, which
are expending energy for mitosis, are less motile than quiescent ones, and that the
quiescent cells will sense the nutrient gradient and follow it towards the spheroid
edge. As such, queiscent cells in their model attempt to move via chemotaxis while
proliferative cells do not.

We also note that there are similarities between these models and several of the
models of macrophage infiltration described in Section 1.4.1, in particular (Kelly

et al., 2002), (Owen et al., 2004) and (Webb et al., 2007).
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3H-labelled cells

Reproducing the dynamics of the 3H-labelled cells has proven problematic to previ-
ous continuum models. McElwain and Pettet (1993) reproduce similar behaviour to
that observed experimentally by including a chemotactic component to the move-
ment of tumour cells. All tumour cells in their model are attracted up the nu-
trient /oxygen gradient towards the spheroid boundary, which provides an outward
force. By choosing parameters appropriately, the authors are able to generate an
advective flow moving outwards from the spheroid centre which causes labelled cells
to remain at the spheroid boundary. The assumption of chemotaxis drawing cells
towards the boundary appears questionable, and the authors do not provide exper-
imental evidence for this type of chemotactic movement. Their model also fails to
include proliferation of the 3H-labelled cells, something which our modelling indi-
cates plays a key role in the observed distributions of cells.

Thompson and Byrne (1999) do not include such a chemotactic rule in their
model, and provide a more successful explanation for the observed clustering at the
spheroid boundary by using the assumption that the spheroid is incompressible and
implementing a proliferation rule for the 3H-labelled cells. The labelled cells in their
model do not cluster in the spheroid centre, but the experimentally observed peak at
the spheroid boundary is still absent. Pettet et al. (2001) distinguish between prolif-
erative and quiescent subtypes of cells, but dead cells are instantaneously removed
from the simulation and as such their model cannot reproduce a necrotic core. By
varying chemotaxis coefficients between the subpopulations, the authors are able
to reproduce the “classical” expected infiltration patterns. The authors note that
in order to reproduce the experimental behaviour, both proliferative and quiescent
cells in their model always have consistently negative velocity profiles. This means
that they will always be advected towards the spheroid centre.

In this Chapter, we propose an agent-based model of spheroid growth motivated

by the data presented by Dorie et al. (1982). Using a cell-scale model to simulate the
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experiments has several advantages over continuum models. First, each microbead
can be tracked individually through the simulation. This enables us to see how the
movement of individual microbeads causes the dispersing distribution observed in
the experimental data. Continuum models cannot distinguish between dispersion
caused by beads moving at different speeds and dispersion caused by a delay in
bead infiltration, which we discuss in detail in Section 4.5.2. Agent-based modelling
also extends naturally to the asymmetric geometries observed in in vivo tumours,
permitting the extension of this model presented in Chapter 5. We present this

model in Section 4.3.

4.3 Model development

The models reviewed in Section 4.2.1 reproduce several important features of “pas-
sive” migration, but they are limited by describing the evolution of populations of
cells and beads instead of resolving individual cells or microbeads. In this Section
we present an off-lattice agent-based model of tumour spheroid growth and then use
it to study the passive internalisation of microbeads. Our model is implemented
within the cancer, heart and soft tissue environment (Chaste) modelling framework
(Mirams et al., 2013; Pitt-Francis et al., 2009) described in Section 1.4.2, which

provides an object-oriented means of implementing agent-based models of tumours.

4.3.1 Choice of modelling framework

Any of the frameworks described in Section 1.4.2 could be used to simulate the
experiments described in (Dorie et al., 1982), and we choose to use an overlapping
spheres framework for our model. Overlapping spheres is a centre-based framework,
which permits individual beads and cells to be represented by single nodes, avoiding
the additional computational complexity that a vertex-based framework would entail

by modelling cells as collections of vertices. Centre-based methods also allow us to
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track cells over time by following the cell centre, while the changing shapes of cells
in a vertex model make it less intuitive to track cells over time. While a Voronoi
tessellation framework could also be appropriate, the irregular size and shape of cells
in this framework would make the addition of microspheres more complex than in
an overlapping spheres framework.

In our model, the centre of each tumour cell is modelled as a point which is
connected to its neighbouring cells, defined as those which lie within a “radius of
interaction”, Ry,. If two cells are within this proximity, their centres are connected
with a spring and the spring resting length therefore represents an equilibrium cell
diameter. Cell movement is determined via a force balance applied to each cell,
accounting for intercellular forces exerted on cells by their neighbours and stochastic
fluctuations that represent random cell movement. The following Sections contain
the equations solved at each timestep in our model and a more detailed description

of the forces present in our model.

4.3.2 Oxygen distribution

While we model cells and microbeads discretely, we assume that the distribution of
oxygen throughout the domain is continuous and that its spatio-temporal evolution
can be described via a PDE. At the beginning of each timestep, the oxygen con-
centration at time ¢t and point x, w(x,t), is updated by solving a reaction-diffusion
equation, with point sinks at the centre of viable cells modelling oxygen consumption
by live tumour cells.

The equation governing the spatio-temporal evolution of the oxygen concentra-
tion at position x is thus

ow

_ 2
= =DV w—m;é(x—xi). (4.1)

where x; is the location of cell 7, the parameter s controls the oxygen consumption
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rate of tumour cells and the parameter D, is the diffusion coefficient of oxygen.
d(x — x;) is a delta function which equals 1 when the argument is zero, and is
otherwise equal to zero. We rescale Equation (4.1) using the following scales:

w

Wo to Zo 4 o ( )

% = D V%@ — k& Z §(zo(X — %)) (4.3)
where
- Dyt N
D, =— 0 and K = Kto. (4.4)
Ty

We choose ty = 1 hour as the timescale and xy = 1 cell diameter as the length-
scale. Dropping the tildes for convenience, the non-dimensional equation describing
the spatio-temporal evolution of the oxygen concentration at position x is thus

ow

2
i D, V<w — /ﬁwzi: d(x —x;) (4.5)

where x; is the location of cell 7, and values of the dimensionless parameters
and D,, coincide with their dimensional equivalents due to our choice of timescales
and lengthscales in Equation (4.4). We note that for our choices of lengthscale
and timescale the non-dimensional Equation (4.5) and the dimensional Equation
(4.1) are identical, up to a rescaling of the oxygen concentration. Throughout this
Chapter we will generally, for convenience, refer to time in hours and distance in cell
widths, but we note that due to our choice of rescaling these values are the same as
their dimensionless equivalents.

As tumour spheroids are avascular and obtain their oxygen through diffusion, we

assume that oxygen diffuses in from the edge of the spheroid, where its concentration
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is constant. Each cell in our model is represented by a single point, so the boundary
of the spheroid must be carefully defined in order to apply boundary conditions. We
use the concept of an a-shape (Edelsbrunner et al., 1983) to provide our definition
of which cells belong to the spheroid boundary in a simulation, which we describe
in Appendix A.

We use the oxygen concentration on the boundary, which we assume is a constant
Wso, tO define the scaling factor wy used for non-dimensionalisation. Setting wy = wWee,
our boundary condition becomes that w(x,t) = 1 on the spheroid boundary. We
apply Dirichlet boundary conditions, w(x,t) = 1 to the nodes in the a-shape. Since
the timescale for oxygen diffusion is much faster than that of cell movement, we use

a quasi-steady state approximation to solve Equation (4.5):

0= D,V — kw Z I(x — x;). (4.6)

We solve Equation (4.6) on a regular tetrahedral finite element mesh. This mesh
is defined over a square domain large enough to contain all the cell centres. Any

nodes of the mesh outside the a-shape are assumed to have concentration w = 1.

4.3.3 Cell phenotypes and cell cycle model
Cell phenotypes

To capture oxygen limited spheroid growth we distinguish three phenotypes of tu-
mour cells based on the local oxygen concentration, w. We also simulate dead cells,
which do not have a cell cycle but occupy space in the model. The relationships

between these compartments are described in Figure 4.3.

e A tumour cell is proliferative if its local oxygen concentration exceeds a
threshold value, wy.
e For w < wy, the cell becomes quiescent and stops proliferating immediately.

If its oxygen level increases above wq it will immediately resume its cell cycle.
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e There is a second threshold, w, < wy, below which the cell is deemed to be
hypoxic. A hypoxic cell can re-enter the quiescent compartment if its oxygen
level rises back above wy. If a cell’s oxygen concentration remains below this
threshold for sufficiently long (7, hours) then it will undergo apoptosis and die
(Greijer and Van Der Wall, 2004).

We also distinguish two other types of agent in our model:

e Microbeads are treated as a separate cell phenotype. They have no cell cycle,
do not consume oxygen and are unaffected by changes in the local oxygen
concentration.

e Labelled cells are not treated as a separate cell phenotype, and instead
progress through the above phenotypes according to the same rules as normal
cells. *H-labelled are indistinguishable from other tumour cells, but will pass
their label on to any daughter cells.

A dead cell will continue to occupy space for 7,0, hours before being removed
from the simulation. While these dead, or necrotic cells do not have a cell cycle,
they form a fourth cellular compartment in our model. Figure 4.3a shows a snapshot
of a 2D simulation with cells coloured according to compartment, and Figure 4.3b

shows the relationships between the phenotypes schematically.

Cell cycle model

Cell cycle progress depends on the local oxygen concentration w(x,t). At birth,
each cell is assigned a cell cycle duration, 7,, drawn from a uniform distribution
U(0.75m,1.25n) where the parameter 7 controls the average cell cycle length.

If the age of a cell at position x and time ¢ is given by 7.y (t), then we have that

d’)/cyc

T - H(w(x,t) — wq) (4.7)

where w(x,t) is the local oxygen concentration at time ¢ and location X, Yeye = 0

when a cell is born and cell division occurs when o = 7. H(w(x,t) — wq) is the
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Quiescent Necrotic

(a) Snapshot from a simulation showing the four different compartments
within the model. There are three compartments of living cells with cell
cycles, showing proliferating cells, viable quiescent cells and viable hy-
poxic cells at risk of death. The fourth compartment contains necrotic
cells, which are subject to intercellular forces and fill space but no longer
progress through the cell cycle.

wh < w < Wy w < wy

Thyp = Tp

wg<w<1 Wh <w < Wy

(b) Schematic showing how cells move between phenotypes.

Figure 4.3
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Heaviside function, which is equal to zero when the argument is negative and one
when it is positive. When w < wg, the cell cycle pauses and the cell remains dormant
until either w returns to above the threshold and the cell cycle continues or w drops
below wy, and the cell is at risk of hypoxia induced death depending on the time the
oxygen concentration remains below wy,. When a cell reaches the end of its cell cycle,
a daughter cell is placed half a cell diameter away in a randomly chosen direction
and both cells are assigned new cell cycle lengths. For both new cells, 7o = 0 and
Yeye again evolves according to Equation (4.7). At the start of each simulation, all

cells are randomly assigned a value for 7y, from a uniform distribution U (0, 0.75n).

Cell death

Cell death occurs when a cell experiences hypoxia, w, < w, for longer than a thresh-
old time 7,, drawn from a uniform distribution U(0.75 p, 1.25 p) where the parameter
p controls the average time between a cell becoming hypoxic and the onset of cell
death.

As such, we assign to each cell an internal hypoxia time, vy, Which evolves as

follows:

AYnyp
T == H(wh - w(x, t)) (48)

where Yy, = 0 if w < wy, to model hypoxic cells once again receiving sufficient
nutrient to prevent cell death. A cell becomes apoptotic when vy, = 7,. It is then
irreversibly marked for cell death. It remains intact for a period of 7,,, hours,
during which time it is subject to the force laws described in Section 4.3.4.

For each individual cell, the cell cycle model therefore depends on two internal
clocks: the “cell cycle time” denoted by 7y, and the “hypoxia time” denoted by
Typ- Pseudocode describing the update implementation for the cell cycle is given
in Algorithm 4.1. The timers 7cy. and 7y, are updated based on the oxygen con-

centration.
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Input: All cells, viable or necrotic
for All cells do
if Cell is alive then
if wy <w <1 then
// Cell is proliferative
// Move cell through cell cycle by one timestep
Set Yoye = Yeye + dt;
// Ensure hypoxia timer is unset
Set Yhyp = 0;
// If cell is less than one hour old, increase the cell
radius
if vcye < 1 then
‘ Set Si = 8; + Rceudt;
end
// If cell is at end of cell cycle, proliferate
if 7¢yc = 7, then
Choose random location within R;,; of cell ;
Place daughter cell j in selected location;

Set s; = —R§°“;

. Rcen.
Set s; = =5,

Set Yeye = 0 for cells ¢ and j;
Choose new cell cycle durations 7, for cells ¢ and j;

end

Ise if w), < w < w, then
// Cell is quiescent

®

// Ensure hypoxia timer is unset
Set Yhyp = 0;

Ise if w < wy, then
// Cell is hypoxic

©)

// Increment hypoxia timer by one timestep
Set Yhyp = Thyp + dt;
// Check for cell death
if ypyp = 7, then
‘ Mark cell as dead;
end

end

else

// Cell is necrotic

// Reduce necrotic cell radius linearly over T,po, hours to

model decay

Set s; = 5, — Been dt dt;
Tapop
if s; = 0 then
‘ Remove cell from simulation;
end
end

end
Algorithm 4.1: Update p%@edure for the cell cycle.
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4.3.4 Force balance

Cells are subject to forces arising from several different mechanisms:

e Mechanical forces, caused by intercellular adhesion and volume exclusion,

e Random cell motility,

e Surface tension.

At each timestep, we calculate the net force acting at each node and update

the node position accordingly. Newton’s second law in the over-damped limit, and

neglecting inertial effects, gives the following force balance for cell i:

dXi
v
dt

—F" 4+ F +F; (4.9)

where v is a damping coefficient representing drag between cells and the culture in

which the spheroid is growing. We denote the mechanical force by FI*, the random

motility by F7 and the surface tension by F?. We describe the form of each of these
forces in the following sections.

Using the forward Euler method to approximate the time derivative, we obtain

an update rule for each cell location, x;, as follows:

new __
i =

F,dt
Xci)ld +
12

(4.10)

X

where F; = F7" + F] + F;, and dt is the timestep.

Mechanical Forces

Due to a cell ¢ interacting with its neighbours, it will experience a mechanical force,
F7", which includes both volume exclusion and intercellular adhesion. Intercellular
adhesion forces arise when neighbouring cells form bonds between their cell mem-
branes using adhesion molecules such as ICAM-1 (intercellular adhesion molecule-
1) to pull each other closer (Usami et al., 2013; Turner and Sherratt, 2002). We

assume that two cells interact if their cell centres are within radius R;, of each
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other. We then connect the centres of these interacting cells ¢ and j with a spring if
|x; — x;| < Rint (Meineke et al., 2001). The resting length of this spring, s; ;, is the
sum of the equilibrium springs for each cell s; and s;, such that s; ; = s; +s;. With
the exception of newly divided cells and necrotic cells, we assume that s; = Rce,
a constant parameter. For newly divided cells, s; = Rcen /2 and increases linearly
over the course of one hour until s; = Rcey. For necrotic cells, s; decreases linearly
from Rcen to 0 over the course of 7,,0, hours, leading to a reduction in cell size
until the cell is removed from the simulation. To ensure that this does not generate
artificially high forces by “stretching” apoptotic cells, the associated spring constant
is reduced linearly at the same rate representing a weakening intercellular force be-
tween an apoptotic cell and any other cell. These reductions in cell size are reflected
in the pseudocode in Algorithm 4.1.

The net force acting on cell ¢« due to mechanical forces is the sum of the contri-

butions over all cells j within Rjy:

F" = > F. (4.11)

{7 | Ixi—x;j|<Rint}
where F/'; is the mechanical force between cells ¢ and j. This force always points in

the direction of the vector between the cells. The magnitude of F}"; is given by:

psijlog(1+-2)ifz <0

Si,j

| = (4.12)

T

WS, j XD (—5?],) ifx>0

where z = |x; — x;| — s;,; is the overlap between cells, p is a coefficient representing
the spring stiffness and ¢ is a parameter determining the strength of intercellular
adhesion on neighbouring cells. The magnitude of this force as the distance between
cell centres varies is shown in Figure 4.4. The force law in Equation (4.12) assumes
that once cell centres are within the radius of interaction, Ry, forces of adhesion pull

them together. This adhesive force grows stronger as the cell centres draw closer,
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Figure 4.4: Magnitude of the force between two neighbouring cells ¢ and j as a
function of the distance between those cells. If the distance is greater than s; ;, the
cells experience an attractive force. If the distance is less than s; ; cells experience a
repulsive force which becomes exponentially stronger as cells are compressed. The
black dashed line marks the choice in this image of s; ; = 1, and in this example the
parameters ;4 = 1 and 0 = 5. The radius of interaction R;,; = 2.5 is marked with a
red dashed line.

since more intercellular bonds form when the surface area on contact between the
cells increases (Usami et al., 2013; Drasdo and Hohme, 2005). The form of Equation
(4.12) for = < 0 is chosen to model volume exclusion, as cells which are closer than

the resting spring length s; ; are compressed and repel each other.

Random Motility

We include a random force in our model which simulates cell motility. The random
force, ¥} = (F}, I, F7), has a contribution at each timestep in d € {z,y, 2} of
Fr = %\/2Ddt£ (4.13)

where v is the damping coefficient (see Equation (4.9)), £ is a random variable drawn
from a standard normal distribution and D is a diffusion coefficient determining the

intensity of movement. We include a prefactor of v / dt in Equation (4.13) to ensure

121



4.3. MODEL DEVELOPMENT

that F; has the dimensions of a force and that D has the dimensions of a diffusion
coefficient.

Choosing this form for F] ensures that in each direction the movement of a cell
due to random motility alone is normally distributed with mean 0 and variance
2Ddt. This is Brownian motion, which is a commonly used model of random cell
motility (Macfarlane et al., 2018). Appendix B.1 contains results demonstrating

that our random motion model is correctly implemented.

Surface tension force

A constant force, F?, is applied to the spheroid boundary nodes in the direction of

the spheroid centroid with the form

—BX; if cell 7 is on the boundary,
Fi = (4.14)

7

0 if cell ¢ is not on the boundary,

where X; is a unit vector in the direction of the spheroid centroid for a boundary
node 7 and [ is a parameter determining the strength of the surface tension force.
Although it acts only on the spheroid boundary, this force resists the forma-
tion of voids caused by necrotic cell decomposition within the tumour spheroid and
maintains spheroid shape. Strong surface tension effects cause spheroids to grow as
compact masses (Byrne and Drasdo, 2009; Greenspan, 1972), since voids within the
spheroid are filled with cells that collapse under the force due to surface tension.
Landman and Please (2001) note that in the absence of surface tension on the outer
surface of a spheroid, the tumour will grow without bound. We observe that in the
necrotic core of some spheroids, loss of volume in dead cells due to fluid leakage
can cause “cracking”, or fluid filled voids, when coupled with intercellular adhesion
(Ma et al., 2012; Ghosh et al., 2007). While this behaviour has been reported in
existing agent-based models of tumour spheroids (Ghaffarizadeh et al., 2018; Drasdo

and Hohme, 2005), we note that in the absence of a compressive force resisting tu-
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mour growth, our attempts at reproducing existing agent-based models featuring
this “void” effect frequently produce travelling wave solutions which do not reach
a steady state, as predicted by Landman and Please (2001). We have observed
this effect across a range of spheroid models implemented in different agent-based
and continuum frameworks, and note that while tumour spheroids may contain a
void in vitro these “spherical shell” simulations in which a spheroid with constantly

increasing radius exists as a shell of fixed width are not observed experimentally.

Addition of microbeads

Microbeads are implemented as another type of cell without a cell cycle and are
identified by the positions of their centres. Like other cells, they interact with neigh-
bouring cells via the force balance described in Equation (4.9). Since microbeads
do not adhere to each other we modify the mechanical force described in Equation

(4.12) as follows:

IbeadSi ; 10g (1 + %) if x <0

|F| = (4.15)

0 ifx>0
where z = s;; — |x; — X;| is the overlap between the beads. Hence if the centres of
the beads are beyond s; ; = 2Rpeaq for bead radius Rpead, the beads do not exert a
force on each other. Beads therefore resist being compressed, but do not adhere to

other beads. Microbeads are subject to random motion.

4.3.5 Model initialisation and parametrisation

We initialise our model by placing 300 tumour cells in contact with each other in
a circle. Each cell is assigned a division time 7, as described in Section 4.3.3, and
an age which is chosen at random from a uniform distribution U(0,7,). We allow
the simulation to run for 300 hours in the absence of microbeads or labelled cells.

For most parameter sets this is sufficient for simulations to reach a steady state. At
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Figure 4.5: Flowchart describing the simulation level process undertaken at each
timestep to update the model.

t = 300 hours, 100 microbeads are placed randomly in a circular shell at the edge
of the spheroid or 50 boundary cells are labelled randomly.

Where possible, model parameters are estimated from the literature. Where
experimental data is lacking, we choose parameter values that produce simulations
which replicate the in wvitro growth rates described in Section 4.2. The parameter
values we have used can be seen in Table C.1 in Appendix C, with ranges of values
where relevant.

While our model can simulate spheroid growth in two or three spatial dimensions,
we focus on two-dimensional simulations unless stated otherwise in order to reduce
computational running time.

The flowchart in Figure 4.5 illustrates the order in which the different steps of
our computational model are executed at a simulation level. Cell cycles are updated

according to the process described in Algorithm 4.1.
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4.4 Generation of spheroids with different com-
positions

We first demonstrate that our model can reproduce tumour spheroid dynamics. The
volume of a tumour spheroid over time typically undergoes logistic growth (Folk-
man and Hochberg, 1973), with exponential growth at early times when all cells are
nutrient rich and proliferation is dominant. The growth rate decreases as lack of nu-
trient in the spheroid core triggers the onset of hypoxia and eventually necrosis, and
ultimately plateaus when the net rates of cell proliferation and cell death balance.
In this Section, we demonstrate that our model generates logistic growth curves, and
present example parameter sets demonstrating that similar growth dynamics can be
obtained from parameter sets in which the thresholds for quiescence and hypoxia,
wq and wy, vary substantially. In subsequent Subsections, we show that although
the dynamics of these growth curves and their associated steady state volumes are
similar for different parameter sets, the infiltration patterns of the microbeads vary
dramatically.

Figure 4.6 shows typical simulation results at three timepoints for three parame-
ter sets that generate spheroids of approximately equal size. By varying parameters
associated with cell proliferation and death (wq, wy, 1 and 7,), we demonstrate
that spheroids with different internal dynamics can exhibit similar growth dynam-
ics. Growth curves averaged over 30 realisations for each parameter set can be seen
in Figures 4.7 and 4.8. Figure 4.7 shows the spatial composition of each spheroid
in two different ways, first by measuring the approximate radius of each oxygen
environment inside the tumour - normoxic, quiescent, hypoxic or necrotic - over
time, and then by showing how the number of tumour cells in each oxygen compart-
ment changes over time (stacked plot). Figure 4.8 shows how the total area of each
2D spheroid changes over time, with the spheroid area being defined as the region

bounded by the a-shape of the spheroid.
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Figure 4.6: Series of simulation results showing how the tumour spheroids evolve
over time for three different parameter sets, A (top), B (middle) and C (bottom).
Cells are coloured according to their oxygen concentration, red cells are proliferative
(W > wy), blue cells are quiescent (wy > w > wy), magenta cells are hypoxic (wy >
w) and cyan cells are necrotic. The ring of green cells shown around the largest
spheroids is the initial configuration of microspheres, which are randomly placed in
a circle at the spheroid edge after 300 hours.

The only differences between the parameter sets are the thresholds for the onset of
hypoxia and quiescence, wy and wq, the average tumour cell cycle length, 1, and the
length of time that it takes for a hypoxic cell to die, 7,
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for the three parameter sets described in Figure 4.6.
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Figure 4.8: Spheroid area as a function of time, averaged over 40 realisations of
simulated spheroids for the three specimen parameter sets described in Figure 4.6.
After an initial transient, the growth rate of all three spheroids is similar and they
reach comparably sized steady states.

These three parameter sets have been chosen as examples since they characterise
distinct points on a spectrum of tumour behaviours. Spheroid A is a relatively
“quiet” spheroid, in which a low rate of growth at the spheroid periphery is balanced
by a comparatively small core of necrotic material caused by a low choice of wy.
Spheroid B shares the same values of wy, and 7, as Spheroid A, and consequently
cells die at a similar rate. By reducing the value for wy a much thicker proliferative
rim has formed. In order to achieve a similar steady state size, the proliferation rate
1 has been slowed down. Finally, Spheroid C is more “energetic” than the previous
spheroids, with a large proliferative rim, no quiescent compartment and low 7 being
balanced by a substantial core of necrotic and hypoxic material which is removed
quickly due to a low 7,. In Figure 4.6¢, cells are removed sufficiently quickly that
the necrotic core pulls away to form a void. This type of behaviour is observed in
vitro (Ma et al., 2012; Ghosh et al., 2007). This phenomenon has been observed
in other computational models when volume loss in necrotic cells and intercellular
adhesion cause “cracking”, or the formation of fluid-filled voids in the necrotic core

(Ghaffarizadeh et al., 2018; Drasdo and Héhme, 2005).
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Over a period of approximately 10 days, the radius of each spheroid grows by ap-
proximately 16 cell diameters (32 pm per day), which is comparable to the rate of 20
pm per day reported by Dorie et al. (1982) for spheroid growth rate. Figure 4.7 also
shows that after an initial transient the size of the proliferative rim of each spheroid
remains approximately constant, the growth in spheroid volume being caused by
increased numbers of quiescent, hypoxic and necrotic cells. Each simulation follows
the logistic growth curves observed in vitro and in silico for oxygen limited tumour
spheroid growth (Benzekry et al., 2014; Spratt et al., 1993; Folkman and Hochberg,
1973; Greenspan, 1972).

While these sample parameter sets generate spheroids with similar growth rates
and equilibrium sizes, their internal structures are very different. Parameter set A
results in a spheroid with a significant quiescent region, comprising approximately
a third of the total tumour radius. The width of the proliferative rim in Spheroid
A is also much smaller than that of the hypoxic region, in contrast to Spheroid C
where the width of the proliferative rim is comparable with that of the neighbouring
hypoxic region. Spheroids A and B have similar structures, since the much slower
proliferation rate in Spheroid B is balanced by a correspondingly lower threshold
for quiescence, although the proliferative rim in Spheroid B is approximately twice
as thick as that in Spheroid A. Spheroid C has an even more markedly different
structure, with the most evident difference exhibited in the size of the central necrotic
core - Spheroid A has a necrotic core approximately 8 cell diameters in radius,
compared with almost double this in Spheroid C.

Figure 4.9 shows the effect of varying w, and 1 on the radius of a tumour spheroid
and the width of the proliferative rim after 400 hours of growth. Spheroids with
the same approximate radius can be generated with different values of w, and 7,
but Figure 4.9b indicates that the proliferative rim in these spheroids will vary

substantially in thickness.
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Figure 4.9: Effect of varying w, and 1 on the radius of tumour spheroids after 400
hours of growth (Figure 4.9a) and the corresponding width of the proliferative rim
(Figure 4.9b).
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4.5 Effect of spheroid composition on microsphere

infiltration

4.5.1 Reproduction of distributions from (Dorie et al., 1982)

We randomly distribute 100 microspheres around the boundary of each tumour
spheroid after 300 hours of simulation time, by which time most spheroids have
reached a steady state. In Figure 4.10 we present histograms of the distributions
of the internalised microspheres. Each bar shows the proportion of infiltrating mi-
crobeads within an annulus of fixed width at a given radius from the spheroid centre
at a fixed timepoint, with the approximate spheroid radius marked by a vertical
dashed line. As the spheroids are not radially symmetric due to stochastic fluctua-
tions at the boundary, the approximate radius is that of the largest circle centred at
the spheroid centroid which can fully enclose every tumour cell. The results shown
are aggregated over 30 realisations for each parameter set, and the spheroid radius
shown is the average of the approximate radii over all realisations.

The histograms show the proportion of microbeads found a given distance from
the spheroid centroid, averaged over 40 iterations for each parameter set. Figures
4.10a - 4.10c each show a distribution moving towards the tumour centre, but the
distributions indicate different internal dynamics between the simulations. The peak
in Figure 4.10c is lower than those in Figures 4.10a and 4.10b, indicating a more
dispersed distribution in this parameter regime. The wave also reaches the spheroid
centre faster, with cells accumulating at the edge of the central void by the end
of the simulation. Figures 4.10a and 4.10b also differ, with similar initial peaks
dispersing at different rates. In each case, the distribution of beads becomes more
dispersed as the simulation progresses as observed in (Dorie et al., 1982). However,
these histograms indicate that the size of the spheroid alone is insufficient to predict

the dynamics of the microspheres.
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Figure 4.10: Frequency histograms showing the distribution of microbeads within
Spheroids A, B and C over time. In contrast to Figure 4.2, the x-axis indicates
distance from the spheroid centroid with the vertical dashed line denoting the ap-
proximate tumour radius.
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4.5.2 Tracking individual bead trajectories

An advantage of our agent-based model compared to existing PDE models of the
infiltration experiments in (Dorie et al., 1982) is that it enables us to track tra-
jectories of individual microbeads over time. Previous continuum models of the
experiments in (Dorie et al., 1982) are unable to distinguish individual microbeads,
instead modelling the density of microbeads.

Based on the simulation results presented in Figure 4.10, we now propose two
alternative hypotheses to explain the observed patterns of microbead infiltration
and demonstrate that by tracking the movement of individual beads we are able to
distinguish between the cases.

As shown in Figure 4.2, the microbeads form a moving distribution which dis-
perses over time. This observation is consistent with either of the following hypothe-

ses:

Hypothesis 1. Microbeads move steadily towards the centre of the tumour, but with

different average velocities.

Hypothesis 2. Microbeads move with similar average velocities towards the centre
of the tumour, but at first remain trapped at the spheroid edge for different lengths

of time due to random cell proliferation.

Under the second hypothesis, microbead distributions disperse because some
beads are trapped in the proliferative rim by the Brownian motion induced by high
proliferation rates there; these may push beads either radially inwards or outwards.
Once a bead is pushed sufficiently far from the outer spheroid boundary, advection
caused by the balance of birth and death causes beads to infiltrate at approximately
the same speed. In contrast, under Hypothesis 1 the same dispersal of distributions
is explained without distinguishing between these regimes. When referring to Hy-
pothesis 2, we will occasionally describe microbeads as starting their infiltration at

different times. Although technically all beads begin infiltrating when they cross
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the outer spheroid boundary, this terminology will be used to distinguish between
beads which remain in the regime dominated by Brownian motion and those which
have “started their infiltration” by leaving this regime and entering the advection
dominated region.

Previous continuum models of bead infiltration are unable to distinguish between
these hypotheses since they do not resolve the dynamics of individual cells, although
some previous models do suggest a transient period before beads start to infiltrate
(Thompson and Byrne, 1999). However, it is important to distinguish between
Hypotheses 1 and 2 when considering the effect of passive infiltration on a single
microbead or immune cell.

Figure 4.11 shows how the radial distance from the spheroid centroid changes over
time for 10 randomly chosen beads from two parameter sets (wq = 0.5 or 0.3, wy, =
0.3, n= 16, 7,= 8). Trajectories are coloured according to the oxygen concentration
of the bead at each timepoint. We see that, although the beads begin to infiltrate at
different times, their trajectories can be divided into three different regimes. After
a transient period close to the edge of the spheroid, microbeads pass through the
proliferative rim with approximately constant radial velocities until they stop at the
spheroid centre. This indicates that beads can be “trapped” inside the proliferative
rim before reaching the quiescent compartment and suggests that Hypothesis 2 more
accurately describes the way in which the beads infiltrate the spheroids. Under this
hypothesis, the average radial velocity profile at a given distance from the spheroid
centroid is unchanging and the dispersion of the microbead distribution is due to
differences in the times at which beads leave the Brownian motion dominated regime
near the spheroid edge. This behaviour is consistent with all the parameter sets we
have analysed.

In order to understand how the rate of bead infiltration varies between parameter
sets, for each simulation we fit a straight line to the linear portion of the trajectory

of each bead. As beads in the same simulation may stay near the spheroid rim
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(a) Trajectories from 10 random beads from a simulation with wq = 0.5, wy = 0.3, n= 16, 7,= 8
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(b) Trajectories from 10 random beads from a simulation with wq = 0.3, wy, = 0.3, n= 16, 7,= 8

Figure 4.11: Trajectories of 10 randomly chosen beads from spheroids generated
using two different parameter sets. Each bead is coloured according to its oxygen
environment using the same colour scheme as in Figure 4.6. The black dashed line
shows the approximate radius of the spheroid for this simulation. The parameters
used in Figure 4.11b are the same as those in Figure 4.11a, but with a lower value
of wq, causing a thicker proliferative rim.
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Figure 4.12: Radial trajectory of 1950 microbeads (30 realisations using one param-
eter set, wq = 0.5, wy, = 0.1, n = 16, 7, = 16), aligned according to the time at which
they reach a distance of 80% of the tumour radius.
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Figure 4.13: Average radial velocity (cell diameters per hour) of each infiltrating

microbead within 30 repeats of a representative parameter set (wq = 0.5, wy = 0.1,
n =16, 7, = 16).
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for different lengths of time before beginning their infiltration due to advection,
we fit the line from the time at which an individual bead crosses a threshold of
80% of the spheroid radius. In Figure 4.12 we align the infiltrating portion of
each microbead trajectory based on the time that the bead leaves the spheroid
boundary (for one representative parameter set). For each trajectory shown in
Figure 4.12 we calculate the bead radial velocity by fitting a straight line to the
trajectory and calculating its gradient. We generate a histogram of these velocities
to understand their distribution. Figure 4.13 shows the distribution of the velocities
for all microbeads from 30 realisations of a particular parameter set (here, parameter
set A). The histogram shows an approximately normal distribution of bead velocities,
with a mean radial velocity of approximately -0.18 cell diameters per hour and a
standard deviation of 0.04. In the following Sections, we use this mean radial velocity
as a summary statistic to compare the speed of infiltration of microbeads in spheroids

generated using different parameter sets.

4.5.3 Impact of n and wq on infiltration velocity

In Figure 4.9b, we showed that decreasing the oxygen threshold for quiescence, wq,
generates spheroids with thicker proliferative rims. The width of the proliferative
rim also plays an important role in determining the speed of passive infiltration of
microbeads.

Figure 4.14 demonstrates the impact of decreasing the threshold for quiescence,
wq, on the speed of microbead infiltration when all other parameters are held con-
stant. The three histograms shown in Figure 4.14 are generated using the same
procedure as for Figure 4.13. Each bead velocity is calculated by tracking the bead
from the time at which it reaches 80% of the spheroid radius, fitting a straight line
to this trajectory (as in Figure 4.12) and calculating the gradient. The histograms
in Figure 4.14 each show the frequency of these bead velocities obtained from 30

realisations of the same parameter set. All parameters are held constant between
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Figure 4.14: Histograms showing that decreasing w,, and so decreasing the width
of the proliferative rim, causes microbeads to infiltrate at a slower velocity. Darker
histograms show higher values of wy, and all other parameters are held constant
(wh =0.1,n =16, 7, = 8).

the three parameter regimes shown except for wy.

Figure 4.14 demonstrates that by lowering w,, and hence increasing the thickness
of the proliferative rim, the speed of passive infiltration increases and infiltrating
microbeads are carried at a higher velocity than in spheroids with thin proliferative
rims. The relationship between w, and infiltration velocity is further explored in
Figure 4.15, which shows the effect of wq and 7 on the mean velocity of infiltrating
microbeads. The contours show combinations of w, and n which result in the same
infiltration velocity.

As well as demonstrating that a thicker proliferative rim causes faster internal-
isation of microbeads, Figure 4.15 also shows that 7, the average cell cycle length
of a tumour cell, has a strong impact on infiltration velocity. Microbeads infiltrate

faster into spheroids containing rapidly dividing cells (low 7).
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4.5.4 Impact of n and wq on bead waiting time

We have shown that the balance of proliferation and death in a tumour spheroid
determines the bead velocity once a bead has begun infiltrating the spheroid. In
Figures 4.11 and 4.12 we showed that beads can become trapped in the proliferative
rim before beginning their infiltration. Here, we demonstrate that the average du-
ration for which a bead is “stuck” in the proliferative rim, another important facet
of “passive infiltration”, is also dependent on 7 and wy.

In Figure 4.16 we examine the effect of varying n and w, on the average time that
it takes a bead to cross the proliferative rim, which we term the bead “waiting time”
for a spheroid. In terms of the bead trajectories shown in Figure 4.11, the “bead
velocity” refers to the average gradient of the inward trajectory, while the “waiting
time” is the average time that it takes a bead to begin this inward movement.

Where wy, is high, the proliferative rim forms a narrower band (Figure 4.9b) and
beads are able to cross it quickly, resulting in a low average waiting time for beads

to leave the proliferative compartment. This is due to the proliferation of cells in
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the spheroid rim being equally likely to push beads toward the spheroid boundary
as to push them towards the centre. A thicker proliferative rim causes microbeads
to be exposed to this environment for longer, increasing the likelihood that in any
given timestep they are pushed away from the spheroid centre. When a bead is
near the spheroid edge, most proliferation events will push it away from the core. In
contrast, most proliferation events will push a bead near the boundary between the
quiescent and proliferative regions towards the centre, making it more likely to reach
the linear inwards section of its trajectory. Hence lower values of w, which increase
the proliferative rim width increase the waiting time by increasing the likelihood of
a bead being pushed away from the centre for longer.

This interpretation is supported by the effect of increasing n, which also causes
much longer average waiting times. Passive infiltration moves beads towards the
centre because over long timescales proliferation events which push beads inwards
are more common than those which push them outwards. Increasing n reduces the

frequency of proliferation, and so a bead must wait longer to accumulate the same
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number of inward “nudges” to cross the proliferative rim. Rather than providing an
obstacle to beads by producing an outward force at the spheroid boundary, in the
long term increased proliferation instead drives beads through the proliferative rim

and into the linear regime observed in Figure 4.11.

4.6 Infiltration of 3H-labelled cells

In order to simulate 3H-labelled cells in our agent-based model, we track the lineage
of each cell over time. When a target cell divides, both of the daughter cells are
assigned the same label as the original.

Figure 4.17 shows an example of this lineage tracing. Viable, living cells (prolif-
erative, quiescent or hypoxic) are coloured dark blue while necrotic cells are coloured
cyan. In this example, two randomly selected proliferative cells were selected at an
early timepoint to be labelled. One cell was labelled yellow, and another in pink.
Each time one of these cells divided, the progeny were assigned the same colour
label.

Many of these labelled cells are caught in the advective flow moving towards
the spheroid centre, and ultimately succumb to hypoxia. Necrotic labelled cells lose
their labelling in our simulations, and so cannot be traced into the necrotic core.
To simulate the addition of 3H-labelled cells to the edge of our tumour spheroids,
we randomly tag 50% of the boundary cells with the same label and track the
distribution of labelled cells (and their progeny) in the same manner as we track
microbeads.

In our model, we note that the pressure gradient driving advective flow moves
from the proliferative rim towards the necrotic core in the same way described in
(Pettet et al., 2001). However, the stochastic nature of proliferation in our model
allows for local movement away from the spheroid centroid which is not observed in

their model. This phenomenon is due to cells near the edge of the spheroid giving
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Figure 4.17: Result of labelling two randomly selected proliferative cells at the start
of the simulation. At ¢ = 0 two cells in the proliferative compartment of the tumour
were randomly selected and coloured (pink, yellow). Each time one of the labelled
cells divided, the two daughter cells were coloured with the same label. All other
living cells are coloured dark blue regardless of their state (proliferative, quiescent or
hypoxic), with cyan colouring indicating dead cells (including dead labelled cells).

rise to daughter cells on or near the spheroid boundary, causing the *H-labelled cell
density to appear to move outwards. In contrast to the movement of microbeads,
which all follow the advective flow towards the spheroid centre, we see an increase
in the number of 3H-labelled cells at the spheroid boundary due to proliferation.
This phenomenon is a consequence of cell proliferation combined with the way
the proliferative rim “traps” particles described in Section 4.5.4. We have observed
in Sections 4.5.2 and 4.5.4 that microbeads may remain in the proliferative rim for a
significant length of time before beginning their inward movement due to advection.
A similar delay applies to *H-labelled cells in the proliferative rim, which we have ob-
served may remain there for several days of simulation time before ultimately being
pushed into the quiescent compartment due to the pressure gradient. During this
time, a *H-labelled cell may proliferate several times, producing labelled daughter
cells which may be pushed either towards the spheroid boundary or inwards towards
the quiescent region. This causes a significant growth in the number of *H-labelled

in the simulation, with the new cells being added in the proliferative rim.
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Figure 4.18: Frequency of 3H-labelled tumour cells at four timepoints over 30 it-
erations of one example parameter set (n = 16,wq, = 0.5,w, = 0.1,7, = 8). The
wave is more heavily skewed towards the tumour boundary due to the proliferation
of 3H-labelled cells in the proliferative rim.

Figures 4.18 and 4.19 demonstrate this process at work for one representative
parameter set (n = 16,wq = 0.5,w, = 0.1,7, = 8). In Figure 4.18 we present a
histogram showing how the frequency of labelled cells changes over time in the same
manner as Figure 4.10 demonstrates for microbeads. Although the dynamics of our
simulated spheroid are identical to those of the spheroids described in the microbead
simulations, the profile appears substantially different. The wave disperses more
slowly than in the bead simulations and becomes flatter, with the peak of the wave
always remaining near the spheroid boundary.

Figure 4.19 shows the same data set, but this time without scaling to show
frequency. We show the total number of cells at each location rather than the
proportion, which highlights the increase in cell number due to proliferation. Each
bar in the histogram is coloured according to the proportion of cells counted in that
bar which fall in to each of the three viable cell compartments: red for proliferative,
blue for quiescent and magenta for hypoxic. In this Figure, the behaviour we describe
above becomes clear. While the distribution is moving towards the spheroid centre,

the height of the peak at the spheroid edge remains approximately constant. The
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Figure 4.19: Total number of *H-labelled tumour cells at four timepoints over 30
iterations of one example parameter set (n = 16,w, = 0.5,w, = 0.1,7, = 8). Each
bar is coloured according to the corresponding cell compartments, with red indicat-
ing the number of proliferating labelled cells, blue denoting the number of quiescent
labelled cells and magenta representing the number of hypoxic labelled cells.

increase in the number of cells is due to additional cells in the quiescent compartment
and, at later timesteps, in the hypoxic compartment.

The distribution in Figure 4.19 could be due to a small population of “immortal”
labelled cells residing permanently in the proliferative rim and sending their daughter
cells inwards, but the most likely explanation is that any cell in the proliferative rim
will eventually transit to the quiescent compartment. When a *H-labelled cell divides
in the proliferative rim, it is equally likely that the mother or the daughter is closer
to the spheroid centroid. However, since both cells are labelled identically the effect
on the 3H-labelled cell distribution is identical in either case. The effect is that the
number of 3H-labelled cells in the proliferative rim remains approximately constant
over time, with the dispersion of the distribution due to cells in the proliferative rim

dividing before being caught in the advective flow.
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4.7 Discussion

In this Chapter, we have developed and presented a new agent-based hybrid model of
diffusion limited tumour spheroid growth implemented in Chaste using an overlap-
ping spheres framework. This model reproduces the classic logistic growth dynamics
of multicellular tumour spheroids and can generate spheroids with similar growth
curves but different proportions of proliferative, quiescent, and hypoxic cells and
necrotic debris.

We have used our model to investigate the dynamics of “passive” movement
within spheroids due to the advective flux generated between high pressure areas
at the proliferative rim and low pressure areas of necrosis. Our model is successful
at describing the experimentally observed movement of polystyrene microspheres
added to such spheroids in experiments by Dorie et al. (1982, 1986), and provides
a new mathematical framework for investigating these experiments. While several
continuum models of this system have been proposed, our individual-based model is
capable of providing an explanation for why the microbead distribution is a moving
distribution which disperses over time. By tracking the progress of individual beads
in this wave, we demonstrate that infiltrating particles all travel at the same speed
but that the dispersion is caused by variations in the duration of time each spends
trapped in the proliferative rim.

Our model indicates that the thickness of the proliferative rim and the balance
between proliferation and death in a spheroid are crucial factors in both the speed of
the advective flow towards necrotic regions and in the average time taken for a par-
ticle to cross the proliferative rim. These are key components of passive migration,
and indicate that an understanding of how quickly tumour cells are proliferating
relative to their rate of death by hypoxia is important in understanding immune cell
penetration of tumours in vivo.

When extended to simulate the infiltration of H-labelled cells into the spheroids,

our model shows more success than previous continuum models. Most importantly,
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we do not need to postulate additional forces to cause labelled cells to remain at the
spheroid boundary. Instead, the stochastic nature of proliferation near the spheroid
edge is sufficient to cause a population of 3H-labelled cells to remain at the spheroid
boundary while the rest of the labelled population is carried with the advective flow.

Critically, our findings suggest that the immune invasion of solid tumours must
be understood against the background of an advective flow driving cells towards
necrotic regions. In the case of immune cells such as FoxP3™ cells which rarely
penetrate into tumours ((Garcia-Martinez et al., 2014), see also Section 3.4.2) or
of patients in which the bulk of the macrophage population resides in the stroma,
we note that immune cells may need to actively resist this flow to remain on the
tumour boundary. This is in contrast to many mathematical models of immune cell
invasion, which often view the tumour as broadly static and infiltration as a purely
active process (Ghaffarizadeh et al., 2018). We suggest that any future mechanical
models involving movement into tumours where proliferation and death are localised
should take the advective flow between these regions into account.

The model we have described in this Chapter provides a foundation for describ-
ing the passive advective movement of cells and particles within a spheroid. This
foundation can be extended to account for macrophage invasion of spheroids by the
addition of “active” properties to our microbead population. McElwain and Pettet
(1993) note that “if internalisation is an active process, the most obvious candidate
is chemotaxis”. By adding macrophages which respond to chemotactic gradient pro-
duced by spheroids generated using our model, we can directly compare the effect
that chemotaxis has on macrophage migration against a null model provided by
the microbead simulations. In the following Chapter, we will describe extensions to
our model which implement chemotaxis and compare the effects of these submodels

against the null model provided in this Chapter.
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Chapter 5

Macrophage infiltration: from n

vitro to 1n vivo

5.1 Overview

In this Chapter, we extend the in silico model introduced in Chapter 4 to simulate
the effect of chemotaxis on macrophage infiltration into tumour spheroids. In Chap-
ter 4 we developed an agent-based model to investigate the cellular dynamics inside
a tumour spheroid which are induced by the localisation of cell proliferation at the
spheroid edge and cell death in the spheroid core. We use this work as a “null”
model against which we compare predictions of a model that includes active migra-
tion by macrophages. We focus on the role of chemotaxis in promoting macrophage
migration, with macrophages moving up a gradient of colony stimulating factor-1
(CSF-1) produced by hypoxic tumour cells.

The structure of this Chapter is as follows. In Section 5.1.1 we briefly moti-
vate the extension of our agent-based model to include chemotactic movement of
macrophages. Section 5.2 describes the model modifications required to simulate
chemotaxis, including the production of CSF-1 by hypoxic tumour cells, the in-

troduction of macrophages and extensions to the force laws used in Chapter 4 to
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accommodate chemotaxis. Section 5.3 contains results which demonstrate the im-
pact of chemotaxis on the average radial velocities and waiting times of infiltrating
macrophages, and in Section 5.4 we consider the effect of chemotaxis on the shape of
the distribution formed by the radial locations of macrophages over time. In Section
5.5 we integrate our model directly with the imaging data analysed in Chapter 3
to simulate in vivo macrophage infiltration in realistic tumour geometries. Finally,
Section 5.6 contains a discussion of the implications of chemotaxis for macrophage
infiltration.

In Appendix B.2 we validate our chemotaxis model by comparing a simplified
model of a macrophage subject to a chemotactic force with analytically calculated
predictions for the time taken to cross a domain of fixed length subject to a chemo-
tactic gradient. We also discuss assumptions made in our numerical solution for the

CSF-1 gradient which could affect this implementation.

5.1.1 Biological motivation

In Section 1.2.2 we explained how the tumour microenvironment can determine
macrophage behaviour. For example, tumour expressed factors such as CSF-1, IL-4,
IL-10 and TGF-g polarize macrophages towards a pro-tumour phenotype, stimulat-
ing macrophage production of growth factors including I1-6 and TNF« (Sica et al.,
2015). In addition to affecting macrophage phenotype, there are several cytokines,
known as chemokines, which induce chemotaxis in cells that possess the relevant
receptors.

Many cytokines present in the tumour microenvironment are macrophage chemoat-
tractants, including colony stimulating factor-1 (CSF-1), CCL2, CCL5 and vascular
endotheial growth factor-A (VEGF-A) (Harwood et al., 2012; Murdoch et al., 2004).
Some of these cytokines, in particular VEGF-A, are primarily associated with an-
giogenesis and are produced by both tumour associated macrophages and hypoxic

tumour cells (Harwood et al., 2012). During wound healing in disease-free tissue,
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CSF-1 is produced by hypoxic cells to recruit macrophages to the wound site from
the surrounding tissue and vasculature. While recruited macrophages will typi-
cally be highly activated M; macrophages, particularly when a wound has broken
the skin, the presence of factors such as CSF-1 eventually biases the phenotype of
macrophages towards a pro-tumour phenotype. This stimulates macrophage pro-
duction of vascular growth factors such as VEGF-A, which cause angiogenesis and
revascularisation of the damaged tissue (Sidibe et al., 2018; Murdoch et al., 2004;
Wynn et al., 2013; Wynn and Vannella, 2016). In tumours, CSF-1 is produced by
hypoxic tumour cells, which are often in the centre of “tumour nests”, clusters of
tumour cells which group together in structures that resemble tumour spheroids.
In these nests, the absence of nearby blood vessels can cause hypoxia if insufficient
levels of nutrients are available to diffuse through the densely packed tumour cells.
This CSF-1 gradient stimulates macrophage recruitment to the tumour and their
infiltration into tumour nests. This explains the high density of macrophages in
hypoxic regions in comparison to other immune cells ((Bindea et al., 2013), see also
Section 3.4.2).

In this Chapter, we extend the model described in Chapter 4 to account for
macrophage chemotaxis towards cytokines expressed by hypoxic tumour cells. Al-
though a range of macrophage chemokines are produced by hypoxic tumour cells,
including CSF-1, VEGF-A, CCL2 and CCL5, for simplicity we consider only CSF-1
and its effect on macrophages and assume that this is representative of the response
of macrophage to other chemokines expressed by hypoxic tumour cells. This choice
reflects interest in the CSF-1 receptor as a target for immunotherapy: emactuzumab,
an anti-CSF-1R antibody, is currently in Phase I trials at Roche (Pradel et al., 2018,
2016). Treatment with CSF-1R inhibitors is theorised to bias macrophages towards
an anti-tumour phenotype, as well as preventing tumour recruitment of macrophages
through expression of CSF-1.

Previous mathematical models of macrophage chemotaxis within avascular tu-
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mour spheroids and vascular tumours also model only one chemoattractant. A series
of models by Owen and Sherratt (1998, 1997, 1999) focus on macrophage lysis of tu-
mour cells in small, avascular tumours. They consider a single “chemical regulator”
which acts as a macrophage chemoattractant and promotes macrophage prolifera-
tion. Kelly et al. (2002) use PDEs to model macrophage infiltration into tumour
spheroids which express a generic chemoattractant, based on data from (Leek et al.,
1999) of tumour spheroids which express VEGF-A, a macrophage chemoattractant.
Webb et al. (2007) use a multiphase model to simulate macrophage infiltration into
radially symmetric avascular tumour spheroids in response to a single chemokine
expressed by hypoxic tumour cells. In addition to chemokines produced by hypoxic
tumour cells, recent models have focussed on the CSF-1/EGF (epidermal growth fac-
tor) paracrine loop (Goswami et al., 2005). In this loop, macrophages are attracted
to CSF-1 produced by tumour cells which are in turn attracted to EGF produced by
the macrophages. This loop has been modelled using PDEs and agent-based models
by Knutsdéttir et al. (2014, 2016), and is implicated in tumour metastasis. More
detail about these models can be found in Section 1.4.1, where we reviewed previous

mathematical models of macrophages in cancer.

5.2 Extensions to agent-based model to account
for macrophage chemotaxis

In this Section, we present modifications to the agent-based model which we de-
veloped in Chapter 4. We describe how microbeads and macrophages differ in our
model, the rules used to include CSF-1 production by hypoxic tumour cells, and the

force laws used to model macrophage chemotaxis.
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5.2.1 Introduction of macrophages

The model which we presented in Chapter 4 included two classes of “cell”: tu-
mour cells and microbeads. We model macrophages by modifying the rules which
apply to microbeads to account for the differences between inert microbeads and
living macrophages. The main difference in the models is that macrophages actively
move up the gradient of CSF-1. We implement this as an additional force applied
to the cell, which we describe in Section 5.2.3. The motility and malleability of
macrophages could be implemented by reducing p and adjusting D. However, in
order to retain as many similarities as possible between our investigation of passive
infiltration in Chapter 4 and this investigation of active migration, we opt to keep
these parameters the same.

We do not include macrophage phagocytosis of tumour cells, or their production
of cell killing factors such as nitric oxide (NO) or reactive oxygen intermediates
(ROIs) (Capece et al., 2013; Mantovani et al., 2002). These cell-killing phenotypes
are a key part of the models of Owen and Sherratt (1998, 1997, 1999). We note
that this behaviour is predominantly associated with the classically-activated, My,
phenotype. Tumour associated macrophages are generally considered to express
a pro-tumour, My, phenotype, particularly in the presence of CSF-1 (Kratochvill
et al., 2015; Mantovani et al., 2002). While the effect of macrophage phenotype
on tumour growth is an important one, our model does not distinguish between
different phenotypes of macrophage, and macrophages in our simulation are neither
pro-tumour nor anti-tumour. We also do not consider macrophage proliferation
or death in our simulations. Macrophages proliferate slowly, and are presumed
to have a higher tolerance for hypoxia than other cell types. By choosing not to
include macrophage proliferation or death, we can examine the effect of chemotaxis
of spheroid infiltration without needing to account for the effects of proliferation
and death on the distribution.

As a result of these modelling choices, there is no difference between macrophages
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which do not respond to chemoattractants in this Chapter and microbeads in Chap-
ter 4. By changing only the response to chemotaxis, we aim to more fully understand
the impact that chemotaxis has in the context of the advective flow examined in

Chapter 4.

5.2.2 CSF-1 production

In this Chapter we use CSF-1 as a surrogate for all macrophage chemoattractants
produced by hypoxic tumour cells, as discussed in Section 5.1.1. As CSF-1 is pro-
duced by hypoxic tumour cells (Harwood et al., 2012), we assume that viable tumour
cells in the hypoxic compartment - those with oxygen concentration w < wy, - are
the only sources of CSF-1. In particular, necrotic cells do not produce CSF-1 in our
model.

We use a reaction-diffusion equation to simulate CSF-1 production and diffusion,
with hypoxic cells acting as point sources of CSF-1. The CSF-1 concentration at a
point x and time ¢, ¢(x,t), is thus given by:

Jc

2
5 = DeVie+ Hc;a(x —x;) (5.1)

where D, is the diffusion coefficient for CSF-1, which we assume to be constant, k.
is the production rate of CSF-1 by hypoxic cells and x; indexes the hypoxic cells
in the simulation. §(x — x;) is a delta function which equals 1 when the argument
is zero, and is otherwise equal to zero. We assume that diffusion of CSF-1 takes
place on a much faster timescale then cell movement, and so as when modelling
the oxygen distribution described in Equation (4.6), we make the approximation
that 9¢/at = 0. The values in this Equation are non-dimensionalised using the same
scaling regime as in Chapter 4, described in Equation (4.4). At each simulation

timestep, we calculate the CSF-1 concentration according to the equation:
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0=DNV’c+ k. » 5(x—x;). (5.2)

To apply boundary conditions, we first specify the domain on which Equation
(5.2) is solved by surrounding the spheroid with a square of side length L, where L
is much greater than the typical size of a spheroid which reaches growth equilibrium.
We assume that the CSF-1 concentration decays to 0 at large distances from the
spheroid, and model this with Dirichlet boundary conditions, ¢(x,t) = 0, on the
boundary of the square. As for the oxygen concentration described in Equation
(4.6), we solve Equation (5.2) on the nodes of a regularly spaced triangular finite
element mesh which spans this square domain.

We note that an alternative implementation of CSF-1 concentration would be to
include decay of CSF-1 with zero-flux boundary conditions. We have chosen to use
the model described in Equation (5.2) to simplify the implementation of the CSF-1
model. The lack of CSF-1 degradation in our model means that a biologically realis-
tic CSF-1 gradient must be established by applying the far-field Dirichlet boundary
conditions described in the previous paragraph. These boundary conditions gener-
ate a CSF-1 distribution which smoothly reduces to zero at large distances from the
spheroid. In the region of interest, close to the tumour spheroid, our model gen-
erates a CSF-1 gradient which follows the approximate form expected biologically.
The CSF-1 concentration is highest at the hypoxic boundary, and decreases radially
through the quiescent and proliferative portions of the spheroid. The analysis in
this Chapter focuses on the impact of varying the sensitivity of macrophages to the
chemotactic gradient rather than on the shape of the gradient itself. Equation (5.2)
is suitable for this analysis, but care should be taken if our model is used to draw
conclusions about the precise shape of the chemotactic gradient within a tumour
spheroid.

Figure 5.1a shows an example of the CSF-1 distribution around a spheroid,

with half of the spheroid cropped away to show the distribution underneath. This
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spheroid has reached steady state, and no macrophages have been added to the
simulation. The distribution is not visibly distorted by the size of the box, but we
note that for tumours with sufficiently large steady state radii this choice of domain
shape could distort the radial symmetry of the CSF-1 distribution. In practice,
we fix L to be greater than any of the observed steady state sizes (none of the
simulations in this Chapter appear to show this type of distortion). Figure 5.1b
shows the radial cross section of the CSF-1 concentration for a spheroid at steady

state.

5.2.3 Modified force law

Previous agent-based models have implemented macrophage chemotaxis by the ad-
dition of an extra force. In their model of macrophage chemotaxis in the EGF /CSF-1
paracrine loop, Knutsdéttir et al. (2016) add a chemotactic force when the gradient
of the chemoattractant is above a threshold, although the magnitude of this force
is not specified. Following Perfahl et al. (2017), we define the chemotactic force

experienced by a single macrophage 7 as:

FY = xVe(x,t). (5.3)

We extend our previous model by adding this term to the force balance given in

Equation (4.9), which gives a new equation of motion for macrophage movement:

dXi
dt

v— =F"+F; +F; +F} (5.4)

where, as before, v is the damping coefficient, F}" is mechanical force due to inter-
actions with other cells, F! is random motility and F? is the surface tension acting
on the spheroid boundary. Physical interactions between macrophages and tumour
cells are included in the term F7", but we do not include other interactions between

macrophages and tumour cells. Specifically, in this model macrophages do not at-
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(a) Snapshot showing CSF-1 distribution. Cells are coloured according to oxygen concentration,
and the background shows CSF-1 concentration. Half of the spheroid is hidden to make the CSF-1
distribution visible, with dashed lines showing the approximate boundaries of the different tumour
compartments. (wq = 0.5, wy, = 0.3, n =32, D, =1, k. = 0.01 and L = 100).
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(b) Radial distribution of CSF-1. Dashed lines show approximate boundaries for hypoxic (ma-
genta), quiescent (blue) and proliferative (red) compartments. (wq = 0.5, wy, = 0.3, n = 16,
D.=1, k. =0.01 and L = 100).

Figure 5.1: Examples of the spatial distribution of CSF-1 associated with spheroids
at steady state.
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tack tumour cells as in (Owen and Sherratt, 1998, 1997, 1999). Macrophages also
do not produce pro-tumour growth factors in our model (Seager et al., 2017; Sousa
et al., 2015). Macrophage phenotype is crucial in determining their behaviour, but
is dependent on the tumour microenvironment and cannot be inferred from the
data available to us. As a result, we choose not to include either pro-tumour or
anti-tumour behaviour in this model. Instead of focussing on the impact of the tu-
mour environment on macrophage phenotype, our model considers the effect of the
tumour composition on macrophage location. This simplification allows the role of
chemotaxis to be evaluated directly by comparing the distribution of macrophages
for varying y, without confounding effects introduced by varying macrophage phe-
notype.

We introduce one more new parameter to our model, t,qq, Which is the time
at which we add macrophages to the spheroid. In Chapter 4 this parameter was
fixed at t,qq = 300 hours, when all spheroids were assumed to have reached their
steady state size. When y = 0 and t.qq = 300, our parameter choices match those

in Chapter 4.

5.3 Impact of chemotaxis on macrophage velocity
and waiting time

Prior to adding macrophages, spheroid growth follows the same dynamics as those
described in Section 4.4. In Chapter 4, we investigated the effect that varying
parameters associated with spheroid composition had on the passive infiltration of
inert microbeads. In this Section, we compare the average radial velocity and waiting
times that we described for microbeads in Chapter 4 with those of macrophages in
response to chemotaxis and consider the effect of varying the chemotactic sensitivity
coefficient, x. Throughout this Chapter, we vary y while keeping D, and k. constant.

In Figures 5.2 - 5.10 we compare macrophage infiltration into two spheroids
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generated using the same parameter set (n = 32, wy, = 0.3, wqy = 0.5, 7, = 8,
where 7 is the average cell cycle length, wy and w, are the oxygen thresholds for
hypoxia and quiescence, and 7, is the critical duration of hypoxia which induces
cell death.) Macrophages were added after t,qq = 300 hours of spheroid growth,
and the simulations differ only in the value of y. In one spheroid, macrophages
are insensitive to chemotaxis (x = 0) while in the other chemotaxis is relatively
strong (x = 10). The results shown in these Figures are representative of a range
of parameter values, and we investigate the effect of varying 7,,  and w, in Figure
5.9.

Figure 5.2 shows snapshots from these simulations when the macrophages are
added, and again after 2 days and 4 days. The spheroid on the left has y = 0, and on
the right x = 10. Two differences in macrophage distribution are apparent from these
simulation results. Firstly, when chemotaxis is not present several macrophages
move away from the spheroid into the extracellular space. This behaviour was also
observed in the microbead experiments in (Dorie et al., 1982), who reported that
many of the microbeads would not adhere to the spheroids. In contrast, when xy > 0,
all of the macrophages are adhering to the spheroid rim or infiltrating the spheroid.
Secondly, when y = 0 only a few macrophages have reached the edge of the necrotic
region after 96 hours. When x > 0, a large number of macrophages have localised
within the necrotic core. Experimentally, macrophages under these severe hypoxic
conditions would eventually die themselves, but we do not include macrophage death
in our simulations.

In Figure 5.3 we show the proportion of macrophages in each tumour compart-
ment over time, averaged over 20 realisations of the same parameter sets. Pro-
portions are coloured according to the colour scheme previously used for tumour
compartments, but we have introduced a green compartment in Figure 5.3 which
shows the proportion of macrophages which are in extracellular space and have not

infiltrated the tumour. Figure 5.3 shows that when y > 0 almost all macrophages
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Timme: 300 hours

Time: 348 hours

Time: 396 hours

Figure 5.2: Comparison between macrophage infiltration in two identical spheroids,
with no chemotaxis on the left (xy = 0) and high chemotaxis on the right (y = 10).
Screenshots are shown when macrophages are added at ¢ = 300 hours, after 2 days,
and after 4 days. (Parameters for both spheroids: n = 32, w, = 0.3, wq = 0.5, 7, =
8)
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(a) Proportion of macrophages in different tumour compartments over time (x = 0).

1.0
0.8
0.6

0.4

Proportion of macrophages

0.2

0.0

Time (hours)

(b) Proportion of macrophages in different tumour compartments over time (x = 10).

Figure 5.3: Proportion of macrophages in different tumour compartments over time
in the presence of absence of chemotaxis (average over 20 realisations). Macrophages
are more likely to enter the spheroid when yx is high, and infiltrate to internal
compartments faster than when x = 0. (Parameters for both spheroids: n = 16, wy,
=03, wy =05, 7, =38)

Cyan = necrotic, magenta = hypoxic, blue = quiescent, red = proliferative, green
= outside the spheroid.
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eventually infiltrate the spheroid. In contrast, when y = 0 approximately 10% of
macrophages have not begun to infiltrate after 100 hours. Figure 5.3 also shows that
when y = 10 macrophages reach the quiescent, hypoxic and necrotic compartments
of the tumour faster than when y = 0.

From Figures 5.2 and 5.3, we conclude that chemotaxis increases macrophage
infiltration. Figure 5.4 demonstrates that although chemotaxis causes macrophages
to infiltrate at a faster radial velocity, the increase in velocity varies in different
compartments of the tumour. In Figure 5.4a, we show the average radial velocity
of a macrophage (x = 10) and a microbead (x = 0) as a function of distance from
the spheroid centre, averaged over 20 realisations of a representative parameter
set. In both cases, average radial velocity is slower in the proliferative rim of the
tumour compared with either the hypoxic or quiescent compartments. The slow
movement in the proliferative rim is representative of the waiting time, and is caused
by proliferation pushing macrophages either towards the spheroid centre or outwards
towards the rim. Velocity increases in the quiescent region as the interplay between
proliferation and death causes the macrophage to move with the advective flux. In
both regions, increasing chemotaxis causes a slight increase in average radial velocity
inwards, but as average velocity in the proliferative rim is lower than in the quiescent
region, the effect of chemotaxis is more noticeable here.

Figure 5.4a shows that in the necrotic compartment of the tumour, higher chemo-
taxis causes macrophages to move inwards more slowly than microbeads. This im-
plies that active migration towards CSF-1 is resisting the passive advection of cells in
this area, rather than aiding it, although we note that the low number of microbeads
which reach the necrotic region makes this observation potentially unreliable. In the
hypoxic compartment, the difference between the infiltration velocities for xy = 0 and
x = 10 disappears. This difference can be seen in Figure 5.4b, which shows the dif-
ference between the infiltration velocities for y = 0 and x = 10. The change in the

velocity of macrophages caused by increasing chemotaxis is approximately constant
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(a) Comparison of the average radial velocity of microbeads (x = 0) and macrophages (x = 10) as
a function of radial distance from the spheroid centre (+ Standard Error).
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(b) Difference in average radial infiltration velocities between x = 0 and x = 10 (+ Standard
Error). Negative differences show that chemotaxis is causing an increase in velocity towards the
spheroid centre, and positive differences show that it is reducing inward radial velocity.

Figure 5.4: Velocity of microbeads or macrophages as a function of radius from the
spheroid centre averaged over 20 realisations of spheroids with n = 16, wy, = 0.3, wq
=057, =8

The radius of tumour compartments is shown by colour: Cyan = necrotic, magenta
= hypoxic, blue = quiescent, red = proliferative.
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Figure 5.5: CSF-1 concentration associated with the spheroids described in Figure
5.4, with approximate compartment boundaries marked by dashed vertical lines.

in the proliferative and quiescent regions, but increases in the hypoxic region until
the difference vanishes at the inner boundary of the hypoxic region, which is where
cells stop producing CSF-1.

The results in Figure 5.4 represent an average of 20 realisations of one parameter
set. To show that the effect of chemotaxis is to produce similar behaviour in the same
spheroid compartments across parameter sets, in Figure 5.6 we consider the average
behaviour across a range of parameter combinations. As varying the spheroid growth
parameters causes the relative compartment sizes to change, we show the difference
in average velocity across each compartment by first normalising the radius of the
compartment. If R(w) is the steady state spheroid radius at which the average
oxygen concentration is w, then for a given parameter set the proliferative rim is
r such that R(w,) < r < R(1). For each spheroid, we map this interval onto the
interval (0, 1]. Figure 5.6 shows a schematic of this process applied to two different
parameter sets (top), as well as the average difference in velocities for all parameter
sets in the proliferative rim (n = 36 parameter sets). Each value of x causes a
small increase in macrophage infiltration velocity close to the spheroid boundary

at R(1). The velocity increase in the inner 60% of the proliferative rim is more
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Figure 5.6: Average effect of adding chemotaxis on radial velocity in the proliferative
compartment of spheroids with different widths, averaged over 20 realisations each
for 36 parameter sets. The upper two graphs demonstrate how the proliferative rim
of each parameter set is normalised onto the region (0,1].
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pronounced, and is approximately constant. Figure 5.7 follows the same protocol
as Figure 5.6, but for the quiescent compartment. It confirms that increasing x
causes macrophages to move through the quiescent compartment at a higher radial
velocity. The difference is approximately constant, although there is a noisy region
close to the boundary of the hypoxic compartment at R(wy).

In Chapter 4, microbeads passively infiltrated the spheroids with an approx-
imately constant velocity, but with a delay (or “waiting time”), caused by the
birth of new cells pushing microbeads away from the spheroid centre. In Figure
5.8 we compare the trajectories taken by microbeads in Figure 4.11a with those of
macrophages responding to chemotaxis, and note that macrophages follow similar
trajectories, although macrophages appear to spend less time in the initial phase
waiting close to the spheroid boundary. In Section 4.5, we assigned each microbead
a waiting time and an infiltration velocity based on the time at which they crossed
a threshold of 80% of the spheroid radius. We use the same methodology in Figure
5.9a to assign average velocities to macrophages as we vary 7, wq, X and t,qq. Figure
5.9a shows that increasing x from 0 to 10 leads to an increase in average macrophage
radial velocity of between 0.02 and 0.1 cell widths per hour. This increase is small
compared to the effect of varying n and wy, which can cause an increase of up to
0.4 cell widths per hour. The time at which macrophages are added, t.qq, does not
have a strong effect on the average macrophage infiltration velocity.

We also showed in Chapter 4 that the microbead “waiting time”, the average
time taken for a microbead to cross the proliferative rim, depended on 7 and wq.
We repeat this analysis in Figure 5.9b, where we also vary x and t,qq. Although
varying t.qq has no effect on waiting time, increasing y is associated with a reduced
waiting time for every combination of parameters considered.

We note that the effect of increasing y is more significant in comparison with
varying 1 and w, for the waiting time than for the average macrophage velocity.

Varying any one of x,  or w, the range of values tested causes waiting times to
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(a) Trajectories from 10 random beads from a simulation with wq = 0.5, wp, = 0.3, n= 16, 7,= 8
(reproduced from Figure 4.11a)
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(b) Trajectories from 10 random macrophages from a simulation with the same parameters as
Figure 5.8a, but with xy = 10.

Figure 5.8: Trajectories of microbeads (Figure 5.8a) and macrophages (Figure 5.8b)
infiltrating a tumour spheroid generated with the same parameters. The most no-
table difference is that the macrophages responding to chemotaxis spend less time in
the Brownian motion dominated regime at the spheroid edge than the microbeads.
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Figure 5.9: Effect of varying 7, wq, x and t,qq on the average velocity and waiting
time of infiltrating macrophages. For this parameter sweep, we fix wy = 0.3.
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change by approximately 10 hours. In contrast, the velocity change caused by
varying x by the same amount is approximately 4 times less than varying 7 or wq.

These results indicate that although chemotaxis is associated with a slight in-
crease in the average velocity of macrophages which have crossed the prolifera-
tive rim, it has a stronger effect in helping macrophages to cross the proliferative
rim. This interpretation explains why the proportion of macrophages reaching the
necrotic core shown in Figure 5.3 is much higher for high y, even though the velocity
profiles shown in Figures 5.4, 5.6 and 5.7 differ by only around 0.01 cell widths per
hour. The speed of the advective flow from the proliferative rim to the necrotic core
is independent of y, but increasing y allows macrophages to reach this advective

zone faster by helping them cross the proliferative rim.

5.4 Effect of chemotaxis on macrophage distribu-
tion

In Section 5.3, we concluded that increasing y causes increased macrophage infil-
tration by reducing the time that they spend in the proliferative rim. This allows
them to take advantage of the advective flow from the proliferative rim towards the
necrotic core. In this Section, we reinforce this interpretation of the role of chemo-
taxis by considering how the shape of the macrophage distribution changes over
time in the presence or absence of chemotaxis.

In Figure 5.10 we present two example sets of histograms which show the dis-
tribution of infiltrating macrophages as a function of the radial distance from the
spheroid centre. These histograms were obtained by averaging over 20 realisations
each of simulations conducted with the parameter set used in Figures 5.2 - 5.4 and
with either y = 0 (Figure 5.10a) or x = 10 (Figure 5.10b). As time elapses, both
distributions travel radially inwards with peak densities which remain close to the

spheroid boundary. The profiles disperse over time, as observed in Chapter 4. Even-
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Figure 5.10: Histograms for low chemotaxis (left: x = 0) and high chemotaxis (right:
x=10). The black dashed line shows the spheroid boundary.

tually, a second peak forms close to the spheroid centre. Our results from Chapter 4
indicate that this behaviour is caused by the movement of individual macrophages
leaving the spheroid boundary and eventually accumulating at the spheroid centre,
where they accumulate due to the absence of macrophage death in our model.

In this Section, we use distributions like those pictured in Figure 5.10 to approx-
imate our discrete model, and describe how the shapes of these waves are affected by
chemotaxis. For the examples shown, we hold all parameters apart from y constant
(n =16, wy, = 0.3, wq = 0.5, 7, = 8, taqa = 300) and consider the effect of varying x
on three properties, which we define in Section 5.4.1: the velocity of the wavefront of
the distribution, the interquartile range of the distribution and the wave skewness.

Our simulations show that the peak of the wave does not move continuously, but

169



5.4. EFFECT OF CHEMOTAXIS ON MACROPHAGE DISTRIBUTION

instead remains stationary near the spheroid boundary. The magnitude of this peak
decreases as individual cells move towards the spheroid centre, and once enough cells
have accumulated there the mode of the distribution shifts to the spheroid centre
(results not shown). Other parameter sets which we have examined exhibit the same

behaviour.

5.4.1 Statistics which describe macrophage distribution shape

In this Section we describe the shape of the macrophage distribution using three
summary statistics, which we describe below: the wavefront velocity, the interquar-

tile range and the skewness.

Wavefront velocity

The waves formed by the evolution of the macrophage distribution over time have
a leading edge which consists of a small number of macrophages. We define the
location of the wavefront of the distribution as the smallest radial distance from
the spheroid centre which has non-zero macrophage density. It is likely that for
many distributions this wavefront consists of a single macrophage transiting from

the proliferative rim to the necrotic core.

Interquartile range

The interquartile range is a commonly used measure of dispersion which is useful
when data is not normally distributed (Upton and Cook, 1996). For our distribu-
tion, the interquartile range is defined as the distance in cell widths between the
25th and 75th percentile of the macrophage distribution. A low interquartile range
indicates that most macrophages are clustered, while a high interquartile range can

be interpreted as dispersion of the macrophage distribution.
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Skewness

Figure 5.11, reproduced from (Doane and Seward, 2011), shows example distribu-
tions with negative skew (left), no skew (middle) or positive skew. There are many

ways to define the skewness of a distribution (Doane and Seward, 2011; Upton and

Cook, 1996).
Skewed Left Symmetric Skewed Right
One Mode Bell-Shaped One Mode
Two Modes Bimodal Bimodal
B ﬁ % ( { % S
Left Tail Extremes Uniform (no mode) Right Tail Extremes

Figure 5.11: Representative histograms demonstrating skewed distributions, repro-
duced from Figure 2 in (Doane and Seward, 2011). Left: Distributions with negative
skew. Middle: Unskewed distributions. Right: Distributions with positive skew.

Pearson’s first skewness coefficient, defined as

mean — mode

standard deviation (5.5)

is perhaps the most commonly used (Upton and Cook, 1996), but it does not work
well for bimodal data. From Figure 5.10, we expect the mode of the macrophage
distribution to remain near the spheroid boundary until the distribution becomes
temporarily bimodal when the number of macrophages at the centre matches the
number remaining in the proliferative rim. At this point, we expect the mode to
abruptly switch to the spheroid centre. This makes Pearson’s first skewness coeffi-
cient discontinuous over time, and it is dominated by the distance of the wavefront

from the spheroid edge rather than accurately capturing skewness for the observed
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distributions (results not shown). Instead, we use Pearson’s second skewness coeffi-

cient:

3(mean — median)

standard deviation (5.6)

as it is independent of the distribution mode. The median of our distribution moves
continuously over time, so we expect the second skewness coefficient to be continuous
with time. Pearson’s second skewness coefficient does not rely on knowledge of the
form of the underlying distribution. A skewness of 0 indicates that a distribution is

symmetric.

5.4.2 Effect of chemotaxis on wave velocity
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Figure 5.12: Effect of increasing x on the radius of the distribution front, averaged
over 15 realisations for each x. The wavefront velocity is similar for different values
of x, but moves towards the spheroid centre at earlier times for larger x.

Figure 5.12 shows the radial distance of the wavefront from the spheroid centre
over the 100 hours after the macrophages are added to the simulation. We show
the radial distance of the wavefront from the spheroid centroid averaged over 15

realisations of each parameter set, for 5 different values of y. Figure 5.12 reinforces
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the conclusions from Section 5.3 regarding the effect of chemotaxis on the average
macrophage velocity, as the trajectories follow approximately parallel courses. This
indicates that varying y has little effect on the velocity at which the wavefront is
moving. The wavefronts follow similar trajectories to the bead trajectories identified
in Figure 4.11 and Figure 5.8, which we interpret as suggesting that the wavefront
trajectory is essentially the trajectory of the macrophage with the shortest waiting
time. The wavefront trajectories shown in Figure 5.12 are therefore consistent with
the conclusions reached in Section 5.3, as they indicate that increased chemotaxis
reduces macrophage waiting time but has a relatively small effect on infiltration

velocity.

5.4.3 Effect of chemotaxis on wave interquartile range
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Figure 5.13: Effect of increasing y on the interquartile range of the macrophage
distribution. Distributions become more dispersed over time until reaching a max-
imum. After this time, the macrophage distribution becomes more clustered as
macrophages accumulate in the spheroid centre.

Figure 5.13 shows the interquartile range of the wave over time, which we use to
quantify how the spatial dispersion of the distribution changes. For each value of x

the interquartile range initially grows, showing dispersal of the wave. Higher chemo-
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taxis causes a faster increase in the interquartile range, which supports the interpre-
tation that chemotaxis causes macrophages to start moving towards the spheroid
centre at earlier times. For x > 5 the interquartile range reaches a maximum and
begins to reduce, with the height of this maximum decreasing as macrophages be-
come more sensitive to chemotaxis. The curves for x < 5 exhibit signs of the same
behaviour, but do not reach their maximum value before the end of the simulation.

We interpret the maxima of the interquartile ranges as marking the point at
which macrophages are maximally dispersed across the spheroid radius. At first, the
interquartile range increases as macrophages leave the proliferative rim and move
away from the peak at the spheroid edge. Once a critical mass of macrophages
have accumulated in the spheroid centre, the interquartile range begins to reduce
as macrophages which leave the spheroid rim are moving towards the mass of
macrophages rather than away from it. Simulations with high chemotaxis sensi-
tivity reach this point faster as the waiting time of macrophages in the spheroid
rim is shorter. This also explains why the interquartile range is lower in simulations
with higher chemotaxis sensitivity, as macrophages leave the spheroid rim in faster
succession and are thus less dispersed across the domain when they begin clustering

at the spheroid core.

5.4.4 Effect of chemotaxis on wave skewness

In Figure 5.14 we show the effect of varying y of the skewness of the macrophage
distribution. Figure 5.14 shows that while macrophage distributions are initially
approximately symmetric, with skewness close to 0, the skewness eventually reaches
a minimum. This minimum can be interpreted as representing the shape of the
distribution when the median macrophage transits from the spheroid rim to the core.
From this minimum, the skewness gradually increases until the distribution is once
again symmetric, with the peak at the spheroid boundary approximately balanced by

the peak at the spheroid centre. The continuing movement of macrophages towards
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Figure 5.14: Effect of increasing x on the skewness of the moving distribution. The
points marked A, B and C correspond to histograms with positive skew, small skew,
and negative skew respectively.

the necrotic core causes the skewness to increase until no macrophages are left in the
proliferative rim and the increase in skewness stops. This behaviour happens faster
when y is high, and so the size of the skewness at the stationary points is lower
in these cases. This indicates that although the increase in macrophage infiltration
velocity and decrease in waiting time cause the distribution to become skewed faster
for high x than in simulations with lower sensitivity to chemotaxis, simulations
without chemotaxis exhibit more extreme skewness. In simulations with low waiting
times, the peak at the spheroid boundary shrinks rapidly and the dispersal of the
distribution has less impact on the overall asymmetry of the distribution.

In Figure 5.15 we plot the skewness of the distribution as a function of both
the mean (Figure 5.15a) and the median (Figure 5.15b) macrophage distance from
the spheroid centre. In this way, we can compare the infiltration distributions when
the distances of the average macrophage from the centre are aligned, rather than
at the same timepoints. Figure 5.15 supports our interpretation of Figure 5.14,
showing that the transition from negative skewness to positive skewness is due to

the average macrophage density switching from being in the proliferative rim to
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Figure 5.15: Skewness as a function the average macrophage in the distribution, for
both the mean (Figure 5.15a) and median (Figure 5.15b) macrophage.
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being in the spheroid centre. As the location of the median/mean of the distribution
moves towards the spheroid centre, the profile switches from an increasingly negative
skewness to an increasingly positive one. The movement of individual macrophages
causes a jump in the location of the wave peak from the boundary to the core,
with the transition being triggered by the movement of the “average” macrophage

location from the outside of the spheroid to the inside.

5.4.5 Conclusions: effect of chemotaxis on macrophage in-

filtration

The results presented in Sections 5.3 and 5.4 reach a complementary conclusion
based on the velocities and waiting times of individual macrophages and on the
shape of the macrophage distribution. This conclusion is that increasing the sensi-
tivity of macrophages to CSF-1 results in increased macrophage infiltration. From
our agent-based model, we conclude that increased infiltration is caused by individ-
ual macrophages passing through the proliferative rim more easily in the presence
of chemotaxis, rather than being due to macrophages moving faster once they have
crossed the proliferative rim. Chemotaxis provides a direction to macrophage move-
ment within the proliferative rim, and in the absence of this direction macrophage
movement is dominated by the interaction with proliferating cells. Cell proliferation
can push macrophages in the proliferative rim either towards the spheroid centre or
the spheroid edge, but increased chemotaxis causes macrophages to resist the forces
pushing them away from the spheroid core.

Kelly et al. (2002) were able to reproduce in a PDE model experimental results
by Leek (1999) which show increased infiltration of macrophages into spheroids that
produce chemoattractants. These results match the observations from our agent-
based model: in the presence of chemotaxis, more macrophages will have infiltrated
a spheroid after a fixed time, and those macrophages which have not infiltrated the

spheroid will remain localised near the spheroid edge. One discrepancy between
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(Kelly et al., 2002) and (Leek, 1999) is that in the absence of chemotaxis, the peak
of the macrophage distribution is observed to be inside the spheroid but close to
the edge, while (Kelly et al., 2002) suggests that the peak should be outside the
spheroid. The authors conclude from this that a small amount of chemoattractant
is likely to be produced in the experiments. However, our simulations indicate that
this behaviour arises (see, e.g., Figure 5.10b) in silico. Macrophage density in the
PDE model of (Kelly et al., 2002) moves only via chemotaxis or random motion. Us-
ing an agent-based framework allows us to identify another influence on macrophage
motion, namely the intercellular forces produced by the proliferation of tumour cells
at the spheroid rim. In the absence of chemotaxis, the forces generated by this
proliferation are sufficient to trap macrophages within the tumour, but close to the
boundary, as observed by Leek (1999). These forces are still present in spheroids
which produce chemoattractant, but increased chemotaxis allows macrophages to es-
cape from this region more quickly than they would otherwise be able to. Hence for
spheroids with the same composition, waiting time is heavily influenced by chemo-
taxis (Figure 5.9b) while the velocity with which infiltrating macrophages move
towards the spheroid centre is only slightly increased (Figure 5.9a). These results
have implications on what we can learn about in vitro spheroids based on infiltration

studies, which we discuss in Section 5.6.

5.5 Infiltration in in vivo tumour geometries

In this Section, we extend the agent-based model of tumour spheroid infiltration
described in Chapters 4 and 5 by combining it with the image analysis pipeline
described in Chapters 2 and 3 to describe macrophage infiltration in vivo. We
present preliminary results based on an example drawn from the Pugh lab dataset
of head and neck tumour images described in Section 2.2.2.

The multiple stains for oxygen in the Pugh lab dataset have parallels with the
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Figure 5.16: Overview of the process by which our image analysis pipeline can be
used to prescribe initial conditions for an agent-based model.

oxygen environments used in our agent-based modelling of tumour spheroids. In
our spheroid simulations we distinguish between normoxic, quiescent, hypoxic and
necrotic tumour regions. As CAIX indicates less severe hypoxia than pimonidazole
(Rademakers et al., 2011; Varia et al., 1998), the borders of these stains can be used
to define contours of constant oxygen concentration which we can map onto our
model compartments.

The contours of the oxygen environments can be obtained directly from our image
analysis pipeline. In Figure 5.17 we show the composite mask produced by our image
analysis pipeline in which PanCK, CAIX and CDG68 stains have been identified and
aligned for a 2mm X 2mm region of a head and neck tumour. We have chosen
this image as it contains a wide range of tumour environments including stroma,
normoxia, quiescence, hypoxia and necrosis. We use our image analysis pipeline
to estimate the oxygen concentration across the domain, and to prescribe initial
conditions for an agent-based simulation. An overview of this process is shown in
Figure 5.16. In this Section, we fix the oxygen concentration along the borders of

each of these stains (and the stain for pimonidazole, not pictured) to correspond with
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Stain CAIXT CAIX~
Pimonidazole™ 0<w<uwy wh < w < wy
Pimonidazole™ N/A wg<w<1

Table 5.1: Choices of oxygen threshold based on histological stains for oxygen

wy and wy (the choices made for this example are shown in Table 5.1.) We assign
oxygen concentrations between the stain boundaries by interpolating between 0, wy,,
wq and 1 as appropriate for the regions defined in Table 5.1. In necrotic regions we

set w = 0.

(a) CAIX stained image showing the geometry (b) Composite mask produced by our image
of the region which we wish to model. analysis pipeline.

Figure 5.17: A 2mm X 2 mm region of interest from one of the head and neck tumour
samples in the Pugh lab dataset used to provide a realistic geometry for agent-based
modelling.

To initialise an agent-based simulation with this information we downsample
the oxygen classification masks in Figure 5.17 so that one pixel corresponds to a
cell width squared in our models. For a 2mm x 2mm region and an assumed
cell width of 20 um, this results in a composite mask which is 100 x 100 pixels.
We assign each one of these new pixels the oxygen environment which dominates
the relevant 20 um x 20 um region of the full composite mask. We then assign

oxygen concentrations to the nodes of a regular triangular finite element mesh which
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spans the domain. Since in this example we fix the oxygen concentration rather
than update it using the PDE, we use the mesh only for the linear interpolation of
oxygen values for cells which are in between nodes of the oxygen mesh. This oxygen
distribution can now be used as the backdrop for agent-based modelling of the in

vivo geometry.

5.5.1 Adaptations to the mathematical model

Using our agent-based model to simulate in vivo geometry requires some modifica-
tions of the mathematical model. In particular, the oxygen concentration throughout
the domain is fixed and therefore not updated via the PDE described in Equation
(4.6). The cell cycle rules describing tumour cell proliferation and death described in
Section 4.3.3 still determine the behaviour of cells, but cells no longer act as oxygen
sinks. We also add stromal cells to the model to occupy space, and add boundary
conditions to confine cells to the domain. We describe these modifications in the
rest of this Section.

Our decision to keep the oxygen concentration profile constant is due to practical
limitations in the data available. We are restricted by the lack of knowledge of the
position of blood vessels throughout these tumours. As such, we cannot define the
location of oxygen sources in the tissue sample. A more sophisticated approach
could be to use the oxygen boundaries to predict where the sources of the oxygen
should lie in the domain. It must also be noted that histological images provide
a 2D slice through the tumour, while in vivo the 3D tumour geometry is more
complex. Mathematical models of vascular remodelling can be highly intricate, and
accurately fitting a vascular model to either 2D or 3D imaging data is a challenging
task (Perfahl et al., 2017; Kim et al., 2012). While integrating our model with
this type of vascular data would make it more biologically realistic, it is beyond
the scope of both our data and our current model. We therefore assume that the

vasculature is sufficiently stable on the timescale of the simulation that oxygen
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sources are constant. We further assume that the movement of tumour cells does
not significantly alter this distribution during the simulation. This assumption is
partially justified through observation of spheroid models, in which individual cells
move through the spheroid but the bulk behaviour at steady state means that the
oxygen distribution in the domain remains steady:.

Another modification to our model is the inclusion of stromal cells based on the
histological data. We introduce stromal cells in order to keep the tumour boundary
approximately steady, justifying the assumption that the oxygen distribution in the
domain is fixed. These also account for one of the key differences between tumour
spheroids and in vivo tumours, which is the presence of a surrounding tissue matrix
which resists tumour growth. All PanCK™ regions of the domain are therefore
populated by stromal cells. The presence of stromal cells removes the need for the
surface tension force present in the spheroid models, which is therefore removed from
these simulations. Stromal cells in our model are identical to tumour cells in almost
all respects: they progress through the cell cycle in exactly the same way as tumour
cells, and can proliferate or die through the same mechanisms. The only difference
between the cell populations in our model is the proliferation rate: tumour cells are
assumed to have a proliferative advantage, which we model by doubling the average
cell cycle time for stromal cells in comparison to that of tumour cells.

We must also apply boundary conditions for the cells in our model to prevent
cells leaving the domain. We confine cells to the 2mm x 2mm on which the oxygen
concentration is defined by placing cells which attempt to leave back on the boundary
of the domain at the nearest point. While this may introduce edge effects, we note
that the vast majority of cells in our simulations are not close to the region boundary
and therefore do not account for edge effects in this preliminary example.

We initialise the model by placing cells in contact on a square lattice separated
by 20 pm. Macrophages are seeded randomly throughout the stroma at a density of

5% of that of the stromal cells. While it would be possible to initialise the model us-
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ing macrophage locations identified from Figure 5.17b, we choose to initialise them
in the stroma to compare the rates of infiltration in simulations with no chemo-
taxis and high chemotaxis, mirroring the spheroid simulations conducted earlier in
this Chapter. This, along with other potential applications of this combination of

imaging and modelling, is discussed in Section 5.6.

5.5.2 Macrophage response to chemotaxis: in vivo simula-

tions

In this Section we present preliminary results regarding the effect of chemotaxis
in n vivo tumour geometries. More work is required to establish detailed results,
and these results are intended as a preliminary demonstration of how our imaging
pipeline and agent-based modelling can be combined.

Figure 5.18 shows a typical snapshot of a simulation initialised using the his-
tological images shown in Figure 5.17. The domain is 2mm X 2mm, but necrosis
has caused the lower-left portion of the tumour to die away, leaving a void. This
effect is observed both in wvivo and in vitro (Ma et al., 2012), and can be seen in
Figure 5.17a. Proliferation of tumour and stromal cells causes the tumour boundary
to shift and causes tumour and stromal cells along the boundary to mix, blurring
the boundary. Additional snapshots of this simulation can be seen in Appendix E,
along with simulations based on different tumour geometries.

The comparison presented in this Section is between two simulations conducted
in this in vivo geometry. Both simulations use the same geometry and initial condi-
tions, and differ only in the chemotaxis sensitivity coefficient, x. In one simulation
X = 0 (“no chemotaxis”), and in the other x = 10 (“with chemotaxis”).

As we do not initialise macrophages along the tumour boundary, we cannot
compare the distributions in terms of distance from the edge of the tumour in the
same way as we have previously in our spheroid models. As such, our analysis is

based on the velocities of the macrophages. In Figure 5.19 we present the average
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Figure 5.18: Snapshot of agent-based model initalised using the geometry in Figure
5.17. The oxygen concentration at each point is defined by the detected stains shown
in Figure 5.17b: Necrotic / pimonidazole™ regions are defined to be hypoxic, CAIX™*
regions are quiescent, PanCK™ regions are populated with proliferative tumour cells
and PanCK™ regions are populated with stromal cells. Stroma cells are shown in
orange, regardless of their oxygen concentration, but their progress through the cell
cycle and probability of death are dependent on oxygen concentration in the same
way as for the tumour cells. All other cells are coloured according to the same rules
as previous simulations. The image shown is after ¢ = 50 hours. Snapshots from
other timepoints and for other tumour geometries can be seen in Appendix E.
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Figure 5.19: Histograms showing the mean speed of macrophages in realistic ge-
ometry simulations, in the absence and presence of chemotaxis. The dashed red
line shows the median average speed of macrophages across the simulation. In the
absence of chemotaxis, macrophages appear to move much more slowly than when
it is present.

speed of each macrophage across both simulations (n =~ 580). The peak of both
distributions occurs at low speeds of approximately 0.01 cell widths per hour. How-
ever, the distribution of the average speeds of macrophages which move according to
chemotaxis has a much larger tail, with many more macrophages moving at higher
speeds than in the simulation without macrophages. The dashed red line indicates
the median macrophage speed in each simulation; the median speed of macrophages
in the presence of chemotaxis is much higher than that in the simulation without
chemotaxis.

In Figures 5.20 and 5.21 we show how the average speed of macrophages changes
at different locations in the domain. Figure 5.20 visualises the average speed of
a macrophage placed at a given point in the domain, and Figure 5.21 shows the
trajectories of macrophages starting at different places in the domain. In both

simulations, we see that the regions of high velocity coincide with the edges of
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2.5.

Figure 5.20: Heatmaps showing the average speed of cells throughout the simulation.

Cells close to necrotic regions move much faster than those in the stroma.

Velocity
(mm per

| 72
-3

hour)

‘o

10
10

Kz xs./ /Lf/

/\A/r:\ -

Velocity
(mm per
hour)

=10

(b) x

Figure 5.21: Particle paths throughout the simulation. Macrophages move faster
close to the necrotic regions, both in the presence and absence of chemotaxis.
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necrotic regions. The lowest velocities in the tissue occur in the stromal regions.
These regions are the most distant from necrotic regions, and the stromal cells
proliferate slowly. Results from Chapters 4 and 5 indicate that large values of 7
and large proliferative regions are both associated with slower movement. This is
because movement in these areas is dominated by random cell proliferation rather
than by the advective flux towards necrotic regions, and hence macrophages in a
large stromal region with a slow proliferation rate will move slowly.

Although Figure 5.19 indicates that macrophages move faster in the simula-
tion with y = 10, Figure 5.20 shows that the movement of macrophages at any
given point in the domain appears to happen at comparable speeds between the
simulations. This indicates that macrophages in simulations with chemotaxis must
spend more time in the “faster” parts of the tissue than in the “slower” parts. This
reinforces the results from our spheroid simulations, which indicate that chemo-
taxis causes macrophages to move through the proliferative rim faster, and suggests
that chemotaxis plays a key role in drawing macrophages from the stroma towards
necrotic regions.

Figure 5.22 supports the interpretation that chemotaxis draws macrophages from
the stroma towards necrosis. It shows the time taken for each macrophage to move
from their randomly seeded positions in the stroma to the boundary of the quiescent
region. The median time taken for a macrophage to reach the quiescent region is 51
hours in the presence of chemotaxis, but 112 hours without it.

Our model suggests that although chemotaxis increases the speed of infiltrating
macrophages, its main role is to facilitate the movement of macrophages towards
regions where passive migration is strong. Passive movement in our model acts like a
conveyor belt, and the speed of the conveyor is the dominant driver of macrophage
movement in the model. The role of chemotaxis is to move macrophages onto
this conveyor - the increase in infiltration velocity due to chemotaxis is small in

comparison with the impact of the tumour cell proliferation/death balance, but

187



5.6. DISCUSSION

140 No Chemotaxis 140 With Chemotaxis

120 120

100 100

80

Fre«

60

40

20

Time to quiescence

(a) x=0

Figure 5.22: Histograms showing the time taken for macrophages in realistic geome-
try simulations to reach the quiescent (CAIX) boundary, in the absence and presence
of chemotaxis. The dashed red line shows the median time taken for macrophages
to leave the proliferative zone. Macrophages which remained in the stroma or pro-
liferative parts of the tumour are included in the final bin.

without active recruitment of macrophages by chemotaxis they are less likely to

reach the conveyor.

5.6 Discussion

In this Section, we have extended the agent-based model presented in Chapter 4 to
include the production of CSF-1 by hypoxic tumour cells, and to include macrophage
chemotaxis along the resulting CSF-1 gradient. In our model, chemotaxis is associ-
ated with only a small change in the velocity at which macrophages travel from the
proliferative rim to the necrotic core. The influence of the advective flow discussed in
Chapter 4 is several times stronger, and is the key determinant of macrophage infil-
tration velocity. We find that the main impact of adding chemotaxis is to increase the
speed at which macrophages can cross the proliferative rim of the spheroid. Chemo-

taxis provides a mechanism through which macrophage movement in the prolifera-
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tive rim can be directed towards the spheroid core, resulting in more macrophages
infiltrating into the spheroid centre. Our preliminary work in Section 5.5 indicates
that there is an in vivo parallel of this in vitro observation, where macrophage move-
ment through the tumour stroma and normoxic tumour regions is similar in nature
to movement in the proliferative rim of spheroids.

While our model does not include the phenotypic change that CSF-1 induces in
macrophages, our results have implications for treatment using CSF-1R inhibitors.
Treatments which block CSF-1 receptors on macrophages are intended to bias the
population towards an anti-tumour phenotype (Mantovani et al., 2017; Pradel et al.,
2016; Edwards V et al., 2018). Our model suggests that desensitising macrophages to
CSF-1 would also have the effect of reducing macrophage infiltration into tumours.
As a result, while treatment with CSF-1R inhibitors is likely to bias macrophages
towards an anti-tumour phenotype, these macrophages are likely to remain at the
periphery of the tumour. The main benefit of this treatment is likely to be in de-
pleting the number of pro-tumour macrophages within tumour nests, rather than in
causing tumour infiltrating macrophages to attack the tumour from within. Extend-
ing our model to include the effect of CSF-1 on macrophage phenotype could help
to confirm this hypothesis. Previous mathematical models have considered the use
of genetically modified macrophages as a vehicle for expressing drugs or prodrugs in
hypoxic regions of tumours (Webb et al., 2007; Byrne et al., 2004; Owen et al., 2004,
2011). Our model suggests that any such treatment which alters the chemotactic
response of these macrophages should be considered carefully, as it could inhibit the
macrophages from localising in necrotic regions and reduce the effectiveness of these
treatments.

Our in wvitro simulations could also be used to help interrogate the relationship
between macrophages and tumour cell lines in infiltration studies such as those con-
ducted by Leek (1999). Our results indicate that the degree of chemokine production

by hypoxic cells could be inferred from the proportion of infiltrating macrophages
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at the periphery of the tumour. Conducting experiments in which microbeads and
macrophages are added simultaneously to tumour spheroids would result in two
different infiltration profiles. Our results indicate that by comparing the numbers
of infiltrating particles or macrophages in the spheroid core, the degree of disper-
sion of each profile, and the number of microbeads or macrophages at the spheroid
boundary, it should be possible to infer whether migration is dominated by active
or passive processes. In the absence of these additional experimental results, further
work could conduct this analysis in silico by attempting to fit the current model to
artificial data for macrophage distributions generated using known parameters.

In this Section we have also developed a method through which the output classi-
fications from our image analysis pipeline can be used to provide realistic geometries
for our agent-based model. We have demonstrated this by presenting preliminary
results in which we use the oxygen thresholds provided by pimonidazole and CAIX
staining to fix the oxygen environments in our model. These results support the con-
clusion drawn from our spheroid modelling that the addition of chemotaxis causes
increased macrophage infiltration by drawing macrophages from the stroma towards
regions of the tumour in which passive migration is strong.

Although the results from our simulations of in vivo data are preliminary, they
provide a framework from which future work can extend our model significantly. The
work in this Section provides a means through which our model can be simulated in
hundreds of different in vivo oxygen environments. The limiting factor in this is the
time for a realisation of our agent-based simulation to run, which can be several days
depending on size of the domain and complexity of the interactions. Conducting
these additional simulations, with enough realisations conducted in each geometry to
provide statistically significant results, would produce a powerful modelling dataset
for further interrogation. Further adaptations could include initialising macrophages
according to their observed locations in the histological images, or finding parameter

regimes which cause macrophages to adopt these distributions.
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Further work should also consider the implications of other roles of macrophage
chemotaxis in the tumour microenvironment. In particular, the paracrine loop
formed between EGF and CSF-1 is of particular interest in the movement of macrophages
away from tumour nests towards the tumour vasculature (Wyckoff et al., 2007;
Goswami et al., 2005; Wyckoff et al., 2004). This mechanism is implicated in tumour
metastasis (Lewis et al., 2016a; Laoui et al., 2014; Hughes et al., 2015; Kitamura
et al., 2015), and has been modelled by Knutsdéttir et al. (2016, 2014) to replicate
the results of in vitro experiments. Integrating this system with our current work
for in vivo geometries could provide insight into which factors determine whether
macrophages are predominantly perivascular or in the tumour nest. A comprehen-
sive model to describe the role of chemotaxis on macrophage localisation must also
include macrophage phenotype, which is often critically affected by chemokines such

as CSF-1 (Van Overmeire et al., 2015).
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Chapter 6

Discussion and future directions

6.1 Discussion

The automated analysis of histological images is becoming one of the most important
problems in histopathology today (Williams et al., 2018b; Bell, 2017). Traditional
methods of analysing slides are being superceded by digital techniques to increase
efficiency and save costs (Williams et al., 2018b). As digitising whole slide images
becomes cheaper and more commonplace, new techniques which enable pathologists
to manage the quantity of data available will be required. Current software for dig-
ital pathology permits automatic measurement of basic metrics (Bankhead et al.,
2017). In this thesis, we have shown that computational techniques can achieve
more than simply providing more accurate assessments of currently used statistics.
Instead of using qualitative terms like “hot” or “cold” to describe the immune ac-
tivity within a tumour, automated image processing provides an opportunity to
define quantitative metrics. We advocate the use of mathematical techniques for
the analysis of histological images.

Analysing the distribution of macrophages within in vivo tumours is a problem
which highlights the role these techniques can play. In this thesis, we have combined

approaches from mathematical modelling, image analysis and spatial statistics to
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investigate macrophage infiltration into solid tumours. We have used each of these
approaches to engage with different facets of this issue.

In Chapter 2 we described a novel pipeline for the analysis of whole slide images.
Our pipeline can process high-resolution images to identify cells stained for the ex-
pression of an arbitrary range of markers, and new classifiers can be trained and
evaluated in minutes by users with no knowledge of programming. We validated the
ability of our pipeline to reproducibly detect macrophages in histology images, and
demonstrated that it performs well in comparison with trained pathologists. This
pipeline is currently being used for research by pathologists in the Nuffield Depart-
ment of Medicine, and will be made publicly available following the submission of
this thesis.

In Chapter 3 we used our pipeline to interrogate image datasets provided by the
Nuffield Department of Medicine and by Roche. We applied spatial statistics to
macrophage locations obtained from the RITA dataset via our pipeline, and demon-
strated that these can be used for the effective comparison of regions of interest
between tumours. Spatial statistics which describe the distribution of macrophages
in a tumour region can be used to automatically group tumour samples into quali-
tatively similar groups. In Chapter 3, we also used our pipeline to combine multiple
consecutive histological slides to characterise the oxygen environment of tumour as-
sociated macrophages. We obtained statistics describing the density of immune cells
in different compartments, but also developed a histogram-based approach through
which the extent of infiltration by macrophages in different oxygen environments can
be visualised. We also used “artificial biopsies” to quantify how accurately summary
statistics can be estimated based on a small amount of tumour tissue. We analysed
approximately 120 whole slide images from breast and colorectal cancer samples in
the RITA dataset described in Section 2.2.1, and 1536 1.5 mm X 1.5mm regions of
interest from the head and neck tumour described in Section 2.2.2.

We developed an agent-based model in Chapter 4 to model experiments by (Dorie
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et al., 1982) on the infiltration of inert microbeads into tumour spheroids, imple-
mented in the Chaste modelling environment (Mirams et al., 2013; Pitt-Francis et al.,
2009). This model let us investigate the causes of passive infiltration that occurs due
to the advective flow of tumour cells caused by proliferation in the spheroid rim and
death in the core. Our model reproduces experimental observations and the results
of previous continuum models of this dataset. Our agent-based model provides in-
sight regarding the causes of the observed distributions of microbeads that previous
continuum models have been unable to observe, as by tracking the trajectories of
individual beads we identified that infiltration occurred in two stages. In the first
stage, individual microbeads are trapped near the spheroid boundary by tumour cell
proliferation. After a “waiting time” which depends on the balance of proliferation
and death in the spheroid, microbeads move radially towards the spheroid centre
with an approximately constant velocity. We investigated the effect of varying pa-
rameters associated with proliferation and death on the waiting time and infiltration
velocity, and showed that the tumour composition plays an important role in deter-
mining these properties. We also used our model to reproduce results from (Dorie
et al., 1982) describing the infiltration of 3H-labelled tumour cells into spheroids,
and showed that the results can be replicated as a result of proliferation of labelled
cells alone without adding chemotactic mechanisms required to reproduce this in
previous continuum models of this data (Pettet et al., 2001; McElwain and Pettet,
1993). The results in this Thesis are based on approximately 5760 simulations (3600
simulations of microbead and macrophage infiltration and 2160 of 3H-labelled cell
infiltration), which were simulated in parallel on compute clusters in the Mathe-
matical Institute, with each simulation taking between approximately 1 hour and
48 hours. Compute time varied due to the number of cells in each simulation, with
simulations over long timescales with high proliferation and low death rates taking
the longest. While simple spheroid models can be reproduced from examples on the

Chaste website (Mirams et al., 2013; Pitt-Francis et al., 2009), we have substantially
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added to this code base. This code will be added to the publicly available Chaste
source code following the submission of this thesis.

In Chapter 5, we extended the model developed in Chapter 4 to include macrophages
and their response to chemotactic gradients of CSF-1 produced by hypoxic tumour
cells. We found that chemotaxis led to increased macrophage infiltration across 975
tumour spheroid simulations with varying parameter sets, but that the increase in
macrophage infiltration velocity was small compared to its magnitude. We found
that the effect of increased chemotaxis was to cause macrophages to cross the pro-
liferative rim more quickly, but that once they had crossed this rim they travelled
at a speed determined by the advective flow investigated in Chapter 4. We analysed
the shape of the wave formed by the macrophage distribution, and found that the
presence of chemotaxis caused less distortion in the shape of this moving distribu-
tion. We also presented preliminary work on macrophage infiltration into in vivo
tumour geometries. We used data obtained from our imaging pipeline to define
the boundaries of the tumour and the shapes of contours of the oxygen concen-
tration throughout the tissue. We observed that these preliminary simulations of
macrophage infiltration supported the conclusions of our simulations of in vitro in-
filtration. They showed that more macrophages reach quiescent parts of the tumour
in the presence of chemoattractants, and that increased macrophage infiltration oc-
curs because chemotaxis draws macrophages towards regions of the tumour where
the advective flow of tumour cells is strong rather than because chemotaxis directly

increases macrophage velocity.

6.2 Future directions

In this Section, we describe ways to develop and extend the work in this thesis from
the perspectives of image analysis, spatial statistics and mathematical modelling.

We also discuss how these fields can be further integrated to provide additional
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benefit to pathologists.

6.2.1 Development of image analysis software

The image analysis pipeline which we developed in Chapter 2 has the potential
to provide significant value to the pathology community. We aim to develop this
pipeline into a standalone application which can be used by non-programmers. By
providing a tool which can be easily used by pathologists with minimal training,
we aim not only to improve current workflows but also reveal to pathologists the
benefits of quantitative rather than qualitative analyses. This is crucial for more
complex mathematical and statistical metrics to gain widespread use, as we advo-
cate in Section 6.2.4. This program should have an intuitive graphical user interface,
and integrate tools such as image registration and cell identification alongside tools
for basic image manipulation and annotation. We will collaborate with patholo-
gists from both Roche and from the Nuffield Department of Medicine to ensure that
the software meets the needs of pathologists, rather than providing an interface for
unwanted computational tools. Two tools which should be added to our image anal-
ysis toolbox to achieve this are automated image registration and automated region
detection to identify, for example, necrotic areas, without requiring annotation.
We will also extend our classifiers to enable the detection of cell types in multi-
plexed histology images. While most histology slides contain at most three separate
stains, with new techniques it is possible to stain for up to 250 different markers
on a single histology slide (Stack et al., 2014; Blom et al., 2017). This technique
would allow better identification of the phenotypes of individual tumour infiltrating
macrophages, as the expression of different cytokines within each macrophage could
be identified. While images with a single stain can be qualitatively analysed by a
pathologist, slides stained to show tens of markers will rapidly become impossible

to analyse without quantitative metrics.
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6.2.2 Additional metrics for analysis of point data

The spatial statistics used to describe immune cell distributions in Chapter 3 can
be extended using a wide range of techniques. The field of topological data analysis
(TDA) provides mathematical descriptions of the topology of point data sets (Ghrist,
2008; Bubenik and Dlotko, 2016; Otter et al., 2017). Preliminary results obtained by
applying techniques from TDA to simulations of macrophage infiltration into tumour
spheroids (see Chapter 5) show promising ways of describing the evolution of the
immune cell distribution. Persistent homology, a tool in TDA, has recently been used
to aid segmentation of tumours in histological images (Qaiser et al., 2018), indicating
that spatial statistics can be used to aid the image analysis process as well as analyse
its output. The approaches that we described in Section 3 to automatically cluster
tissue samples using spatial statistics should also be extended to aid automatic
segmentation in our pipeline.

We will also aim to develop new techniques for measuring the colocalisation of
different stains. In particular, quantifying the differences between the hypoxia stain-
ings pimonidazole and CAIX could provide a way of approximating pimonidazole
using CAIX. As pimonidazole is considered a better marker of hypoxia than CAIX
but cannot be applied to samples after they have been resected, quantifying this
difference could add value to CAIX staining. In Chapter 3 we discussed how spatial
statistics can be applied to bivariate labelled point sets to provide measures of colo-
calisation. Future work should extend these techniques to apply spatial statistics
to quantify colocalisation of points in datasets labelled with multiple labels. This
could then be used to describe the colocalisation of multiple immune cell subtypes

throughout a tumour.

6.2.3 Further development of mathematical models

Mechanistic mathematical models can be used to investigate a wide range of bio-

logical processes involving macrophages. In particular, we highlight the need for
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models which can accurately predict macrophage phenotype in response to environ-
mental factors. We stress that although dividing labels into M; and My subtypes
is an attractive approach for achieving this, mathematical models of macrophage
phenotype should represent the current understanding that macrophages express a
spectrum of phenotypes and often cannot be easily classified as M; or My (Sica and
Mantovani, 2012; Bronte and Murray, 2015; Lewis et al., 2016b). We propose the
creation of ODE models which can be used to predict macrophage phenotype in re-
sponse to the local concentration of cytokines. Such models could be integrated with
our agent-based modelling to investigate how the spatial infiltration of macrophages
influences their phenotype and tumour prognosis. Including macrophage phenotype
in our models would allow simulation of tumour treatment using anti-CSF-1R anti-
bodies. This type of model could eventually be used to predict which patients will
respond well to this treatment based on observations of patterns of macrophages
within the tumour. Our model can also be extended to simulate other treatment
types. Preliminary work (results not shown) on applying radiation treatments to
tumour spheroids indicates that the spheroid model we describe in Chapter 4 can
help explain how tumour composition affects radiation treatment.

If histological images with a stain for blood vessels such as CD31 or CD34 (Na-
gatsuka et al., 2005) can be added to those describing tumour hypoxia and immune
cell locations, we could use this data to integrate multiple relevant biological pro-
cesses into our model of infiltration into in vivo tumours. These processes include
extravasation of macrophages from the vasculature, and the role of the EGF / CSF-1

paracrine loop in migration of tumour cells towards blood vessels to form metastases.

6.2.4 Combining image analysis, statistics and mechanistic

modelling

Making improvements in any one of the fields of image analysis, spatial statistics

and mathematical modelling can help provide benefit to pathologists and aid our
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understanding of immune cell infiltration into tumours. However, we advocate that
these fields be integrated. In this thesis, we have shown that each field is valu-
able for understanding different aspects of macrophage infiltration, in the form of
quantitative descriptions of spatial patterns or through assessing the roles of active
and passive mechanisms of macrophage movement. To ensure that mathematical
and statistical models have the maximum impact on biological research, we must
demonstrate the importance of these techniques to biological researchers.

One way of doing this is to ensure that these quantitative tools are readily ac-
cessible to pathologists. By integrating spatial statistics into our imaging software,
pathologists with no previous explicit interest in quantitative methods will bene-
fit, and become more accustomed to the concept of using computationally derived
metrics to describe tumour images. In Chapter 5 we also demonstrated how our
pipeline can be integrated with agent-based models to better understand the mech-
anisms which cause patterns observed in histology data. We hope that mathematical
modelling tools can ultimately be incorporated into imaging software, to provide a

direct interface between imaging and predictive modelling for pathologists.

6.3 Final comments

In this thesis, we have developed a set of tools that can be applied to understand
the causes of patterns of macrophages observed in histological data. These tools
are generic in nature, and can be applied to a wide range of problems throughout
immune biology and histology and beyond. We have discussed an interdisciplinary
process through which imaging data can be combined with spatial statistics and
mechanistic modelling. Although this process has been motivated in this thesis by
patterns of macrophage distribution, these tools can be applied to a broad range of
problems which involve spatial data in biology. An example of these wider appli-

cations is seen in the discussion of microbead counting in Section 3.5, but we have
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also applied our pipeline to problems of cell detection in fluorescence microscopy
images, tracking immune cell movement through videos of in vitro experiments and
identifying germinal clusters in histology images. We have shown that integrating
techniques from image analysis, spatial statistics and mathematical modelling is a
realistic way of gaining deeper understanding of underlying biological processes than

any one of these fields alone can provide.
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Appendix A

Defining model boundaries via

a-shapes

In this Section we define a-shapes, which provide a means of defining the boundary
of a set of points by generalising the concept of a convex hull to permit concave
boundaries (Edelsbrunner et al., 1983). Although there are several different ways of
defining an a-shape, they can be most intuitively understood by considering spheres
(or in 2D, discs) of radius a. If it is possible to place the edge of the sphere on a point
such that the sphere contains no other points in the set, then that point is a member
of the a-shape. This is shown in Figure A.1, where the a-shape is calculated for a
2D point set for two different values of . For each point in the a-shape (coloured),
a disk is shown which contains no other points from the set. If & = oo then the disk
has infinite radius of curvature and corresponds to the half-plane - in this case, the
a-shape and the usual convex hull are identical.

As Figure A.1 demonstrates, as a — 0 more points will be included in the a-
shape until the shape contains all points in the set. In order to capture our intuition
of the “boundary” of the set, the value of a must be chosen carefully. We choose a
to be the equilibrium cell radius, which ensures that the boundary of the spheroid

represents the set of cells which a cell approaching the spheroid from outside could
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Figure A.1: Diagram visualising an interpretation of an a-shape. The a-shape, or
a-hull, of a set of points can be conceptualised as those points which come into
contact with the edge of ball of radius o which does not contain any other points.
For the set of points on the left, we picture two a-shapes for two different values of
a. In the central image, the a-hull is shown in blue and accurately captures what
may be intuitively understood as the “edge” of the point set. The image on the right
shows the a-hull when a smaller value of «, ¢, is used. In this case every point in
the set is included in the a-shape, illustrating that the value of a must be selected
with caution. In our model, we choose a to be the radius of a cell at equilibrium,
meaning that the a-shape can be understood as referring to those cells which an
external cell could readily “see”.

touch without deformation.
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Appendix B

Agent-Based Model Verification

Model verification is the process of ensuring that a particular software implementa-
tion captures an underlying model (Cooper et al., 2015). In this Appendix, we briefly
demonstrate the correct implementation of parts of our code against theoretically

predicted benchmarks.

B.1 Brownian Motion

In this Section we test the implementation of the Brownian motion force described
in Section 4.3.4. For a diffusion constant D, a particle moving randomly under
Brownian motion in d dimensions will on average be found a distance of v/2d Dt away
from its starting position after a time ¢. We test our implementation of random force
in two dimensions against this metric for different values of D. Figure B.1 shows
the average displacement of a single macrophage moving under random motion only
in our simulations. Each point in Figure B.1 is the average displacement of 100

simulations. The solid lines are the benchmarks predicted by theory.
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35 2.0

30

25

20

15

10

._.
o
Diffusion Coefficient, D

Average displacement (x 20um)

0 20 40 60 80 100 120 140
Simulation duration (hours)

Figure B.1: Average displacement of a macrophage moving solely under Brownian
motion, averaged over 100 simulations each for different values of D. The solid lines
show the theoretically predicted displacement as D varies.

B.2 Chemotaxis

In this Section, we test the implementation of the chemotaxis model described in
Section 5.2.3. To test our implementation, we place a macrophage on a known
gradient of CSF-1, shown in Figure B.2. For a constant gradient such as that shown
in Figure B.2, we expect the time the macrophage takes to cross the domain to scale
linearly with the length of the domain. Figure B.3 shows the comparison between
our model implementation and the predicted end time for different values of the
chemotactic sensitivity coefficient, y. The results indicate that the chemotactic
force in our model is correctly implemented.

By solving the CSF-1 gradient numerically, it is possible that non-linear CSF-1
gradients will cause macrophages to deviate slightly from the predicted end time.
This is because the CSF-1 gradient is solved on a fixed mesh whereas the equations
of motion for the macrophages are ‘off-lattice’. If a macrophage is between two mesh

points, then the concentration of CSF-1 at the macrophage is linearly interpolated
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B.2. CHEMOTAXIS

Ma
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Figure B.2: Simulation set up for the runway test for chemotaxis implementation.
A macrophage is placed at one end of a runway of fixed length, and a chemotactic
gradient is prescribed across the runway.

using values from those mesh points. Where the CSF-1 gradient is non-linear, this
will introduce a small numerical error. As this error is small in relation to the forces
acting on the macrophage, including those due to chemotaxis, we neglect it in our

calculations.
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Figure B.3: Time taken for macrophages to cross the runway in the chemotaxis
implementation test. Crosses show the time taken for macrophages to cross the
runway for different chemotactic sensitivity coefficients and for different lengths of
the runway. Solid lines show the predicted time taken for the macrophage to cross

the runway.
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Appendix C

Default parameters for

agent-based modelling

In the table that follows, we state the parameter values that were used for the

modelling in Chapters 4 and 5. Where a range is given, the values indicate the

upper and lower bounds used in parameter sweeps.

The values used were chosen to generate physically realistic results, and do not

represent experimentally measured values.

Symbol | Parameter Value Units

dt Timestep 1/120 Hours

Rt Radius of interaction 1.5 Cell diameter

Woo Oxygen boundary value* 1.0 Dimensionless

Wq Quiescence threshold* 0.3-0.7 Dimensionless

Wh Hypoxia threshold* 0.1-0.7 Dimensionless

Ty Critical hypoxic duration 8-16 hours

Tapop Apoptosis duration 48 hours

v Damping coefficient 1 pg hours™!

] Spring constant 45.0 pg (Cell diameter)™!
hours—2
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Symbol | Parameter Value Units

Si Resting spring length 1.0 Cell diameter

D Random motility coefficient | 0.01 (Cell diameter)?
hours™!

n Average cell cycle length 8- 32 hours

T Cell cycle duration 0.75m- 1.25n hours

K Oxygen consumption rate 0.03 hours™?

D, Oxygen diffusion coefficient | 1 (Cell diameter)?
second !

o) Surface tension coefficient ) pg hours—

c CSF-1 diffusion coefficient | 1 (Cell diameter)?

second !

Ke CSF-1 production rate 0.03 hours™!

L Size of bounding domain | 200 Cell diameter

edge
Coo CSF-1 boundary value* 0.0 Dimensionless

Table C.1: Summary of default parameter values used to generate simulations of
tumour spheroids.

*Scaled with regard to the oxygen concentration on the spheroid boundary.
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Appendix D

Variance/mean ratio curves of the

RITA dataset

D.1 Examples of VMR curves for the RITA dataset

Figure D.1 shows examples of the VMR curves which were used as a feature for

clustering examples from the RITA dataset in Chapter 3.
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D.1. EXAMPLES OF VMR CURVES FOR THE RITA DATASET
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Figure D.1: Characteristic behaviours of the variance/mean ratio curve.
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Appendix E

Agent-based simulations of in vivo

geometries

This Appendix contains snapshots from agent-based models simulating in vivo ge-
ometries, described in Section 5.5. We present snapshots at a range of intervals from

simulations conducted in four different tumour geometries.

Time: 15 hours ’ Time: 100 hours

Figure E.1: Snapshots of our agent-based model initalised using oxygen environ-
ments from histological images
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Figure E.2: Snapshots of our agent-based model initalised using oxygen environ-
ments from histological images
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Figure E.3: Snapshots of our agent-based model initalised using oxygen environ-
ments from histological images
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Figure E.4: Snapshots of our agent-based model initalised using oxygen environ-
ments from histological images
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