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Abstract

Glioblastoma (GBM) is the most aggressive primary malignancy of the central ner-
vous system. Despite standard treatment, comprising surgical resection, followed
by concomitant radiation and chemotherapy, it is incurable. This devastating
prognosis stems from complex multi-layered heterogeneity, which enables GBM
tumour cells to resist treatment and reoccur. Advances in genomic technologies
have classi ed GBM tumours at the single-cell resolution, revealing that malig-
nant GBM cells occupy distinct neoplastic cell states which resemble neurodevel-
opmental hierarchies and wound healing programs. These states are supported by
complex interactions which include immune, healthy brain and vasculature cells.

To investigate how the cellular landscape of GBM tumours changes through treat-
ment, | utilised an extensive dataset of paired (pre- and post-treatment) GBM
tumour patient samples. These samples were pro led using bulk RNA sequencing
(RNA-seq) and thus characterising their cell type composition silico, necessi-
tated the use of cellular deconvolution techniques. Benchmarking of such methods
has shown that accuracy and interpretability are highly dependent on the speci-
city of the cell type reference used. Therefore, | developed a set of GBM-speci c
cell type markers and used these to validate the optimal deconvolution method,
which | also released as a publicly available web application, GBMDeconvoluteR.
Using this tool, | characterised 219 paired GBM samples and uncovered consistent
cell type changes through treatment. These changes were associated with survival
outcomes and aligned with our previously described patient strati cation, based
on treatment-resistance mechanisms.

To complement these ndings, | then applied a novel spatial proteomics method
and found that hypoxia drives the layered organisation of the GBM tumour mi-
croenvironment (TME) pre-treatment, but post-treatment the GBM TME is less
structured, driven instead by reactive astrocytes and in ltrating lymphocytes.

Collectively, this work highlights some key shifts in the cellular landscape of GBM
through treatment, which may hold therapeutic potential.
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Chapter 1

Introduction

Glioblastomas (GBMs) are the most common type of malignant brain tumour,

accounting for 50% of all primary malignancies of the central nervous system

(CNS) and more than half of all gliomas?. They are characterised by aggressive

proliferation, di use in ltration and resistance to standard-of-care multimodality

treatments, which invariably results in tumour recurrence and mortality on average
7 and 15 months of diagnosis, respectively .

1.1 Adult-type di use gliomas

The classi cation scheme for CNS tumours was last revised ( fth edition) in 2021
and is provided by the world health organisation (WHOj. In this framework,
termed WHO CNS classi cation 5th edition (CNS5), tumours are grouped accord-
ing to the following taxonomy: category, family, type and subtype. GBM tumours
are classi ed within the adult-di use glioma family of CNS tumours which is part
of the broader glioma \category" of tumours (Figure 1.1 and Figure 1.2).

Gliomas are malignancies of the CNS that originate from glial cells: non-neuronal
cells that play a critical role in maintaining homeostasis within the brain and
spinal cord'. Linking the origin of cancers to normal brain cells was rst reported
in 1856 by Rudolf Virchow following his rudimentary classi cation of brain ma-
lignancies based on post-mortem sampfesSubsequently, in 1926, Percival Bailey
and Harvey Cushing, amongst others, introduced the rst systematic classi cation
of CNS tumours, which relied on a combination of histological and morphological
features and their correlation with patient survival outcome$

The WHO CNS classi cation 1st edition (CNS1) continued to focus on histopatho-
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logical methods to diagnose and classify tumours, comparing tumour cells with
normal brain cells: those resembling astrocytes were called astrocytomas, and
cells resembling oligodendrocytes were called oligodendrogliotiadn the 2016
revision of the WHO CNS classi cation 4th edition (CNS4), molecular testing
was rst added alongside histological techniques, though it was only used in an
ancillary capacity to diagnose and classify CNS tumouts Following this in 2021,
the most recent classi cation scheme (CNS5) made molecular diagnostics founda-
tional to the classi cation of CNS tumours, whilst still utilising histological and
immunohistochemical techniques as complementary approaches. As a consequence
of this, adult-type di use gliomas and pediatric-type gliomas were separated into
distinct tumour families for the rst time: these tumours are histologically indis-
tinguishable but have very di erent biology?. The other major sub-division within
the glioma family of tumours is based on the degree of invasiveness into the sur-
rounding brain tissue. Gliomas which display (based on histology) in Itration into
the surrounding normal brain parenchyma are de ned as \di use" and those with
better-demarcated margins are labelled with the term \circumscribed®.

The adult-type di use glioma family of tumours comprises several tumour

types which are graded (from 2-4) according to their respective malignancy under
CNSZ5. Moreover, each tumour type is classi ed and graded using a combination
of histological and molecular features (Figure 1.2). Herein, the term \glioma" will
be used to refer to the adult-type, di use family of gliomas.
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Figure 1.1 | Overview of the 2021 WHO classi cation of CNS tumours.

Hierarchical tree diagram showing the main CNS tumour categories that make
up the 2021 (5th edition) World Health Organization (WHO) classi cation of
CNS Tumours. The full taxonomy of this classi cation follows the following
order: Category; Family; Type and Subtype. All the main CNS tumour
categories and only the \Glioma" family of tumours are shown.
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Figure 1.2 | Classi cation & diagnosis work ow of adult-type di use
gliomas.

Flow diagram detailing a simpli ed overview of the classi cation pathway for
adult-type di use gliomas based on CNS5. Molecular features are shown shaded
in red and histological features are shaded in dark blue. The \+" icon denotes
presence/gain, and the \-" icon denotes the loss/maintenance of molecular or
histological feature. Isocitrate dehydrogenase (IDH); alpha thalassemia/mental
retardation syndrome X-linked (ATRX); cyclin-dependent kinase inhibitor 2A/B
gene (CDK2A/B); telomerase reverse transcriptase (TERT); epidermal growth
factor receptor (EGFR); microvascular proliferation (MVP); not otherwise

speci ed (NOS); C*-methylguanine DNA methyltransferase (MGMT).
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1.2 IDH mutation status

IDH refers to a family of enzymes that feature prominently in the tricarboxylic
acid cycle (TCA), where they catalyse the oxidative decarboxylation of isocitrate,
producing -ketoglutarate (aKG) and the reduced form of nicotinamide adenine
dinucleotide phosphate (NADP¥3. The IDH family comprises of three known
isoforms, IDH1, IDH2 and IDH3*“. Point-mutations within the binding site of
IDH1 and IDH2 result in a gain-of-function which enables them to catalyse the
reduction of aKG to form the onco-metabolite D-2-hydroxyglutarate (D2HGY.
The accumulation of D2HG inhibits aKG{dependent dioxygenases, which include
histone demethylases, leading to widespread histone hypermethylatibn These
epigenetic modi cations alter the cell metabolism within IDH mutant cells and
make them more susceptible to standard treatment, by reducing their ability to
handle reactive oxygen species (ROS) generated during standard thergpy

Within adult-di use gliomas IDH1 mutations (IDH1:C.395G> A p.R132H) occur
in >80% of all tumours”!8, These mutations are predominantly found within
lower grade, WHO grade 2/3 adult-di use gliomas and in secondary GBM tu-
mours that develop from lower grade glioma8. Dierences between isocitrate
dehydrogenase mutated (IDHmut) and isocitrate dehydrogenase wild-type (ID-
Hwt) tumours are also seen in survival outcomes where IDHmut patients have
much better overall survival (OS) and progression-free survival (PFS), irrespec-
tive of grade and are also more responsive to certain drdgsGiven this and the
fact that IDH mutations occur early in in gliomagenesi&, the current WHO clas-
si cation of gliomas uses IDH mutation status as the primary molecular biomarker
by which to classify and grade between lower and higher-grade gliorhas

1.2.1 Oligodendroglioma

Oligodendrogliomas are the least prevalent (7% in the US) adult-type di use
gliomas and have an incidence rate of 0.29 per 100,000 pehplen comparison

to other adult-type di use gliomas, they are associated with a good prognosis
and chemotherapeutic responsiveness, with median survival ranging from 11.19 to
20.45 year$ 3. Molecularly, oligodendrogliomas are classi ed by the coexistence
of IDH1/2 mutations and 1p/19q codeletiorf*?°. They are graded as either grade
2 or 3, with the latter designation being chosen when there is a signi cant mitotic
count (> 6 mitoses per 10 high-power elds (HPF)) and/or MVP; or the presence
of CDK2A/B homozygous deletiort®2’.
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1.2.2 Astrocytoma

Astrocytomas have an incidence rate of 0.45 per 100,000 people and make up
11% of all di use adult-type glioma diagnosée's They are rarely diagnosed in
adults over the age of 55 as they primarily occur in younger adults, with a me-
dian diagnosis age of 37 years and a median survival that ranges from 7.29 to
9.3 years. Molecularly, astrocytomas are classi ed by the concurrence of mu-
tations in IDH1/2 genes, ATRX gene and the tumour suppressor gene, tumour
protein 53 (TP53)°. This is in contrast with oligodendrogliomas, where ATRX

expression is retained and accumulation of p53 is largely abs&ntin the WHO
CNS4 classi cation, astrocytomas carrying a IDH1/2 mutation (IDHmut), were
assigned to three di erent tumour types (di use astrocytoma, anaplastic astrocy-
toma, and glioblastoma) based on histological features However, in the current
classi cation all IDHmut astrocytomas are considered a single type (Astrocytoma,
IDHmut) and are graded within CNS WHO grade 2, 3, or 4 6. Moreover, since
the publication of the CNS5 guidelines, homozygous deletion of CDK2A/B is now
su cient to classify an astrocytoma as the highest grade (grade 4), even in the
absence of high-grade histopathological features (Figure £2Yhis was done, on
account of the poor prognosis and limited OS (3 years) in astrocytomas with
deletions of CDK2A/B?%%0,

1.3 Grading gliomas

Grading tumours serves an important purpose in that it provides important prog-
nostic information for clinicians based on a tumour's microscopic features and
allows them to develop the most appropriate treatment plan.

Gliomas are graded from 2-4, though this process is largely subjective and su ers
greatly from inter- and intra-observer variabilitieg®3!. The reason we do not see
any grade 1 gliomas is because this grade is reserved for tumours that typically
do not in Itrate surrounding tissue®. Gliomas are by their very de nition, \dif-
fuse" and do in ltrate into the normal surrounding brain which in turn, makes
them di cult to completely remove, and challenging to treat as residual tumour
facilitates recurrence. Although the process of grading is no longer entirely histo-
logical, there are four main histological features that are commonly referred to as
the AMEN score which are used when determining tumour gratfe

Nuclear atypia (A) - describes the abnormal size, shape and density (nuclear
pleomorphism) of the nucleus within tumour cells and the presence of abnormally
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dense chromatin (hyperchromasia). Lower grade (grade 2) gliomas exhibit minimal
nuclear atypia, whereas higher grade (grade 3-4) have marked to severe nuclear
atypia33'34.

Mitotic activity (M) { a key indicator of a tumour's proliferative capacity. This is
measured using haematoxylin and eosin staining (H&E) which detects the pres-
ence of mitotic gures that appear as darkly stained sections and represent cells
undergoing chromosomal condensatiéh Mitoses are counted in ten consecutive
HPF and form the mitotic index measure. Lower grade (grade 2) gliomas exhibit
minimal mitosis, whereas higher grade (grade 3-4) gliomas show increased mitotic
activity that correlates with a poorer prognosig®. Immunohistochemistry (IHC)
with antibodies for Ki-67 and phosphohistone H3 (pHH3) are also commonly used
to assess the degree of malignart€{fe.

Microvascular proliferation (E) { this was previously known as endothelial prolif-
eration and refers to the aberrant growth of the vasculature within the tumour.
The endothelial cells form glomeruloid structures which can be observed using
H&E staining. This feature is a hallmark of higher grade (grade 4) gliomas where
it is indicative of aggressive tumour behaviours and a worse progndsis

Necrosis (N) - This is detected in varying amounts across multiple di erent cancer
types and refers to areas of dead cells within the tumotfr Histologically this is
seen using H&E staining with acellular areas that comprise nuclear debris that
are surrounded by hypercellular zones of viable tumour cells (pseudopalisading
necrosis}’. Necrosis is largely absent from lower grade gliomas, though is a key
criterion for classifying higher grade (grade 4) gliomés

1.4 IDH-wildtype glioblastoma

IDHwWt GBM is the most prevalent type of glioma with an incidence rate of 2.66
per 100,000 people and predominately a ects older adults with a median age
at diagnosis of 65 years old>. There is a slight preponderance toward males
with a 3:2 (male:female) ratio and white patients are more frequently a ected
compared with other ethnicities as evidenced by the diverging prevalences between
Europeans/North Americans (3-4 per 100,000) and Asians (0.59 per 100,3863.

The vast majority ( 90%) of IDHwt GBM tumours developde novoand as such
are termedprimary tumours, as opposed t@econdaryGBM tumours which arise
from progression of a prior lower-grade gliont4 Although primary and secondary
tumours are histologically indistinguishable, they have speci ¢ molecular, genetic
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and epigenetic pro les. SecondaryGBM tumours are typically found in younger
patients and carry an IDHmut, resulting in a signi cantly better prognosis com-
pared to primary GBM tumours which are highly aggressive and contain larger
patterns of necrosi®.

1.4.1 Clinical presentation & diagnosis

The clinical presentation of GBM is varied and depends on several factors includ-
ing the tumour size, location and associated edema within the brain. The most
widely reported symptoms are: headaches which are triggered by the Valsalva ma-
neuver and further exacerbated by lying down, coughing or bending over; nausea
and vomiting due to brainstem compression; cognitive impairment and personality
changes such as memory loss, confusion, lethargy and mood swings; focal neuro-
logical de cits; and seizures ( 20% of case$}*®. In more acute cases<2%)
some patients experience inter-tumoural hemorrhaging and present with stroke-
like symptoms’. The pre-operative diagnosis of GBM is initially conducted using
the patients clinical history and multimodal imaging techniques such as structural
magnetic resonance imaging (MRI) with gadolinium; computed tomography (CT)
and positron emission tomography (PET#4°. Historically this process was largely
qualitative and relied exclusively on the interpretation of radiologists. However,
recent developments in CT, MRI, and arti cial intelligence have introduced quan-
titative components which are used to supplement subjective analy$ls More
novel techniques such as theranostics have also been explored for use in GBM and
remain under active developmerit*°. This technique utilises radioactive nuclides
coupled via a linker to an antibody for a cellular target/receptor that can be used
both for imaging (with a PET scanner) and delivering therapeutic radiation to
cancer cell®’. Histological and molecular diagnostic techniques are used to con-
rm an initial diagnosis and also to further re ne the tumour classi cation, after
patients have undergone surgical intervention.

1.4.2 Molecular features

The current WHO CNS5 scheme de nes IDHwt GBM tumours based on pres-
ence of three main genetic aberrations (TERT, EGFR and chromosome 7 gain
and chromosome 10 loss (Ch +7/-10)) that are routinely tested for as part of the
diagnosis process using a combination of Sanger sequencing; next generation se-
guencing (NGS); uorescencen situ hybridization (FISH) and polymerase chain
reaction (PCR) techniques.



1. Introduction

MGMT gene promoter methylation and protein expression are both important
molecular features in GBM classi cation. Clinically, however, they are primarily
used as prognostic markers for predicting response to alkylating chemotherapy, and
therefore, will be discussed in more detail in the following section on treatment.

TERT mutation

TERT refers to the catalytic subunit of telomerase, an enzyme which plays a criti-
cal role in maintaining telomere length¥'. Telomeres are short, tandem repeats of
deoxyribonucleic acid (DNA) sequences (TTAGGG in humans) found at the ends
of chromosomes, and are pivotal in maintaining genomic stability and integrity,
by preventing DNA degradation and end-to-end fusioff8. Most somatic cells
have limited or absent telomerase activity, leading to gradual telomere attrition
over successive cell division cycles; however, in germ cells, stem cells and highly
proliferative cells such as cancer cells, telomerase is frequently reactivated.

In GBM tumours, TERT promoter mutations are found in 70{90% of cases, driv-
ing telomerase reactivation, enabling tumour cells to bypass replicative senescence
and sustain uncontrolled proliferatioR®. The reactivation of TERT occurs due to
mutations located at =124 base pairs (bp) and= 146 bp upstream of the TERT
translation start site®*. These mutations create sequences which represent a bind-
ing motif for the E26 transformation-speci c family transcription factor which
increase TERT transcription and telomerase activity*.

The prognostic signi cance of TERT mutations depends on IDH status and the
presence of chromosome 1 short arm and chromosome 19 long arm loss (1p19Q)
codeletion. Triple-positive lower grade gliomas (positive for TERT, IDHmut, and
1p19q codeletion), result in a much better prognosis compared with IDHmut GBM
tumours, which in turn have an even worse overall prognosis compared with triple-
negative glioma$®.

EGFR ampli cation

Receptor tyrosine kinases (RTKs) are trans-membrane glycoproteins which medi-
ate cell-cell interactions and are involved in biological functions such as cell motil-
ity, di erentiation, proliferation and metabolism ®>. Most RTKs are activated via
ligand binding to an extracellular domain which induces a conformational change
in an intracellular catalytic domain®. This activation facilitates the recruitment

of additional proteins which trigger signalling cascades that integrate di erent
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signalling pathways$°. There are 58 known RTKs in human¥’: several RTK en-
coding genes such as EGFR, platelet derived growth factor receptor (PDGFR),
and the mesenchymal epithelial transition (MET) factor receptor are implicated
in GBM development®.

EGFR is the most frequently ampli ed RTK in GBM and seen in  40-50% of all
primary GBM tumours and retained through treatment in  80% of patient$®°.
The ampli ed genes are often located on extrachromosomal circular DNA known
as double minutes which are formed during chromothripsis: a chromosomal re-
arrangement event where one or more chromosomes shatter into pieces, then re-
assemble in an unnatural order and/or orientatioff. In addition to ampli cation,
EGFR genes can also harbour point mutations or deletions: the most frequently
occurring deletion is found in exons 2-7 within the extracellular domain of EGFR,
resulting in a truncated mutant variant (EGFRvIII). This speci ¢ deletion is found

in  50% of all cases and leads to constitutive activation of the EGFR receptor,
independent of ligand binding*®2.

The prevalence of EGFR across multiple cancers has made it a prominent tar-
get of therapeutic intervention by inhibition. This approach has been successful
in the treatment of colorectal, head, neck and lung cancéf€®, though to-date
has proven unsuccessful in GBR. The reasons for this include dierences in
tissues, therapeutic accessibility and the molecular heterogeneity amongst EGFR:
the EGFR mutations in GBM occur within the extracellular domain whilst in
other cancers they occur in the intracellular kinase domafih

Chromosome +7/-10 alterations

The co-occurrence Ch +7/-10 is commonly found in IDHwt GBM and distin-
guishes it from other lower-grade gliom&%°%8. Although this signature is preva-
lent and characteristic, its presence alone is not shown to be prognostic in IDHwt
GBM, though the partial loss of chromosome 10, compared with the complete
loss is associated with a better progno$fk’™®. Both +7 and -10 are thought to
occur early in gliomagenesis, with some studies suggesting that chromosome 10
loss precedes the 7 gains, though the exact ordering remains uncleé&: Three
separate regions are most frequently associated with chromosome 10 loss, with one
on the shorter arm (10p) and two on the longer chromosomal arms (132) The
tumour suppressor phosphatase and tensin homolog (PTEN) is located at 10q and
is suggested as playing a role in GBM tumourigene$isin addition to other genes
such as ANXA7, ADARB2, and KLF6>%, The polysomy of chromosome 7 typi-
cally involves the entire chromosome, with EGFR and MET - two key oncogenes
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located on the 7p and 7q arms, respectively - believed to contribute signi cantly
to the selective advantage conferred by this alteratidd. Recently, several studies
have suggested that there is no small set of genes which explain the Ch +7/-10
pattern, but rather it is shaped by the accumulation of multiple haploinsu cient
and triplosensitive gene$7°. What is clear is that this aneuploidy signature is
important in identifying IDHwt GBM tumours, which is why it was introduced
alongside EGFR and TERT in the most recent WHO classi cation (CNS5)

1.4.3 Treatment

Surgery

The rst treatment stage following diagnosis is to de-bulk the tumour mass and
relieve intracranial pressure but also provide tissue samples for further molecular
and histopathological testing. The guiding principle for resecting gliomas is termed
maximal safe resectiorand attempts to remove as much tumour as possible, whilst
preserving healthy neurological functio??. However, this is an inherently di cult
task owing to the di use nature of GBM, which extends beyond the visible tumour
mass into surrounding brain tissue. Moreover, there is no objective standard for
determining the extent of maximal safe resection, leading to variability depending
on the surgeon attempting the resectidii. Recently, the response assessment in
neuro-oncology (RANO) classi cation system was developed, in an e ort to stan-
dardise the extent of tumour resections, though this isn't routinely used in clinical
practice®’. The classi cation, grouped resections into four categories based on dif-
fering median survival rates; 1.) Supramaximal Resection 24 months); 2.) max-
imal contrast-enhancing resection (19 months); submaximal contrast-enhancing
resection ( 15 months) and biopsy ( 10 monthsf!. The entire surgical pro-
cess is guided by MRI, which is the gold standard for diagnosing and monitoring
GBM. Surgeons utilise di erent MRI sequences to obtain complementary informa-
tion about tumour location, in ltration, and response to treatment (Table 1.1).
Traditionally, surgery has focused on gross total resection (GTR), which aims
to remove all contrast-enhancing tumour visible on T1-contrast enhanced image
(T1-CE) MRI 8282 Although, this can extend patient survival to 20-25 months in
cases where it is achieved, it does not eliminate non-enhancing in Itrative tumour
regions that ultimately contribute to recurrencé?. To address this limitation, a
process known as supramaximal resection (SMR) is also used where possible. This
process extends beyond GTR by removing additional tissue, as determined by T2
uid-attenuated inversion recovery image (T2-FLAIR) regions, accounting for mi-
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croscopic tumour in ltration 882, This approach has signi cant advantages over
GTR, with patients who undergo SMR showing improved PFS and (%,

Awake craniotomies are common-place when resecting GBM tumours, as they
allow surgeons to monitor language and motor function during surgery, reducing
the risk of postoperative de cit$®. Additionally, the use of the uorescent dye
5-aminolevulinic acid (5-ALA) has been shown to improve the extent of tumour
resection in GBM patients, as it improves visualisation of tumour margins under a
red-light illumination source®’. The use of arti cial intelligence is also starting to
be integrated into surgical planning to assist in real-time boundary identi cation

and is expected to be used more widely in futuf@

Table 1.1 j Summary of MRI sequences used in GBM.

MRI Sequence Key Features

Clinical Use in GBM

T1-weighted Anatomical brain Preoperative

image (T1-W) structures. planning/diagnosis.

T1-CE Areas where the De ne the main tumour mass to
blood-brain barrier is guide GTR and detect recurrent
disrupted. tumours.

T2-weighted Fluid and edema. Identify tumour-associated

image (T2-W) swelling and distinguish between

tumour and necrotic areas.

T2-FLAIR Same as T2-W but with De ne area of tumour spread
normal cerebrospinal beyond contrast enhancement
uid (CSF) signals to guide SMR and track
removed. progression and

radiation-related changes.

di usion- Water molecule Di erentiate between high-grade

weighted image
(DWI)

movement in the brain.

tumours vs cysts and identify
ischemic damage during surgery.

apparent

di usion

coe cient image
(ADC)

Water di usion within
the brain.

De ne cell density and
determine tumour grade and
treatment response.

perfusion-
weighted image
(PWI)

Blood ow within brain
and tumour.

Di erentiate high-grade vs.
low-grade gliomas and areas of
necrosis.

magnetic
resonance
spectroscopy
(MRS)

Metabolic composition
of the tumour.

Di erentiate GBM from lower
grade metastases and assess
metabolism to monitor
treatment response.
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Concomitant radiotherapy and chemotherapy

Following surgical resection, the standard of care treatment fgprimary GBM
tumours is known as theStupp protocol and has been used in clinical practice
for the past 20 year®. In this protocol patients are treated with a combination

of radiotherapy and chemotherapy with the oral alkylating agent temozolomide
(TMZ). TMZ works by transporting methyl groups at the O® and N’ positions

of guanine, and at the N position of adenine during DNA replication, forming
cytotoxic O%-methylguanine, N'-methylguanine, and N-methyl-adeniné®. These
groups form lethal mismatched base pairs lesions, that cause single- and double-
stranded DNA breaks, which give rise to cell cycle arrest at G2/M followed by
apoptosi$®,

The radiotherapy regimen comprises of fractionated focal doses of 2 gray (Gy) per
fraction, ve days per week, over six weeks, resulting in a total dose of 60 8y
Concomitantly, patients also receive daily oral TMZ which is dosed according
to the patient's body surface area (BSA) at 75mg per square meter of BEAL.
Following the completion of radiotherapy, patients enter the adjuvant phase where
they receive six cycles of TMZ, given at a higher dosage (150{200mg per BSA) over
ve days within 28-day cycle$®°!. This combined approach has been shown to
signi cantly extend median survival from 12.1 months to 14.6 months, compared
with radiotherapy alone and has a two-year survival rate of 26.5% compared to
10.496%92, A key predictor for the e ectiveness of the Stupp protocol is the
methylation status of the MGMT gene promotef?.

MGMT methylation

MGMT is a DNA repair enzyme that protects cells from DNA mismatch damage
that, if left unrepaired, leads to apoptosis and cell deafi. Speci cally, it works by
repairing the DNA lesions created by TMZ, conferring cells' resistance to TMZ
The expression level of MGMT protein is regulated by epigenetic mechanisms;
when the gene promoter region is methylated the gene is silenced and the MGMT
protein levels are reduce®. Consequently, this reduction causes decreased DNA
repair and makes cancer cells more susceptible to TMZ-induced DNA damage,
thereby improving patient response to the treatmerff. This is why MGMT pro-
moter methylation is considered an important prognostic marker and is detailed
in the WHO CNS5 scheme as it can help clinicians predict response to standard
treatment®°1,
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Other treatments

Patients who have unmethylated MGMT promoters have a poorer response to the
standard treatment of care and have a worse 3%, Although it has reduced

e ectiveness in this cohort, the recommended chemotherapy strategy for these
patients still includes the Stupp protoco] as there are currently no better alter-
natives availablé!. In cases where patients are younger, combining TMZ with
another alkylating agent, Lomustine (CCNU) may be an option, though this ap-
proach has higher toxicity and its e cacy remains inconclusiv¥. Likewise, at
least one study has suggested that TMZ should be omitted altogether in elderly
patients (>70 years of age) with unmethylated MGMT promoters as combined
therapy results in a worse survival outcont®. There are also several novel treat-
ments/technologies that are being developed and are available to patients willing
to participate in clinical trials. These can be broadly grouped in to following
categories: 1.) Molecular therapies, e.g., EGFR inhibitors; 2.) Immunotherapies,
e.g., chimeric antigen receptor T cell (CAR-T) therapy and Dendritic vaccines;
3.) Gene therapies, e.g., clustered regularly interspaced short palindromic repeats
(CRISPR) gene editing; 4.) tumour-treating elds (TTFs); 5.) Angiogenesis
inhibitors, e.g., Bevacizumab; 6.) Stem cell therapi€¥®®. Although these ap-
proaches may show promise in future, to-date none have been superior to either a
placebo or the standard treatment of care in randomised clinical trigl%

1.4.4 De nition of GBM used in this thesis

Throughout the remainder of this thesis, the term GBM will be used to refer to
the following tumour samples, unless stated otherwise:

" Grade 4, IDHwt GBM as de ned by WHO CNS5.
Methylated/unmethylated or unknown MGMT promoter status.

Obtained from patients who received the standard treatment of care: surgical
resection followed by theStupp protocol

The rst recurrent resected tumours.

Only locally recurrent, i.e., primary and recurrent tumours from the same
brain location.
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1.5 GBM molecular subtypes

In 2008, the cancer genome atlas (TCGA) project began a large-scale, multi-
dimensional analysis of over 20,000 primary cancers and matched normal samples,
spanning 33 cancer typ€8. GBM was the rst tumour type to be pro led: the
genetic pro les of 206 GBM tumours were analysed using RNA-s€§ Subse-
guently, TCGA expanded its scope to include additional layers of cancer biology
through integrative multi-omics approaches comprising DNA methylation, copy
number variation (CNV), chromatin accessibility (e.g., ATAC-se(q), proteomics,
and immune pro ling°{%  More recently, whole genome sequencing was also
incorporated to capture non-coding alterations and identify novel cancer driver
mutations'®.

In the context of GBM, this initiative identi ed somatic alterations that were
present across 74% of tumours which a ected three main pathwa{$!°t: 1.) the
RTK pathway; 2.) the p53 tumour suppressor pathway; 3.) The retinoblastoma
(RDb) cell-cycle regulation pathway. Moreover, they highlighted the heterogene-
ity GBM tumours display and hinted towards the existence of distinct molecular
subgroups.

Building on this work, Phillips et al. transcriptionally pro led high-grade gliomas
and identi ed three distinct gene signatures that associated with di ering patient
survival outcomes: proneural, proliferative and mesenchynéf. Verhaak et al.
later expanded this framework by identifying four molecular subtypes based on
transcriptional pro ling: proneural, neural, classical and mesenchym&’. Each
subtype was linked with speci ¢ genetic alterations and distinct clinical outcomes,
that helped explain di erences in treatment response among GBM patients.

Subsequent studies further re ned the four Verhaalet al. subtypes®. The
proneural group was found to include many IDHmut GBM tumours, accounting for
the younger age and had a better prognosis observed in this subty/é. Exclud-
ing these cases aligned survival outcomes with those reported for IDHwt GBM
Additionally, the neural subtype was removed after it was shown to result from
contamination by non-malignant neural cells, as revealed through tumour-intrinsic
gene clustering®®. Thenceforth, IDHwt GBM tumours have been classi ed into
three molecular subtypes: proneural (PN); classical (CL) and mesenchymal (MES)
(Figure 1.3A). These subtypes represent distinct biological programs, each associ-
ated with speci c genetic aberrations, signalling pathways, clinical outcomes and
tumour microenvironmental pro les as discussed below.
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1.5.1 Proneural

PN subtype tumours feature aberrations in PDGFR and are enriched in genes as-
sociated more with neural and oligodendrocytic progenitor cell phenotypes. They
have high tumour purity, low levels of immune in Itration and reduced stromal cell
signals. Although, they have a more favourable survival outcome compared with
MES, they can be less responsive to aggressive treatments and have been shown to
switch at tumour recurrence. PN tumours typically have a higher transcriptional
simplicity score, i.e., their gene patterns are more homogenous/uniform and have
reduced admixture from CL or MES subtype signatures.

1.5.2 Classical

CL tumour subtypes display the Ch +7/-10 chromosomal aneuploidy signature
and resemble proliferating astroglial cell phenotypes. Most CL subtype tumours
amplify genes involved in RTK signalling, such as EGFR which has 4-fold higher
expression. They also commonly>70% of cases) display deletions in the CDK2A/B
gene, which is a well-established tumour suppressor present across multiple can-
cers. These tumours have low levels of immune cell in ltration and are the most
sensitized to intensive standard treatments, particularly at recurrence, resulting
in a better overall patient survival.

1.5.3 Mesenchymal

MES subtype tumours are most prevalent at recurrence and have the worst prog-
nosis, particularly in cases where tumours are more transcriptionally homogenous.
They are enriched for genes associated with in ammation, wound-healing and ex-
tracellular remodelling, expressing markers such as MET and CHI3L1/YKL4O0.
MES subtype tumours consistently exhibit low tumour purity and high immune
cell in Itration, mainly from the myeloid lineage immune cells such as M2 macro-
phages and brain-resident microglia. Moreover, 53% of MES tumours show fre-
guent inactivation of the neuro bromin 1 (NF1) gene. NF1 loss through inactiva-
tion results in altered cytokine production and recruitment of immune cells which
promotes an immunosuppressive and pro-tumourigenic environment.

Although GBM tumours can be classi ed into the three discrete molecular sub-
types detailed above, these labels only represent a dominant phenotype and do not
capture their full biological complexity. In reality, GBM tumours are highly het-



1. Introduction

erogeneous, comprising distinct cell populations and regions that exhibit di erent
subtype signatures within the same tumour mas¥. This heterogeneity partially
explains the observed subtype switching that can occur during GBM disease pro-
gression, such as the transition from PN to MES at recurrence - a shift commonly
associated with treatment resistance.

1.6 Glioma stem cells

Prior to the studies which molecularly proled GBM tumours, Singhet al. in
2004 presented evidence for a rare population of stem-like cell, which were termed
glioma stem cells (GSCS}!. These cells were identi edn vivo using immunode-
cient mice that were transplanted with cells expressing stemness associated cell
membrane markers such as CD133, CD15, CD44, A2B5 or intracellular markers
such as SOX2 and Nest#t'3, Singh et al. and others, reported that GSCs
could self-renew, proliferate continuously and recapitulate a GBM tumour's orig-
inal histology, suggesting that such properties enabled GBM tumours to resist
therapy, repopulate and recur. It is thought that cellular heterogeneity in GBM

is directly correlated with the size of the GSC population in the GBM tumour
microenvironment (TME): GBM tumours with higher proportions of GSCs have

a worse survival outcom&.

Initially, the prevailing view was that GSCs behaved much like other cancer stem
cells (CSCs); in that they followed a unidirectional hierarchy (Figure 1.3B) where
stem cells create progenitors which then leads to more di erentiated céfi3'16. In
this model reversibility is restricted between closely related progenitors and CSCs.
However, Bhatet al., demonstrated how PN GSCs could switch to a mesenchymal
signature when exposed to the cytokine tumour necrosis factor-alpha (TNf-that

is released by macrophag&<. Moreover, this study also mechanistically linked
GSC plasticity with TME cell signals, showing how they both facilitate treatment
resistance. More recently, a growing body of work supports the hypothesis that
GBM cells including GSCs and non-stem tumour cells can stochastically alter
their phenotypes and also revert to CSC phenotypes (Figure 1.3A&5!%°. This
plasticity has signi cant implications, as removing the GSCs population alone is
not su cient, and treatments must also account for the ability of di erentiated
cells to revert to more treatment resistant stem-like cells.

The speci ¢ mechanisms GSCs employ to resist treatment include increasing DNA
damage repair, blocking apoptotic signalling, altering DNA checkpoints, express-
ing of adenosine triphosphate (ATP)-binding cassette transporters to increase drug
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e ux and inactivating drugs by upregulating glutathione S-transferases (GSTs)
detoxication enzyme¥*.

1.7 GBM malignant cell states

Bulk transcriptional analyses such as those used to de ne the molecular subtypes
above, provide an aggregated view of millions of cells within a GBM tumour, but
do not adequately capture the variability between individual cells. In order to
achieve this much higher resolution is required and the development of single-cell
RNA sequencing (scRNA-seq) in the 2010s provided us with such a technology.
Patel et al. was the rstto pro le GBM at the single-cell level, sequencing 430 cells
across ve patients??, Cells for the same patient tumours varied greatly in their
expression of markers for di erent molecular subtypes and oncogenic signalling
(EGFR, PDGFR). Moreover, the key nding from Patel et al. was that GBM cells
reside on a continuum of stemness, hypoxia, proliferation and quiescence. This
intra-tumoural transcriptional heterogeneity may explain why novel single-target
treatments such as molecular therapies show such low e cacy, as subpopulations
of GBM cells not reliant on that target, persist and drive tumour recurrence.

1.7.1 Neftel et al. (2019)

More recently, as the cost of scRNA-seq technologies has reduced and become
more widely accessible, larger studies have con rmed and further expanded upon
Patel et al.'s seminal ndings. In 2019, Neftelet al. used an integrative approach
with scRNA-seq, cell lineage tracing and combined functional assays to compre-
hensively pro le 28 GBM tumourst?®, They identi ed that malignant GBM cell
heterogeneity is driven by four neoplastic cellular states (Figure 1.3A): astrocyte-
like (AC-like), oligodendrocyte progenitor-like (OPC-like), neural progenitor-like
(NPC-like), and a mesenchymal-like (MES-like) stat&®. The NPC-like, OPC-like,
and AC-like states express signatures corresponding to neurodevelopmental pro-
grams, whilst MES-like cells do not mirror any normal brain cells. Each tumour
comprised a mixture of multiple neoplastic cell states, present in varying propor-
tions, though the dominant state in a given tumour matched its bulk molecular
subtype. They also con rmed Patelet al.'s nding of plasticity between the cell
states using single-cell lineage tracing experiments in mice, further supporting the
hypothesis that GSCs do not follow a hierarchical di erentiation organisation. In
parallel to Neftel et al. numerous other studies found similar gradients of GBM cell
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plasticity, with some incorporating additional cellular properties such as cellular
specialization, metabolism, TME and injury responsé&!32,

1.7.2 Wang et al. (2019)

While Neftel et al.'s four-state model is a prominent framework for understanding
malignant GBM cell heterogeneity, other important and overlapping models have
also been proposed. Notably, Wangt al. used scRNA-seq to describe GBM het-
erogeneity as a bi-modal continuum along a single axis of variation (Figure 1.3A),
spanning from PN to MES phenotype®¥*. The PN end was marked by high ex-
pression of oligodendrocyte and neuronal genes and increased cell proliferation.
Conversely, the MES end was characterised by mesenchymal markers, reduced
proliferation and markers related to hypoxia and proin ammatory cytokines. A
key focus of Wanget al.'s work was to examine the classical GBM subtype, which
they found comprised of a mix of PN and MES phenotypes, enriched with AC-like
cells, mesenchymal GSCs, and variable immune cell in Itratidi®.

Crucially, the bi-directional PN to MES model aligns with Neftelet al.'s four-cell-
state model: the two MES states correspond directly, and the combined NPC-like
and OPC-like states align with PN. The AC-like state doesn't perfectly align
with either PN or MES and is considered to be a transitional state, leaning more
towards the MES.

A recent meta-analysis of over 100 single-cell and bulk transcriptomic datasets
supports the view that GBM phenotypic variation occurs primarily along a PN
to MES axis'®3. The authors argued that other previously de ned states (AC-like
and OPC-like) and subtypes (classical and neural) are better interpreted as inter-
mediate or transitional stages along this continuum, rather than discrete entities.
Notwithstanding, this evolving view re ects the dynamic and continuous nature
of GBM malignant cell identity. What remains clear is that malignant GBM cell
states mirror neurodevelopmental cell hierarchies and/or adopt programmes as-
sociated with wound-healing (MES-like) that promote GBM malignant cellular
heterogeneity. This heterogeneity poses major challenges for treating GBM: the
presence of multiple distinct malignant cell populations means that resistance and
disease progression only requires the survival of one such subpopulation.

The following section will brie y discuss what is currently known about the pro-
cesses and mechanisms that facilitate treatment resistance among malignant GBM
cell subpopulations.
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Figure 1.3 j Glioma stem cells, cell states and molecular subtypes.

A) Malignant GBM cells exist across several transcriptionally distinct states
that resemble neurodevelopmental progenitors: OPC-like, NPC-like, AC-like,
and MES-like cells. These neoplastic populations are highly dynamic and exhibit
plasticity, transitioning between states in a non-hierarchical manner. GSCs sit at
the apex of the GBM stemness/entropy hierarchy, facilitating these transitions.
Each progenitor-like state is in uenced by speci ¢ genetic, microenvironmental,
and therapeutic cues, which act as attractors driving transitions between states.
GBM tumours comprise varying proportions of neoplastic cell states, which
collectively underpin TCGA molecular subtypes: Proneural are enriched in
NPC-like and OPC-like; classical are dominated by AC-like; and MES are
characterised by the MES-like cell stateB) lllustration of normal,

unidirectional, neuronal cell di erentiation. Progenitor cells can self-renew;
however, they do not switch once committed to a lineage. Created using
BioRender.

1.8 GBM treatment resistance

Treatment resistance of malignant GBM cells following standard therapy is a ma-
jor therapeutic challenge against limiting GBM disease progression. It is well-
established that malignant GBM cells survive standard-of-care treatment, by ac-
tivating mechanisms that protect against and/or reverse the e ects of standard
therapy'?. However, it is unclear whether therapeutic intervention is the driver
of resistance in GBM, i.e. does it exert a selective pressure that facilitates the
survival of resistant subclones in a Darwinian-like manner?

To answer this, Barthelet al. and Kerber et al. independently pro led the evolu-
tionary trajectories of paired GBM tumour sample&-’2. Both studies found that
genetic alterations present inprimary GBM tumours, persisted and remained
unchanged through treatment. These ndings suggest that standard treatment
exerts minimal selective pressure on GBM cell populations and that resistant cells
arise from enrichment of pre-existing genetic diversity rather than newly acquired
mutations. Building on this, Varn et al. and Hoogstrateet al. considered how
transcriptional, rather than genetic changes, between paired GBM tumour samples
contribute to treatment resistancé3*13%,

Varn et al. found enrichment of pro les associated with neuronal signalling and
mesenchymal transition within recurrent GBM cell$*®. This shift was largely
driven by speci c interactions within the TME, most notably, increases in myeloid
cells associated with the MES-like GBM cell state. Similarly, Hoogstratet al.
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found that GBM tumour progression through treatment was characterised by
decreased tumour purity, marked by a reduction in malignant GBM cells and
an increase in normal brain cells, tumour-associated macrophages and vascular-
mediated remodelling of the extracellular matrix3*. Wang et al. further validated
these ndings using a multi-omics approach that integrated single-cell and spatial
transcriptomics with proteomics to pro le 86 matched GBM tumour samples®.
Building on their previous work which identi ed the PN to MES axis of varia-
tion in GBM cells, they found that most GBM patients undergo a shift (shaped
by treatment) from PN to MES at recurrence. This transition toward a more
resistant phenotype is driven by the upregulation of transcriptional programmes
associated with in ammation/invasiveness and sustained by speci ¢ immune cell
interactions with GBM cells, such as tumour-associated macrophag&s

We recently pro led 107 paired GBM tumour samples and strati ed patients into

Up and Down responders based on the di erential dysregulation of cancer cell-
intrinsic genes regulated by a chromatin remodelling compl&X. Up responders
were more quiescent, expressing proneural phenotype markers, whereas Down re-
sponders were more proliferative, expressing mesenchymal phenotype markers.
These di erences were demonstrateih vitro and ex vivousing GBM models and
were also found to be in uenced by distinct non-malignant cell populations within
the GBM TME.

Collectively, all these studies indicate that GBM evolution is driven by reorgani-
sation and adaptation of the TME with signi cant involvement of non-malignant
cells, including immune, stromal and vascular components.

1.9 GBM tumour microenvironment

GBM tumours do not solely comprise of a homogenous mass of malignant cells, in-
stead malignant GBM cells are heavily in uenced by their surrounding TME38:139,
The GBM TME is a highly dynamic niche which through complex interactions fa-
cilitates tumour growth, immune invasion, treatment resistance and also directly
in uences the frequency of cells in each neoplastic cell st&& In addition to
malignant cells, the GBM TME is comprised of non-cancerous, normal brain cells
(astrocytes, oligodendrocytes, neurons and microglia); tumour-resident and in |-
trating immune cells (of myeloid and lymphoid lineages); vasculature components
(pericytes and endothelial cells); and a rich milieu of extracellular components
such as proteins, cytokines, and metabolic factdi§14°,
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1.9.1 Non-cancerous brain cells

Astrocytes

Astrocytes are the most abundant cells within the brain ( 50% of all cells) and
are critical for maintaining neuronal homeostasté!. They achieve this by per-
forming varying functions depending on their phenotype and location within the
brain e.g., they regulate the blood-brain barrier (BBB) through interactions with
vasculaturé#!. They also modulate the release of neurotransmitters between neu-
rons and are involved in repairing damaged tissue following injury. With respect
to the latter, astrocytes undergo a process known as astrogliosis where they switch
to a reactive astrocyte phenotype that promotes wound-healing by upregulating
growth factors and adhesion proteind!. In GBM, malignant cells can hijack this
response and spawn tumour-associated reactive astrocytes (TARX$)}42. These
abnormal astrocytes facilitate GBM tumourigenesis by secreting chemokines such
as transforming growth factor-beta (TGF ) and interleukin 6 (IL-6), which is
associated with a more in ammatory, MES-like cell state. TARAs are also impli-
cated in being able to assist GBM cells boost their cell metabolism, by horizontal
transfer of mitochondria via microtubules*®. They have also been shown to able
to form gap junctions between GBM cells in order to exchange toxins and small
molecules to avoid programmed cell deatff144,

Oligodendrocytes

Oligodendrocytes are another important glial cell within the brain responsible for
maintaining homeostasis by mediating neural plasticity and coordinate metabolic
support to neurons through axon myelinatio®*146, Myelin is a fatty-acid layer
which ensheathes neurons bres, increasing the speed and e ciency of neural elec-
trical signals, that are essential for cognitive functiotf’. Although the turnover

of myelin in the brain is high, oligodendrocyte turnover is extremely low (1 in
3000 cells per annum), suggesting that this process is facilitated by mature oligo-
dendrocytes*®. In GBM, they are most commonly found at the tumour margins
suggesting they are implicated more with GBM migration/in Itration at the resec-
tion border, as opposed to proliferatiot®. This has been determined experimen-
tally where inhibiting cytokines released by oligodendrocytes such angiopoietin-2
resulted in reduced in Itration and increased patient survival*®. One way they
support GBM cell in ltration into the brain parenchyma is by promoting angio-
genesi&®.
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Neurons

Parenchymal neurons are a crucial constituent of the GBM TME as they di-
rectly interact with malignant GBM cells, exerting mitogenic e ects that pro-
mote tumour growth. They do this by secreting the synaptic protein neuroligin-3
(NLGN3), and to a lesser extent the brain-derived neurotrophic factor (BDNF)
which induces the PI3K/AKT/mTOR signalling pathway (PAM) !, The PAM
pathway is highly conserved in eukaryotes and regulates cell survival, growth and
proliferation by tightly modulating many additional pathways: its dysregulation

is observed across multiple cancer typ®8. GBM cells have also been shown to be
able to integrate into neural circuits by expressing synaptic genes and forming glu-
tamate receptor-dependent synapses with neurdfid'>4. These synapses facilitate
the transfer of electrical signals between normal neurons and GBM cells. More-
over, because GBM cells are often connected to each other via gap junctions this
results in the formation of electrically coupled networks, where electrical impulses
can easily propagate throughout the tumour®%4. This phenomenon could also
explain why some GBM patients experience seizures that are typically only seen
in cases with the worst prognosfS. The degree of connectivity between GBM
cells and neurons in the GBM TME correlates with a worse patient survival and
increased impairment of cognition, as demonstrated in patients when performing
lexical retrieval language tasks during awake surgefy.

1.9.2 Immune cells

The CNS (and by extension the GBM TME) has historically been considered to be
immune-privileged, owing to the presence of the BBB. Consequently, brain tissue
defence heavily relies on innate mechanisms mediated by normal brain cells such
as neurons, astrocytes and also brain-resident immune cells such as micréglia
This view has now shifted with the discovery of lymphatic drainage systems such
as the meningeal lymphatic compartment located under the skull and drainage to
the cervical lymph node compartmeni®®. These systems have been demonstrated
within mouse model$®’, but the relevance to GBM remains unknown: the brain
parenchyma is not directly connected to these compartments, and primary GBM
metastases are raré€®, More recently, tertiary lymphoid structures (TLSs) have
been found in GBM which may serve as sites for T cell priming and immune
in Itration 1°9.
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Myeloid cells

Macrophages and microglia (collectively known as glioma-associated macrophages
(GAMS)) are the most abundant immune cells found within the GBM TME, com-
prising up to 50% of all cell§®®. Microglia are brain-resident macrophages which
derive from yolk sac precursors during embryonic development and self-renew in
the CNS'°. In contrast, macrophages are derived from bone-marrow progenitors
that migrate to the CNS as monocytes and then di erentiate in response to lo-
cal stimuli*®®. Microglia are found located within the brain parenchyma, whereas
macrophages are found near blood vessels and in the brain meninges { the outer
layer between the brain and the inner skull bor#€!. Further, in GBM, microglial
GAMs are found in the tumour margins and in ltrating zones, whilst macrophage
GAMs are more prominent in tumour recurrence and areas of necrosis where there
is high hypoxiat®2. Phenotypically, GAMs are heterogeneous, sitting on continuum
between two functional extremes: a pro-in ammatory (M1) state and an immuno-
suppressive, tumour-promoting (M2) staté®?163, They also exhibit a large degree
of plasticity being able to move between M1 and M2 phenotypes in response to
external stimuli.

M1 GAMs directly kill tumour cells by phagocytosis and induce the adaptive im-
mune response by presenting antigens to T cells and also releasing cytokines such
as TNF , and IL-6'%41%5 M2 GAMs promote GBM tumourigenesis by releasing
cytokines such as TGF, vascular endothelial growth factor (VEGF) which pro-
motes angiogenesi®. They also release matrix metalloproteinases (MMPSs) such
as MMP2 and MMP9 which degrade and remodel the GBM extracellular matrix,
hampering cell-cell communication and creating favourable conditions for tumour
in Itration 167, Hypoxia induced M2 GAMs release VEGF which can promote
epithelial-to-mesenchymal transition (EMT) programs in GBM cell$®8. Similarly,
M2 GAMs can also directly induce the MES-like cell state in GBM cells by bind-
ing to the oncostatin M receptor (OSM}3*2. Immunosuppression by M2 GAMs is
achieved by releasing interleukin 11 (IL-11) to recruit additional GAMs which can
then inhibit the activation of T cells, natural killer cells (NK cells) and dendritic
cells (DCs)®°. The paracrine mechanisms employed by M2 GAMs that create an
immunosuppressive TME can equally be initiated by GBM celt€°.

DCs are another important myeloid lineage cell within the GBM TME. DCs are po-
tent antigen-presenting cells which capture GBM tumour antigens and co-ordinate
the adaptative immune response by activating T cells and B celf8. Although
they comprise a very small proportion of all cells within the GBM TME, they
act as an important bridge between the innate and adaptive immune responSe
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Given this fact, a group of emerging treatments have attempted utilise DCs to
promote a tumour-speci ¢ immune response through e ective tumour antigen pre-
sentation in the form of dendritic cell vaccines (DCVsSY?2. The purported bene t
being that DCV generate cytotoxic anti-tumour responses against multiple GBM
tumour antigens compared with other therapies which are more antigen specic
such as CAR-T therapie$’:172,

Lymphoid cells

NK cells are lymphoid cells that form part of the innate immune response and
can recognise GBM tumour antigens without any prior sensitisation, triggering a
cytotoxic cascade which kills tumour celfs3. They are located within the perivas-
cular niches and tumour margins in the GBM TME, though can migrate into the
brain parenchyma when the BBB is compromised and more permeabfe In vitro
studies have shown that healthy NK cells can directly kill GBM tumour cells by
releasing granzymes, perforins and also indirectly, by releasing pro-in ammatory
cytokines such as interferon-gamma (IFN)’4. To counteract this, GBM cells
within the TME release immunosuppressive cytokines such as TGFwhich di-
rectly inhibits NK cell receptors, resulting in them displaying an \exhausted"
phenotype’. Most, nucleated, healthy cells express major histocompatibility
complex (MHC) Class | proteins on their surface which NK cells use as an in-
hibitory ligand to identify \self" cells 1’¢. GBM tumour cells, which either lose the
ability to, or which lowly express MHC class I, exploit this process by expressing a
di erent inhibitory ligand HLA-E 178177 This results in NK cells being present in
the GBM TME but often in non-functional or inhibited states, which may present
a therapeutic opportunity’.

Other lymphocytes within the GBM TME include B cells and T cells, which form
part of the adaptive immune responsé®. Although they have not received as
much attention as myeloid lineage cells or T cells, B cells play an important role
within the GBM TME 17°. Their primary role involves di erentiating into mature
Plasma B cells, which secrete antibodies in response to GBM antigens and also
antigen-presenting to T cells, via MHC class Il surface protei¥. However, they
can also undermine immunity by secreting immunosuppressive cytokines such as
interleukin 10 (IL-10) and TGF by acquiring a regulatory B cell (Breg) phenotype
through interactions with GAMs!®!, Given these dual roles, their e ects on GBM
tumourigenesis are highly location- and cell interaction-dependent.

T cells are the main e ector cells involved in the adaptative immune response
within GBM tumours. They can both, promote and suppress tumour progres-
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sion, which is partly attributed to presence of di erent T cell subpopulations that
collectively comprise 1-5% of all cells within the GBM TME®2183 The main
subsets of T cells that are widely discussed in relation to GBM tumours include
CD8" cytotoxic T lymphocytes (CTLs); CD4* T helper cells (Ths); and CD4
regulatory T cells (Tregs)®2.

CD8" CTLs are e ector immune cells which recognise and lyse MHC class |,
tumour antigens that are expressed on antigen-presenting cells such as DC or
GAMs!84, CD4" Ths are much less prevalent than CTLs and are found located
within the perivascular niched®3., These cells are called \helper" cells as they
can induce CD8 CTLs activity by releasing cytokines and also are involved in
promoting B cell activation and proliferation'®3, CD4* Tregs are de ned by the
additional expression of forkhead box P3 (FOXP3) and are tumour-promoting
cells and associated with immunosuppression and a worse patient prognésis
Moreover, they are also speci cally associated with hypoxic conditions and an
ability to suppress CTLs®. T cells within the GBM TME exist in a number of
dysfunctional cell states: tolerance, ignorance, anergy and exhausti$ite’:

Tolerance - T cells fail to respond to antigen-presentation signals either due to a
lack of a positive co-stimulatory signal or the presence of inhibitory signaf§.

Ignorance - fully functional T cells fail to elicit an immune response either due to
GBM tumour antigens being are anatomically separated and therefore, not easily
accessible, or because GBM cells have downregulated their tumour antigéhs

Anergy { T cell activation requires both an antigen-speci ¢ and non-antigen spe-
ci ¢ signal (co-stimulation); when the latter is missing, T cells become unrespon-
sive!®, GBM cells contribute to this by reducing the expression of co-stimulatory
molecules on antigen-presenting celfS.

Exhaustion { a process where nasve T cells are exposed to a chronically high anti-
gen loads such as in GBM tumours, causing to them enter into a reversible, evo-
lutionarily conserved (to avoid causing damage to normal tissue) hypo-functional
state'®>19, When in this state T cells upregulate the expression of inhibitory im-
mune checkpoint molecules, such as programmed cell death protein 1 (PBg1)
GBM cells also express these same inhibitory immune checkpoint molecules, in-
ducing T cell exhaustion and dampening the cytotoxic e ect of CD8 CTLs*%,
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1.9.3 Vasculature components

The BBB is a distinguishing feature of brain tissue. In healthy individuals it
provides a highly selective barrier that regulates cerebral blood circulation into
the brain parenchyma, protecting it from infectious agents and toxic substances,
including many therapeutic agent®?1%3, The BBB is made up of a complex
network of arteries, arterioles, capillaries, venules, and veins that are organised
into neurovascular units (NVUs)®3. The speci ¢ cells which comprise the NVUs
include endothelial cells, mural cells and astrocytic foot processes. Additionally,
microglia are also thought to interact with the NVUs in order to regulate and
repair the BBB in response to injury®>1%,

Endothelial cells make up the vessel lumens that form the BBB and are func-
tionally and morphologically distinct compared with other endothelial cells in the
body. Speci cally, they are sealed (with endothelial cells) via tight, adheren and
gap junctions, and also express low levels of leukocyte antigens that limit immune
cells from entering the brain parenchyng*1%,

Mural cells include vascular smooth muscle cells and pericytes that are both lo-
cated on the abluminal surface of endothelial cet¥. The smooth muscle cells
are found within larger arteries and veins and are separated from the endothelium
by an extracellular matrix layer!®2, In contrast, pericytes are directly embedded
between endothelial cells and astrocyte end feet projectidfs

1.9.4 Microenvironmental heterogeneity

The cells within the GBM TME are compartmentalised into three anatomically
distinct regions or niches (Figure 1.4): perivascular region (PVR), hypoxic tumour
core and the invasive eddé®1%’. Each of these regions facilitate GBM tumourige-
nesis in di erent ways and favour speci c cell interactions between GBM, stromal
and immune cells, with vasculature being a central player across all three regions.

Perivascular region (PVR)

GBM tumours feature abnormal angiogenesis, mainly caused by the increased
expression of VEGE®, Neoplastic GBM cells (CD133) actively express VEGF
and other angiogenic factors which cause the detachment of pericytes from the
basement membrane of the BBB, by destroying tight junction protein€®. This
results in enlarged, \leaky" blood vessels that present as glomeruloid structures
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known as MVP; which is a hallmark of GBM®. The compromised BBB allows for
circulating immune cells such as monocytes to enter into the brain parenchyma and
di erentiate into more M2-like GAMs 2%, These activated GAMs further promote
tumour progression by releasing cytokines that increase vascular permeability,
inducing cerebral edem®*; hamper the T cell response by causing an exhausted
state??; facilitating neoplastic GBM cell proliferation and resistance to standard
treatment?°3; and by recruiting additional myeloid lineage celf®4.

Hypoxic (necrotic) tumour core

A compromised BBB leads to the inconsistent ow of oxygen around the GBM
tumour. Initially, this causes regions of hypoxia to develop, but later this also
results in areas of cell necrosi¥. In response to this, GBM cells elongate their
nuclei and align into rows around the centres of necrosis, termed pseudopalisading
necrosi$’®1%’. The exact reason as to why GBM cells organise into palisade-like
structures is not entirely clear and may include edema-enhanced vessel collapse;
vascular regression, or microscopic intravascular thrombosis driven by overexpres-
sion of pro-coagulant®>2%, These regions are regulated by the increased ex-
pression of hypoxia-inducible factor 1-alpha (HIF1) which, promotes GBM cell
stemness; causes the release of immunosuppressive cytokines; increases resistance
to therapy; and overall, is associated with more aggressive GBM tumo#g?%2°’.

High hypoxia, necrotic regions are also typically associated with immunosup-
pressed immune cells such as macrophages and T é&ls It is suggested that
these cells are initially attracted by proin ammatory signals caused by necrotic
cell death and then later sequestered by a combination of being trapped (sur-
rounded by pseudopalisading cells) and/or via upregulation of HIF?%, More
recently, several studies have found that the MES cell state comprises increased
hypoxic regions, and is associated with macrophages which induce the neoplastic
state in GBM132:208,

Invasive (in Itrating) edge

Di use tumour in ltration into the healthy brain parenchyma is a distinguishing
feature of GBM and makes maximal surgical resection an impractical t&SkGBM
cells do not metastasise via lymphatic systems or through the vasculature, instead
they spread by displacing astrocytes that are associated with blood ves$®ls
The invasive edge denotes regions located at the tumour periphery or margins. As
GBM tumours progress, this niche becomes incorporated into the main tumour
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mass and subsequently transitions, rstinto the PVR and then nally into hypoxia
tumour core niches'®,

GBM cells at the invasive edge integrate into neural circuits by enhancing synapse-
associated gene expression and directly forming synapses with healthy
neurong®1:153.154 - Astrocytes are also important stromal cells located at the in-
vasive edge as GBM cells link with them via tumour microtubules to transfer
molecules and organelles to facilitate increased metabolic proce&8eé*1>4 The
invasive edge also comprises increased numbers of reactive astrocytes which pro-
duce growth factors, metabolites and cytokines as part of a wound healing response
that increases gliomagenesi¥-?!, Compared with the PVR and tumour core re-
gions, the invasive edge is also enriched in microglia which promote invasion by
releasing matrix metalloproteinases that degrade the extracellular matrix within
the healthy brain parenchyma®2.

1.9.5 Spatial heterogeneity

Recently, Greenwaldet al. applied spatial transcriptomics and proteomics to
further characterise the known anatomical regions of GBM at the single-cell res-
olution?!®, The main focus of this work was then situ spatial mapping of the
malignant GBM cellular sates that were previously identi ed by Neftelet al.?,
Their key nding was that GBM tumours are characterised by a combination of
spatially structured and disorganised regions, with the former being particularly
prominent in high-grade gliomas such as IDHwt GBM. Within these structured
regions they identi ed a higher-order organisation comprising of ve repeating
and adjacent layers, extending from hypoxic cores outward to areas resembling
normal brain parenchyma. The layers are maintained by recurring pairwise inter-
actions between speci ¢ malignant cell states and non-malignant cell types and
primarily driven by hypoxia, with less hypoxic areas showing reduced structural
organisation.

The ve layers proposed by Greenwaldet al. each aligned with the classical
anatomical regions found in GBM (Figure 1.4), but extended this understanding
by adding a molecular and cellular framework to explain how these histological
features arise. Layers 1 and 2 correspond to the hypoxic, necrotic tumour core and
the surrounding hypoxia-adjacent zone, respectively. Layer 3 aligns with the PVR
and is adjacent to Layer 4 which represents the neurodevelopmental malignant
cell states (OPC-like, AC-like and NPC-like). Layer 5 aligns with the invasive
(in ltrating) edge and is adjacent to the normal brain parenchyma.
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Figure 1.4 j GBM TME cellular heterogeneity.

lllustration depicting the three main anatomical regions found within GBM
tumours: PVR, hypoxic tumour core and the invasive edge. The PVR features a
compromised BBB and immune cell in ltration of monocytes which di erentiate
into macrophages. The activated macrophages release cytokines which suppress
T cells in the PVR. GSCs within the PVR release cytokines, breaking down
vasculature cells to promote tumour growth and therapy resistance. The hypoxic
tumour core comprises a pseudopalisading rim and the necrotic core. The rim is
associated with suppressed macrophages and T cells and an increased presence of
MES-like neoplastic GBM cells. The invasive edge is the interface between the
tumour margin and the brain parenchyma. The GBM cells migrate along the
blood vessels displacing astrocytes, degrading the healthy brain extracellular
matrix components and forming direct connections with neurons. This region is
also associated with a large proportion of brain-resident-microglia and astrocytes
which exhibit a more reactive phenotype. Also depicted are TLSs, which are
thought to serve as localized sites of immune cells which facilitate T cell priming
and immune cell in Itration into the GBM TME.

1.10 Computational investigation of the GBM
TME

Several genomic techniques and computational tools exist to allow researchers to
study the transcriptome of GBM tumours’'®. The most widely used approach
in this space, involves quantifying ribonucleic acid (RNA) abundances (RNA se-
guencing (RNA-seq)) for di erential gene expression analysis across di erent tis-
sues and conditions (e.g., normal vs diseased tissti&) More recent advancements
have also integrated higher-resolution, single-cell information (including spatio-
temporal information), enabling us to gain much deeper insights into the di erent
layers of heterogeneity present within the GBM TME6,

The work presented in this thesis is focussed on RNA-seq data as this repre-
sented the primary form of molecular pro ling available for our paired GBM tu-
mour samples. Notwithstanding, it is also important to acknowledge that other
genomic sequencing technologies, including whole-exome and whole-genome se-
qguencing which consider DNA rather than RNA, o er complementary insights
into the mutational and structural alterations underpinning GBM tumour biol-

ogy.
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1.10.1 RNA sequencing

Bulk RNA sequencing

Bulk RNA-seq combines the gene expression pro les of all cells within a tumour
sample. This approach has a number of advantages over other RNA-seq tech-
niques: 1.) It is well-established, making it cost-e ective across large samples
sizes; 2.) There are many, well-supported methods/tools available for downstream
analyses such as read alignment and abundance quanti cation; 3.) It has good
read depth range between 5 million { 200 million reads per sample, allowing better
detection of low-abundance transcrip@+215217. However, the main limitation of
this method is that averaging signals within entire tissue samples makes it di cult

to di erentiate signals in heterogenous tissues such as GBM. This averaging
can also obscure biological variability between samples by masking rare cell popu-
lation signals such as neoplastic GBM cells or in Itrating immune cells, in favour
of more dominant cell types!8.

Single-cell RNA sequencing

ScRNA-seq overcomes the main limitation of bulk RNA-seq by quantifying tran-
scripts across individual cells within a sample. This enables better identi cation
of rare cell subpopulations and gene patterns associated with specic cell func-
tions and/or phenotypes. Moreover, this technique also enables lineage tracing of
individual cells providing information about cell development and di erentiation
processe®®. In order to pro le individual cells, they need to be dissociated from
the tissue which is a signi cant technical limitation of this approach as it induces
stress and can result in the loss of more fragile cells such as neuf&hsThe tech-
nique is also expensive and labour-intensive, making it currently impractical for
large-scale studies®. There is also the increased prevalence of \dropout" events
with scRNA-seq caused by low amounts of RNA in individual cells, ine cient
RNA capture, and the stochasticity of RNA expressiofi®.

Single-nucleus RNA sequencing

Single-nucleus RNA sequencing (snRNA-seq) is a variant of scRNA-seq which
attempts to overcome the limitation of cell dissociation by only isolating and
sequencing the nucleus of a c8?. This is particularly useful in GBM samples
where enzymatic dissociation is challenging due to the presence of large fragile
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cells that are often tightly connected?!. There is also no requirement for live cells
making it ideal for analysing archived formalin- xed para n-embedded (FFPE)
and frozen GBM samples. This reduces the dissociation-inducing cell stresses,
resulting in a more in situ representation of gene expressiéh The limitation of

this technique is that it only captures nascent RNA transcripts; while this makes

it useful for understanding gene regulation processes, it does neglect cytoplasmic
RNA signals?®. Consequently, it captures fewer overall transcripts compared to
scRNA-seq and also results in signals that comprise more intronic regiéfis

1.10.2 Cell deconvolution

Deconvolution refers to a computational approach used to separate signals corre-
sponding to di erent sources of variations within RNA-seq dat&*. Whilst this
approach can be used in the removal of unwanted sources of variation, known as
batch-e ect correction??®, we will only focus on its use for delineating biological
signals corresponding to cell phenotypes. In the context of the GBM TME, de-
convolution can tell us what fraction of a tumour sample is composed of immune
cells, stromal cells and neoplastic GBM cells using only the bulk gene expression
data. Being able to obtain extra resolution from bulk RNA-seqjn silico, is an
attractive proposition, not least because the alternative single-cell based technolo-
gies are prohibitive towards this end, owing to their labour-intensiveness and high
cost?*. Although, there are a plethora of di erent deconvolution tools available
to users ( 50 in the past 15 years), these broadly fall into two distinct categories:
supervised (reference-based) and unsupervised (reference-freeftbol

Supervised (reference-based) approaches

Supervised cellular deconvolution methods rely oa priori knowledge, supplied

in the form of a non-negative expression matrix that contains the gene expression
pro les of the cell-types of interest?#226.227. These reference pro les can be de-
rived from puri ed cells, sorted populations, or sScRNA-seq data. Most supervised
deconvolution methods use either linear regression or machine learning algorithms
(e.g., support vector regression) to determine the combination of reference pro les
that best \ t" the bulk RNA-seq data 2?’. CIBERSORT and CIBERSORTX are
two popular examples of supervised approaches, though many other techniques
also exist?822%, There are also a smaller number of supervised methods such as
MuSiC which employ probabilistic models to estimate cell type proportions by
assessing the similarity between bulk and reference pro f€8. The accuracy of



1. Introduction

all supervised methods depends greatly on the quality of the reference data sup-
plied?!. Poor references that contain cell types which are missing in the bulk
sample, can lead to miss-assignment or omission of cell populatiths

Unsupervised (reference-free) approaches

Unsupervised cellular deconvolution methods do not require a pre-de ned refer-
ence; instead, they treat deconvolution as a blind source separation problem and
attempt to infer cell type proportions directly from bulk RNA-seq date?4226:23L,
These methods rely on non-negative matrix factorisation (NMF) to decompose
bulk RNA-seq matrices into two smaller matrices that represent cell type expres-
sion pro les and their proportions’®*. A popular example of an unsupervised
deconvolution method is DECODER?®2. Although these methods o er the conve-
nience of not needing a reference they tend to underperform in benchmarkitty
This may be because they rely entirely on mathematical decomposition which can
produce solutions that lack clear biological interpretation. Moreover, some un-
supervised methods assume that cell types are not correlated, which is not often
the case with some cell types (e.g. immune cells) that share common expression
pro les?226:227,

Semi-supervised approaches

Semi-supervised cell deconvolution methods o er a blended approach where they
use partial a priori knowledge in the form of cell-type speci ¢ marker to estimate
proportions from bulk RNA-seq dat&®'?23, These methods also utilise both NMF
and linear regression algorithms, but they constrain the decomposition solution
space using the supplied cell-type market®. A popular example of an unsuper-
vised deconvolution method is MCPCounteéf®. Although this approach o ers the
advantage of being able to detect cell populations that may not be as well char-
acterised, its accuracy relies on marker completeness and speci city to the bulk
RNA-Seq dat§24,226,231,233_

1.10.3 Spatial transcriptomics

Spatial transcriptomics is an emerging eld which combines sequencing and imag-
ing in order pro le RNA, whilst preserving spatial information?3®. This is partic-
ularly useful in the context of GBM, as it can provide a multidimensional view
of the TME by combining cell phenotypes with neighbouring interactiorfs®. Fur-




1. Introduction

ther, this information can be used to better understand how cell-cell interactions
change throughout the di erent anatomical regions within the GBM TME and
also through treatment. This is a rapidly changing eld, with new technologies
being developed all the time. The current methods can be grouped according to
how they capture spatial information: array based (solid-phase) methods aral
situ (comprising RNA-seq and uorescence-based imaging) methdtfs

Array-based methods

These methods use a solid surface such as a glass slide comprising millions of bar-
coded oligonucleotideS®. Tissue sections are placed directly onto these slides and
permeabilised to remove the RNA which is then reverse-transcribed, sequenced
and then aligned back to original slide using the positional barcodes. The 10X
Genomics Visium platform is a popular example of this method, though it di ers

in that glass slides are organised into arrays made up of 5000 spots (ea&db m

in diameter and spaced 100m apart) to capture the transcripts from multiple
cells per spot'®2%*, These methods are high-throughput and can be used with
both FFPE and frozen samples. One major limitation with these methods is that
older approaches do not o er single-cell resolution: it is limited to the size of each
spot which itself often comprises multiple celf$®. Notwithstanding, some newer
technologies have addressed this by using more densely packed spots to capture
near single-cell resolutiof?’:238,

In situ methods

GeoMX and CosMX digital spatial pro ling, developed by Nanostring, are both
examples of selective barcodingn situ methods, o ering whole transcriptome
and single-cell resolution, respectivefy®. They dier from solid-phase methods
by using uorescently-labelled RNA probes that are cleaved, in situ (using ultra-
violet light) and then sequenced over multiple cyclé®’. One limitation of this
technique is that currently, CosMx uses a pre-de ned 6000-gene marker panel
which may not accurately capture speci c cell phenotypes and states.

In situ hybridization (ISH) is an established technique that is routinely used in
clinical practice for diagnosing and classifying GBM tumoufg1é. It involves
the use of radioactive-, uorescent- or colorimetric-labelled nucleic acid probes to
visualise DNA and RNA*°, The advantage of this method is that it o ers high
spatial resolution (sub-cellular, nanometer scale), but with much lower throughput
and an higher technical demand due to it being probe dependétt
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1.10.4 Spatial proteomics

IHC remains a cornerstone of clinical pathology for disease diagnosis and moni-
toring?*%, but its limited capacity for multiplexing restricts its utility in complex
environments like the GBM TME?*2. Spatial proteomics overcomes this limita-
tion by enabling the simultaneous mapping of dozens of proteins across whole
tissue section®?. Unlike spatial transcriptomics, it o ers a more stable view of
cell phenotypes, as protein expression is less stochastic than RNA expression and
can capture features such as post-translational modi catioA&?44. Spatial pro-
teomics is a rapidly evolving eld, with current technologies broadly divided into
mass spectrometry{based and multiplexed uorescence{based approadits

Mass spectrometry-based methods

These methods extend cytometry by time-of- ight (CyTOF) technology by quan-
tifying antibodies (up to 40) for proteins of interest that have been tagged with
heavy metal isotope$®. The antibodies are used to stain tissue sections, which
are ablated pixel by pixel ( 1 m) and the vaporized tissue is analysed by CyTOF.
The resulting multiplexed images feature pixels where each one has multiple value
corresponding to abundances of the proteins used. The bene ts of this approach
are that it can be applied retrospectively, using archived tissues in FFPE and
also there is very little signal contamination compared with uorescence-based
techniqueg*®. Imaging mass cytometry (IMC) and multiplexed ion beam imaging
(MIBI) are prominent examples of mass-spectrometry-based spatial proteonfits

Multiplexed uorescence-based methods

These methods extend immuno uorescence microscopy to detect up to 50 proteins
by iteratively staining tissue sections in cycled?.

Co-detection by indexing (CODEX) is one such popular example that utilises
uorescently labelled DNA-barcoded antibodie¥®. These methods o er high-
sensitivity and high-resolution (sub-cellular) whilst also being non-destructive,
unlike mass-cytometry based methods, allowing additional assays and H&E stain-
ing to be performed*?. However, the uorophores used to identify proteins of
interest can generate background signals (auto uorescence) { an e ect that can
be compounded over multiple imaging cyclé¥.
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1.11 Hypothesis

Malignant GBM cells exhibit high plasticity, transitioning between distinct tran-
scriptional states in response to standard therapy. These neoplastic cell states
align with neurodevelopmental hierarchies and wound-healing programs, and are
shaped by the non-malignant components of the GBM TME, comprising immune,
stromal and vasculature cells. Furthermore, the GBM TME is organised into sub-
anatomical regions and structured layers, each with unique cellular compositions
and interactions that sustain and promote gliomagenesis. To understand and ul-
timately target treatment resistance in GBM, it is essential to characterise how
cell type proportions, interactions, and dynamics within the TME change through
treatment.

1.12 Aims & Objectives

In order to e ectively investigate treatment-associated changes in the GBM cel-
lular landscape requires longitudinal samples across multiple patients at scale.
Currently, the largest dataset we hold that meets this criterion is at bulk RNA-
seq level, generated from a large cohort of paired (primary and recurrent) GBM
patient samples. However, these data lack the resolution provided by single-cell
approaches, making it di cult to accurately resolve the cellular landscape of GBM.

To overcome this, | will apply cellular deconvolution techniques to our bulk RNA-
seq data in order to estimate the cellular composition of each tumour sample. | will
rst develop a GBM-speci ¢ deconvolution tool tailored to this purpose (Chapter

2). Following this, | will deconvolute our paired, bulk RNA-seq GBM patient
samples and examine how the cellular landscape changes through treatment and
how these changes are associated with clinical outcomes or treatment response
(Chapter 3). Finally, I will validate the ndings using spatial proteomics to gain
higher-resolution insights into GBM TME cell-cell interactions (Chapter 4).

The chapter-speci ¢ aims & objectives are detailed below and in Figure 1.5. In ad-
dition, details of my individual contributions, including the extent of any inherited
work, are also provided.
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1.12.1 Chapter 2 - aims & objectives
Aim

Derive a GBM tissue-speci ¢ reference signature for cell deconvolution.

Objectives

1. Collate publicly available scRNA-seq data from brain, GBM and other high-
grade glioma tissues.

2. Integrate datasets, annotate distinct immune cell types.

3. Derive a reference signature matrix and marker list comprising markers that
delineate each immune cell type.

4. Benchmark cell deconvolution methods and select the best-performing
method for inferring cell types using bulk RNA-seq data.

Contribution & prior work

The data used in this chapter were obtained from publicly available sources prior
to the start of my work. My contributions began with the quality control and
standardisation of the datasets, followed by the identi cation of tissue-speci c cell
type markers. This included the incorporation of neoplastic cell type markers
previously de ned by Neftel et al.t?3. The cell deconvolution methods employed
were established and published approaches, with their core methodologies left
unchanged. However, the input components - speci cally, the marker gene panel
and single-cell expression reference matrix - were curated and expanded to better
re ect GBM tissue-speci c pro les. The optimal combination of method and input
was then implemented as a web application (GBMDeconvoluteR), which | fully
developed and deployed.

Additionally, |1 performed all analyses presented in the published manuscript as-
sociated with this chapter, including orthogonal validation using IMC. Further
details of my contribution to the IMC experimental work can be found in subsec-
tion 1.12.3.
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1.12.2 Chapter 3 - aims & objectives
Aim

Deconvolute bulk RNA-seq data from paired GBM patient samples.

Objectives

1. Obtain cell-type proportion estimates for all paired GBM tumour samples
using the best-performing cell deconvolution method (from chapter 2).

2. Investigate how cell-type proportions change through treatment and which
speci c cell types are correlated with changes through treatment.

3. Associate cell type changes with patient survival outcomes.

4. ldentify if there any prognostic and predictive features based on changes
in cell-type scores through treatment using supervised and unsupervised
approaches.

Contribution & prior work

The paired GBM patient tumour samples analysed in this study were either gen-
erated in-house or obtained as raw data through international data-sharing agree-
ments, with contributions from institutions in the USA, Europe, and Korea. Prior

to my involvement, the raw read counts had already been pre-processed, aligned,
and normalised for sequencing depth.

My contributions began with the downstream analyses, which included quality
control, cell type deconvolution using GBMDeconvoluteR, and all additional anal-
yses presented in the accompanying draft manuscript. | also analysed publicly
available, pre-processed spatial proteomics data (CODEX) to validate the key
ndings related to oligodendrocyte and B cell populations. In addition, | also
performed the orthogonal experimental validation using IMC; further details of
this can be found in subsection 1.12.3.

Experimental validation and analysis using the 10X Visium spatial transcriptomics
platform were carried out by Sophie Williams, who is listed as a named author on
the draft manuscript associated with this chapter.
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1.12.3 Chapter 4 - aims & objectives
Aim
Characterise the GBM TME cell-cell interactions at the spatial resolution.

Objectives

1. Identify protein targets that delineate key cell types and cell states within
the GBM TME.

2. Analyse spatial proteomics data from IMC applied to paired GBM tumour
patient samples.

3. Identify and compare cell-types interactions, pre- and post-treatment.

4. ldentify spatial organisational patterns such as cell neighbourhoods and look
at how these change through treatment.

Contribution & prior work

The selection of tumour sample regions of interest, along with all initial experimen-
tal procedures including antibody validation, tissue preparation, and execution of
the IMC work ow was carried out by the named authors listed in the manuscript.
Similarly, all histopathological assessments of the patient tumour samples were
also performed by the named authors.

My contributions began upon receipt of the raw IMC data, that were provided as
multi-stack TIFF image les. From that point onward, | conducted all subsequent
analyses described in the accompanying manuscript, including cell segmentation,
phenotyping, and downstream analyses such as examining cell{cell interactions
and spatial neighbourhood structures.




1. Introduction

Figure 1.5 j Flowchart of chapter-speci c aims & objectives.
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Abstract

Background: Characterising and quantifying cell types within

glioblastoma (GBM) tumours at scale will facilitate a better understanding of
the association between the cellular landscape and tumour phenotypes or clinical
correlates. We aimed to develop a tool that deconvolutes immune and neoplastic
cells within the GBM tumour microenvironment (TME) from bulk RNA sequenc-
ing (RNA-seq) data.

Methods: We developed an isocitrate dehydrogenase wild-type (IDHwt) GBM-
speci ¢ single immune cell reference consisting of B cells, T cells, natural killer cell
(NK cell), microglia, tumour-associated macrophages (TAMs), monocytes, mast
and dendritic cells (DCs). We used this alongside an existing neoplastic single cell-
type reference for astrocyte-like (AC-like), oligodendrocyte progenitor-like (OPC-
like), neural progenitor-like (NPC-like) and mesenchymal-like (MES-like) GBM
cancer cells to create both marker and gene signature matrix-based deconvolution
tools. We applied single-cell resolution imaging mass cytometry (IMC) to ten
IDHwWt GBM samples, ve paired primary and recurrent tumours, to determine
which deconvolution approach performed best.

Results: Marker based deconvolution using GBM tissue speci ¢ markers was most
accurate for both immune cells and cancer cells, so we packaged this approach as
GBMdeconvoluteR. We applied GBMdeconvoluteR to bulk GBM RNA-seq data
from the cancer genome atlas (TCGA) and recapitulated recent ndings from
multi-omics single cell studies with regards to associations between MES-like GBM
cancer cells and both lymphoid and myeloid lineage immune cells. Furthermore,
we expanded upon this to show that these associations are stronger in patients
with worse prognosis.

Conclusions: GBMdeconvoluteR accurately quanti es immune and neoplastic
cell proportions in IDHwt GBM bulk RNA-seq data and is accessible here:
https://gbmdeconvoluter.leeds.ac.uk
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2.1 Introduction

GBM brain tumours consist of a multitude of di erent neoplastic and
non-neoplastic cell types The specic cancer cell subtypes within a GBM are
directly in uenced by the cellular composition of the microenvironment, which also
has a role in shaping the progression of the tumour and its adaption to stressors
including treatment?“. It is of paramount importance to accurately characterise
the cellular make-up of GBM tumours. This will enable us to understand the
phenotypes associated with changing cell landscapes within individual tumours,
and to assess correlation between speci ¢ cell populations and the e cacy of new
treatments, particularly immunotherapies. Whilst single cell and spatial- pro ling
approaches currently o er the highest resolution of cellular deconvolution, they
are technically challenging, and prohibitively costly for larger sample numbers.

Instead, approaches that propose to quantify cell types from bulk tissue RNA-seq
data have become increasingly popul®?. These can be split into two main types:
those that employ a full cell-type gene expression signature matrix; and those
based on marker genes for specic cell types. A widely-adopted implementation
of the former approach is CIBERSORTR, which was recently used to delineate
pan-glioma cell types. However, key studies have shown that the accuracy of any
gene expression-based computational deconvolution tool is mostly derived from
the signature matrix, or marker genes, underpinning it, which must be derived
from the tissue of interest'%!t, We, thus, decided to create a tool that can specif-
ically quantify cancer cell types, as delineated by Neftel et @land immune cell
types from bulk IDHwt GBM tumour sequencing data. We developed this tool
by amalgamating four independent single-cell GBM datasets to derive signature
matrices for use with CIBERSORTx and marker genes for use with MCPcounter.
The latter was chosen as it has been benchmarked as one of the most accurate
marker gene-based tools available, giving consistently high correlation with ground
truths across cell type$®. We then compared results from these GBM-speci ¢ pro-
grammes to those from orthogonal cell quanti cation, using single cell-resolution
IMC, on the same IDHwt GBM samples. We included both primary and recurrent
GBM samples in our tool development and validation, to enable separate quan-
ti cation of accuracy in longitudinal samples. We found that the MCPcounter
based tool performed best at delineating both immune and neoplastic cancer cell
populations and have made this publicly available as an easily accessible, online
tool: GBMdeconvoluteR.



2. Paper 1 - GBMdeconvoluteR

2.2 Materials & methods

All statistical analyses were carried out using the R statistical software package
version 4.2.0. The name of each test used, and level of signi cance achieved, is in-
cluded within the results where the nding from each hypothesis test is con rmed.
Plotting was done using ggplot2 (version 3.3.6).

2.2.1 Dataset selection

Four single cell datasets were identi ed from literature searches (Table 2136,
The inclusion criteria were single-cell RNA sequencing (scRNA-seq) or single-
nucleus RNA sequencing (snRNA-seq) expression data from human IDHwt GBM
samples. Data had to be available as raw counts.

2.2.2 scRNA-seq data preprocessing

The Seurat R package (version 4.1.1) was used for all pre-processing, integration,
clustering, and annotation task$’. Whilst GSE163120 has a single accession code,
it contains data from both primary and recurrent sample cells that were sequenced
on di erent platforms so these were processed separately.

2.2.3 Copy-number variant analysis

Single cell datasets were amalgamated. Neoplastic cells were ltered, as has been
done previously, by inferring and removing those with large-scale copy number
variations (CNVs) such as chromosome 7 gain and chromosome 10 loss (Ch +7/-
10) using the inferCNV R package (version 1.3.8)%°. The inferCNV object was
created usingCreatelnfercnvObject() taking the raw counts (stored in the RNA
assay of the Seurat object) for each dataset. Annotations were not provided,
instead each dataset was grouped according to sample (i.e. patient). The gene
ordering le used was derived using the annotations from Ensembl Genes 91 for
Human build 38 (GRCh38), taking the gene name, chromosome, and gene span.
The ref_group.namesargument was set to NULL, to average signal across all cells
to de ne the baseline. Therun() function was then used to perform InferCNV
operations to reveal the CNV signal. A cut-o value of 1 was used for all the
datasets apart from GSE163120, where a value of 0.1 was used as suggested by
the documentation for InferCNV.
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Table 2.1 j Single-cell IDH wildtype GBM datasets used as a reference
set for this paper.

Accession Samples Platform
GSE14138% Single cell RNAseq of 18k cells Automated microwell
from 5 primary IDHwt GBM. array capture and full

length RNAseq.

GSE16312¢ Single cell RNAseq of 21k cells 10X Genomics
from primary and 43k cells GemCode capture and
from recurrent IDHwt GBMSs. 3' or 5' RNAseq.

GSE13543% Single cell RNAseq of 769 cells Single cell sorting and

from 4 IDHwt GBMs. 3' RNAseq.
GSE13879% Single-cell/nuclei 10X Genomics

RNA-sequencing of 11k single Chromium capture and

cells from 4 IDHwt primary 3' RNAseq.

GBMs.

2.2.4 Quality control lItering

Each dataset underwent individual quality control (QC) in which metrics were
used to lter out poor quality cells according to dataset-determined thresholds
(Table S2.1): the number of reads, or unique molecular identi ers (nUMinin);
the number of non-zero count genes (nGene); the percentage of mitochondrial
genes (mitochondialratio_min); the percentage of ribosomal genes; and the cell
complexity (genecomplexity_min), which is a composite measure derived as:

log,o(nGene)
log;o(NUMI _min)

2.2.5 Dataset normalization

Post- Itering, each dataset was normalised individually usingCTransform, whilst
regressing out dataset-speci c confounding sources of variation such as riboso-
mal/mitochondrial ratio using the vars.to.regressfunction argument. Moreover,
due to the disparity in the total number of cells in each dataset, a di erent number

of variable features were passed to theariable.features.nfunction argument. The
speci ¢ normalisation criteria for each dataset are in Table S2.2.
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2.2.6 Dataset integration

The FindIntegrationAnchors function was applied to the list of SCTransform nor-
malised datasets to identify cross-dataset pairs of cells that were in a matched
biological state. These "anchors" were then used witintegrateData to merge all
the datasets togethet’. The normalization.method argument was set aSCT for
both FindintegrationAnchors and IntegrateData

2.2.7 Clustering & cell type assignment

Dimensionally reduction was performed on the integrated datasets using princi-
pal component analysis (PCA) usingRunPCA with default settings. This was
followed by uniform manifold approximation and projection (UMAP) which was
implemented usingRUnUMAP with custom parameters a=0.6 and b=0.75. shared
nearest-neighbour (SNN) graphs were constructed based on Euclidean distance us-
ing FindNeighbours taking the default k (k=20), the rst 30 principal components

and using therann method for nding nearest neighbours. Clusters were identi ed
using FindClusters, with the smart local moving (SLM) algorithm used for cluster
optimization?°.

2.2.8 Cell type annotation

Cell counts per cluster, for each clustering resolution parameter (0.1 { 0.8 in 0.1
increments) were cross tabulated with immune cell type labels transferred from
dataset GSE163120. The 0.7 resolution cross-tabulation (Table S2.3) was used,
based on cluster robustness and stabili#y, to assign cell-type annotation labels
to clusters where the majority of cells had labels for either one distinct cell type
or and/or where the cells were labelled were unknown. The T cell, NK cell and
TAM labelled clusters could not be assigned and were sub-clustered to further
resolve them. This constituting isolation of these cells and repeat of the above
methodology, from the point of having normalised data, to separate cell types.

2.2.9 Deriving GBM immune & neoplastic cell pro les
Immune cell marker genes were identi ed from the integrated, clustered and anno-

tated data using the scran R package (version 1.2%2) The ndMarkers function
was used to identify candidate marker genes by testing for those that were di eren-
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tially expressed (DE) between pairs of clusters using botktest and Wilcoxon rank
sum tests. Both "all* and "any" pval.type arguments were used to identify genes
which were DE between any two clusters and highly ranked/signi cantly upregu-
lated genes for a given cluster ("all") or signi cantly upregulated compared with all
other clusters ("any"). The multiMarkerStats function was then used to combine
multiple sets of marker statistics. Neoplastic GBM cell marker genes were taken
directly from Neftel et al.? but were Itered to remove non GBM tumour-intrinsic
(T1) genes, to negate the noise that would result from expression of these in the
TME 2. Marker genes for a variety of GBM neoplastic and non-neoplastic cell
types have recently been made available as a resource entitled GBMap. We down-
loaded these directly from the supplementary data of the accompanying preprint
for testing within MCPcounter (denoted MCPcounteE;BMap)z“. The neoplastic
cell markers from GBMap were also ltered to only include GBM TI genes.

2.2.10 CIBERSORTx reference expression pro le

The single cell data used to derive the neoplastic expression pro les used with
CIBERSORTx was obtained from the Gene Expression Omnibus (GSE131928).
These data comprised 23,000 cells which were ltered to include only adult GBM
samples. Each cell came with a score corresponding to 6 neoplastic cell states:
these were converted to four states and then each cell was assigned to a neoplastic
cell state or as a hybrid as described in Neftel et%l The neoplastic single cell
data was combined with the labelled immune single cells and then randomly down-
sampled such that the total number of cells in the resulting reference matrix was
5075 and of roughly equal class type (Table 22)

2.2.11 Validation samples

Ten human GBM samples were used for validation via bulk RNA-seq and IMC.
These werede novo primary IDHwt GBM that had been stored in formalin- xed
para n-embedded (FFPE) blocks, and the matched locallyrecurrent samples fol-
lowing initial de-bulking surgery and treatment with radiation and temozolomide
(TMZ) chemotherapy.
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Table 2.2 j Cell types and numbers used to derive the CIBERSORTX
signature matrix.

Cell type No. of cells

AC 458
B cells 458
DC 458
Mast cells 88

MES 458

Microglia 458
Monocytes 458
NK cells 458

NPC 458
OPC 407
T cells 458
TAM 458

Total 5075

2.2.12 Ethics statement

Samples were from patients at the Walton Centre, UK, that provided informed
consent in writing for the use of their tissue in research. The inclusion of these
samples in this project was following approval by the UK National Health Service's
Research Ethics Service Committee South Central - Oxford A (Research Ethics
Code: 13/SC/0509).

2.2.13 Bulk RNA-seq

Ribonucleic acid (RNA) was extracted from neuropathologist annotated regions
containing > 60% cancer cells using Qiagen kits (Qiagen, Sussex, UK). Paired-end,
100-base pairs (bp) strand-speci ¢ whole transcriptome libraries were prepared us-
ing the lllumina NEBNext Ultra Directional RNA Library Prep Kit (New England
BioLabs, Herfordshire, UK). Following ribosomal ribonucleic acid (rRNA) deple-
tion with the NEBNext rRNA kit or Ribo-Zero Gold. Libraries were sequenced on
an lllumina NextSeq2000. RNA-seq data was processed as previously descffbed
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2.2.14 Imaging mass cytometry

Antibody selection

A panel of 33 antibodies targeting neoplastic and immune cell subtypes in GBM
was assembled based on literature and manufacturer sources (see Table 2.3 and
Table S2.4). Neoplastic markers were selected from overlapping cancer cell signa-
tures reported in three independent single-cell studies, including Nefied al 1627
Antibodies were prioritised as follows: pre-conjugated and previously used in IMC
of GBM or brain; previously used via bespoke conjugation; carrier-free and vali-
dated for immunohistochemistry (IHC) or immunocytochemistry (ICC) in brain

or GBM,; or simply available in carrier-free format.

A set of panel-wide control tissues was determined: spleen, brain, tonsil, prostate,
bone marrow, skin and uterus. Control tissue samples from at least two individu-
als were amalgamated into a multi-tissue FFPE block. Multi-tissue block sections
were used in IHC validation and testing of three antibody concentrations at, above
and below those recommended by the manufacturer. Chosen antibody concentra-
tions and control tissue(s) relevant to each antibody are in Table S2.4. Antibody
conjugation and staining and IMC took place at the Flow Cytometry Core Fa-
cility at Newcastle University. Conjugation was performed using MaxPar metal
labelling kits using X8 polymer according to standard manufacturers protocols
(with the exception of Gd157 which was obtained by Trace Sciences International
and was diluted to 0.1M prior to use with MaxPar reagents). Conjugations were
validated by capture on Thermo AbC beads prior to acquisition on a helios mass
cytometer.

Sample preparation & mass cytometry

5 m sections, taken consecutively from the same blocks that underwent bulk RNA-
seq (see above), were stained with a cocktail of all 33 conjugated antibodies after
dewaxing (Xylene) and HIER antigen retrieval in Tris-EDTA (pH9) with 0.5%
Tween 20. Sections were incubated for 30 minutes in 0M4 iridium to counterstain

the nuclei prior to air drying. A minimum of three 2mn? regions of interest (ROI)
were annotated per sample within the area corresponding to that from which RNA
was extracted from the adjacent sections. Images were generated on the Hyperion
Tissue Imaging cytometer by ablation of the ROI at a 200Hz frequency with a
1 m diameter laser. Raw MCD les were created and exported as ome-ti from
MCD Viewer software (Fluidigm).
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Table 2.3 j Antibodies used in IMC.

Marker Cell Type/State Antibody clone(s)
category
ANXA1 GBM Hypoxia MES-like EPR19342/abcam
ANXA2 GBM Hypoxia MES-like MAB3928/RnD
BCAN GBM NPC-like S294A-6/Thermo
CD3 Immune T cell Fluidigm/3170019D
CD31 Normal Vasculature Fluidigm/EPR3094
CD45 Immune Pan-immune Fluidigm/3152016D
CD8 Immune T cell SK1/Biolegend
CHI3L1 GBM MES-like EPR19078-157/abcam
DNA All - Fluidigm
DLL3 GBM NPC-like EPR22592-18/abcam
EZH2 All Chromatin remodeller EPR9307(2)/abcam
GFAP Normal Astrocyte ab218309 /abcam
HIF1A All Hypoxia 16H4L13/Thermo
HOPX GBM AC-like ab230544
IBA1 Immune Pan-macrophage EPR16588 /abcam
JARID2-C  All Chromatin remodeller Developed in house
JARID2-N  All Chromatin remodeller EPR6357/abcam
Ki67 All Proliferation B56/Fluidigm
MOG Normal Oligodendrocyte MA5-24644/Thermo
CD56 Normal Immature Neuron HCD56/Biolegend
NeuN Normal Mature Neuron 1B7/Biolegend
NKp46 Immune NK cell MAB1850/RnD systems
OLIG1 GBM OPC-like MAB2417/R&D
P2Y12R Immune Microglia EPR23511-72/abcam
SCD5 GBM OPC-like PA5-59963/Thermo
SLC1A3 GBM AC-like EPR12686/abcam
SMA Normal Vasculature 1A4/R&D
SNAI1 GBM EMT AF3639/R&D
SOD2 GBM MES EPR2560Y/abcam
SOX2 GBM GSC 030-678/Fluidigm
TGFbeta GBM GSC TW4-6H10/Fluidigm
TMEM119 Immune Microglia HPAO051870/sigma
TNC GBM GSC MAB2138/R&D

Image pre-processing

Following export, the raw data were converted from to ome-ti format and seg-
mented into single cells using the steinbock pipeline comprised of the following
step$®. Pixel classi cation was done using llastik (version 1.3.3): Ti stacks were
generated for each of the proteins in the panel and pixels classi ed into two chan-
nels as either nuclear, or background. These were used to train a random forest
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classi er, which returned probability masks for each image. The generated prob-
ability maps were processed to create single-cell masks using the image analysis
software CellPro ler (version 4.1.3). First, probabilities were histogram-equalized
(256 bins and kernel size of 17), and then a Gaussian lter was applied to enhance
contrast and smooth the probabilities. Subsequently, an Otsu two-class thresh-
olding approach was used to segment nuclear masks. Cell masks were derived
from an expansion of nuclear masks using a maximum expansion of 3 pixels. The
CellPro ler single cell masks were ultimately overlaid onto the single-cell segmen-
tation masks and single-channel ti images of all measured channels to extract
single-cell marker expression means. The single-cell data was read into R using
read steinbock from the imcRtools R package (version 1.2.3) and the expression
counts were transformed using an inverse hyperbolic sine function (arcsinh) with
cofactor = 5. The expression counts were corrected for channel spillover using a
non-negative least squares method as previously describedBrie y, each metal-
conjugated antibody was spotted on an agarose-coated slide, and this was ablated
to generate a background signal which could be used for compensation using the
R Bioconductor package CATALYST (version 1.20.1).

Image analysis

All downstream data visualisations, including image and cell segmentation QC
were completed using the cytomapper (version 1.8.0) and dittoseq (version 1.8.1)
R package®. Batch e ect correction of segmented cells was completed using har-
mony (version 0.1.03.. Cells were clustered based on their similarity in marker
expression using the PhenoGraph clustering algorithnk (=45) implemented in
Rphenograph (version 0.99.%%. Cluster IDs were mapped on top of UMAP em-
beddings fi_neighbors= 40) derived using the uwot R package (version 0.1.11).
Cell type classi cation was completed using marker enrichment modelling, im-
plemented in the MEM R packages (version 2.0.0), selecting for markers with
enrichment scores equal to or greater than 3display.thresh= 3) 3 for the rst
clustering, which de ned immune cells. Further sub-clustering was required to
annotate neoplastic cells withdisplay.threshrelaxed to 2 (Table S2.5).

Creating and comparing deconvolution approaches

MCPcounter was run via the R Package (version 1.2.0) in two modes: default
mMode(MCPgetaurr ) Used the universal set of 110 immune cell-type marker genes
that come provided as standard, meaning no neoplastic cell populations were in-
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