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Abstract

Lung adenocarcinoma (LUAD) is a common subtype of non-small-cell lung carcinoma that
is driven by somatic mutations in various cancer genes. Intratumoural immunity is linked
to tumour genetics and can influence response to treatment. Examining LUAD data from
The Cancer Genome Atlas (TCGA), we delineated immune gene expression signatures for
tumours with mutations in 11 different key cancer genes including KRAS and STK11.
Although both these groups had generally low immune gene expression, each
demonstrated significantly increased RORC mRNA expression, which encodes the T helper
17 (Th17) transcription factor RORyT. Using a unique cohort of mutationally profiled
tumour resections, we found significantly higher intratumoural RORyT* lymphocytes by
immunohistochemistry in LUADs with these mutations, many of which bordered tertiary
lymphoid structures. Multiplex immunohistochemistry revealed that these lymphocytes
were largely Th17s, and elevated intratumoural RORyT* lymphocytes were associated with
poor overall survival. We subsequently developed an in vitro system in which T cells were
cultured in media conditioned by lung carcinoma cell lines and found suppressed or
regulatory CD3*/CD4*/RORyT* T cells were present in conditioned media from cell lines
with loss of STK11 function. These findings show that cancer gene mutations can influence

tumour immunity and have important implications for stratified immunotherapy.
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1. Introduction

Cancers are an important group of diseases characterised by abnormal cell growth that
can have poor clinical outcomes. They represent a major burden of disease globally, which
provides a challenge for healthcare and research. Lung cancer is a serious yet largely
preventable disease that is heavily linked with smoking history. Recent knowledge of how
the immune system works in a cancerous tumour has led to promising immunotherapies
which have transformed lung cancer treatment. However, these therapies do not work for
all patients which is fundamentally due to variations in the genetics and immune response

to a lung tumour.

This thesis will primarily explore how the immune system responds to lung cancers driven

by different genetic mutations which cause different features and course of disease.



1.1 Lung Cancer

Lung cancer is one of the most common malignancies and cause of cancer related death
worldwide (1). 5.6% of total deaths in all age groups in 2019 in England and Wales were
due to lung cancer, more than any other cancer (2). Disease is often asymptomatic at early
stages, and as the most common symptoms — coughing and breathlessness — are
perceived to be minor inconveniences with many different causes, patients often seek
medical advice at later stages and present with advanced disease. Patients are firstly
examined by chest x-ray and CT imaging; followed by biopsy (often by endobronchial
ultrasound-guided transbronchial needle aspiration) to confirm diagnosis by
histopathology, and to guide lung cancer staging alongside additional investigations for
metastases. Metastatic disease is common and metastases often home to the lymph
nodes, bones, brain and liver. The American Joint Committee on Cancer Staging provide
frequently used guidelines on lung cancer staging, which is achieved using the ‘tumour,
node, metastasis system’, and these results are combined to give overall stages from early
stage | disease to advanced stage IV disease. Late-stage lung cancer is especially difficult to
treat, as such patients with this disease in England have a poor 5-year age-standardised
net cancer survival (13.8% for men, 19% for women) (3). Management and palliation of

lung cancer requires specialists, making it a major burden on the NHS.



1.1.1 Lung Cancer Histology

Cancers are classified by histology, which is dependent on the cell type of origin. Lung
cancers originate from epithelial cells and are classified as carcinomas. The only exception
to this within pulmonary cancers is the occupational cancer mesothelioma, which is
caused by exposure to asbestos fibres that damage the specialised mesothelium epithelial
cells that line the pleura. The two main broad histological types of lung carcinomas are
small-cell lung carcinomas and non-small-cell lung carcinomas (NSCLCs), with the latter
encompassing more than 85% of lung cancer diagnoses. LUADs arising from glandular
epithelium are the most common subtype of NSCLC (50% of NSCLC cases), followed by
squamous-cell carcinomas (SqCCs) from squamous epithelium (30% of NSCLC cases) and
rarer histologic subtypes including large-cell carcinomas constitute the remaining NSCLC
cases (4). There is evidence that most LUADs arise from transformed surfactant secreting
alveolar type Il cells which are one of the progeny of club cells (5). This thesis will focus

throughout on LUAD, which is the most common NSCLC.

1.1.2 Lung Cancer Pathogenesis

Over 80% of lung carcinoma diagnoses are attributed to tobacco smoking, making smoking
the most important risk factor for lung carcinomas (6). Smoke from cigarettes contains
over 4000 different compounds, including some of the following carcinogens: N-
nitrosamines, polycyclic aromatic hydrocarbons (PAHs) and benzene. These compounds
are genotoxic and can directly bind onto DNA to make DNA adducts. If these are not

repaired properly by DNA repair mechanisms, this can give rise to somatic mutations in



key oncogenes (7). Moreover, chronic cigarette smoke exposure can cause progressive
hypermethylation of gene promoters, and these epigenetic changes can sensitise a cell to
allow oncogenic transformation by events including somatic mutations (8). Chronic smoke
exposure can also cause inflammatory injuries to the airways within the lung resulting in
narrowings. This obstructive lung disease is called chronic obstructive pulmonary disease
(COPD) and is another independent risk factor for lung carcinomas (9). Although most lung
carcinomas are associated with tobacco smoke, some cancers occur in patients who have
never smoked. Genome-wide association studies have identified the 5p15.33
chromosome locus which regulates telomere length as a potential familial susceptibility
locus for lung cancer (10). Other suggested lung carcinoma aetiological risk factors for
never smokers are a poor diet, obesity, and exposure to pollutants of which many are

PAHs.

Oncogenesis is a complex process, and malignant transformation is progressive, non-linear
and multifaceted. At the simplest level, transformation is a result of the dysregulation of
many cellular pathways by functional genetic changes. There are two main sets of genes
which are genetically altered to drive cancer, oncogenes and tumour suppressor genes.
Aberrantly activated oncogenes cause cellular growth and proliferation, whereas tumour
suppressor genes are inactivated, enabling abnormal cellular proliferation and survival.
Tumours may become ‘addicted’ to the effects of particular driver oncogenes on a cellular
pathway. For instance, epidermal growth factor receptor (EGFR) is a receptor tyrosine
kinase (RTK) that binds extracellular growth factors; its kinase activity initiates
downstream signalling resulting in proliferation. NSCLC tumours may become addicted to

somatic EGFR mutations that cause uncontrolled cellular proliferations by constitutive



kinase activation in the absence of ligand (11). As tumours progress, they avoid normal
cellular regulatory rules by evading contact inhibition and circumventing the Hayflick limit
—the limited number of times a cell can divide before division ceases and apoptosis occurs

— to have unlimited replicative potential (12).

Tumour formation is also an evolutionary process. Tumour clones which accumulate
genetic or epigenetic alterations that cause competitive advantages over other cells
including other tumour cells, expand and dominate a tumour. These alterations can be
described as clonal, although tumours and metastases can also later acquire subclonal
alterations which can confer further selective advantages and provide resistance to
therapy. NSCLC tumours have a high degree of intratumour heterogeneity, with different
tumour regions being driven by different subclones. The aforementioned EGFR mutations
predominantly occur at an early stage of a tumour’s life and are clonal, as are whole
genome doubling events, whilst mutations in genes such as the NF1 tumour suppressor
are typically subclonal (13). Metastasis and tumour heterogeneity may also be driven by
lung cancer stem cells, which are tumour cells that have undergone clonal evolution, have
stem-like properties and are able to seed new tumours. These lung cancer stem cells may
help shape the tumour microenvironment (TME) and can metastasise due to mutational
interference with signalling pathways which induces epithelial-mesenchymal transition

(EMT) (14).

NSCLC tumours have complex nutritional and metabolic requirements, undergoing
metabolic rewiring to establish a supporting TME. An example of NSCLC metabolic

reprogramming is altered glucose metabolism in tumours with certain genetic profiles,



with a switch from oxidative phosphorylation (OXPHOS) to glycolysis; these glucose
metabolites are then channelled through the tricarboxylic acid (TCA) cycle (15). A shift
from normoxia can also be pathological. Despite the fact that the lung is an oxygen rich
environment, there is evidence that heterogeneity within a lung tumour and differential
tumour cell densities may cause degrees of hypoxia which impact metabolism and growth
(16). This TME heterogeneity is in part down to the heterogeneous distributions of the
constitutive cells of the stroma, including endothelial cells, cancer associated fibroblasts

(CAFs) and immune cells.

The stroma is instrumental in another key oncogenic mechanism, the angiogenic switch, in
which quiescent endothelial cells are activated to allow them to produce new blood
vessels to vascularise the tumour. NSCLC tumours can make their own angiogenic factors
such as vascular endothelial growth factor (VEGF) and fibroblast growth factor to trigger
this switch, and these factors are also importantly produced by CAFs. CAFs are very
abundant in the tumour stroma and have a key role in remodelling the extracellular matrix

to support cancer growth and to potentiate metastases (12, 17, 18).

Cells of the immune system are another important constituent of the stroma. The immune
system provides a defence against a wide range of microbial pathogens and some immune
cells can develop immunological memory towards these pathogens to allow enhanced
protection upon subsequent exposures. The immune system not only surveys for non-self
pathogens, but can recognise and kill cancerous cells (19). However, immune cells not only
play a crucial role in tumour regression but can also aid cancerous growth. Chemokines

secreted from CAFs can recruit myeloid lineage innate immune cells, which in turn can



promote angiogenesis, create chronic inflammation, and can suppress other anti-tumour
immune cells. To continue to proliferate, the tumour can also directly evade and suppress

immune cells, as well as indirectly hijack other stromal cells to help (12, 17, 18).

Malignant tumours that cannot be kept under control may metastasise. For this to occur,
tumour cells gain an EMT phenotype which is governed by pathways including the Wnt/B-
catenin pathway and expression of transcription factors such as Twist, Snail and Slug.
Acting through a variety of mechanisms, these all result in downregulated E-cadherin
expression which is needed to maintain epithelial integrity. Tight junction disruption
coupled with an increased stem-like motility allows metastatic intravasation into the
blood and lymph, followed by transit to a new site. The metastatic cells then undergo the
reverse process called mesenchymal-epithelial transition and colonise a new site by
adapting to the new environment, or by colonising an already permissible stromal
environment. Cancer stem cells may drive metastasis due to their EMT phenotype and

stemness (12, 20).

1.1.3 Non-Small-Cell Lung Cancer Management

Some of the historically earliest used treatments for cancer are still used in modern NSCLC
management. Surgery was first successfully used to remove tumours in the 18% century
and remains the standard of care in early-stage NSCLC today as it can be curative. Surgical
approaches depend on tumour location and patient fitness. Targeted video-assisted
resections such as wedge resections and lobectomies are preferred, but full

pneumonectomy may be performed (21). Another curative approach is radiotherapy using



ionising radiation to induce cell death by dsDNA breaks. Stereotactic ablative radiotherapy
is one such effective radical radiotherapy, delivering high dosages by multiple radiation
beams. Approaches for late-stage NSCLCs focus on management of disease. Patients often
receive surgery and palliative care including by chemotherapy or chemoradiotherapy.
There are several types of chemotherapy used in NSCLC management such as: platinum-
based agents to cause DNA crosslinking, the nucleoside analogue gemcitabine, the folate
antimetabolite pemetrexed and taxane agents to disrupt microtubule function. These

agents can be used alone or in combination (22, 23).

1.1.4 Non-Small-Cell Lung Cancer Genetics

Oncogenesis is predominantly driven by dysregulated cellular pathways controlled by
altered genetics. There is great variety behind the underlying mechanisms of somatic
genetic alterations in cancer, from single-nucleotide changes to gross alterations to entire

chromosome loci.

Some of the most frequently observed somatic alterations in NSCLC are point mutations.
Missense mutations are nonsynonymous single-nucleotide alterations in which one base is
swapped for another, which results in a changed codon that encodes a different amino
acid. Another type of point mutation are nonsense mutations, in which there is a
premature ending of translation and often a truncation of the polypeptide product, as
these single-nucleotide alterations result in an early stop codon. As with all
nonsynonymous mutations, not every new polypeptide is successfully post-translationally

modified to create a functional mature protein product. Nonstop mutations occur in a



stop codon and convert it into a sense codon, allowing translation into the 3’ untranslated

region and producing a longer altered polypeptide (24).

Frameshift mutations are caused by nucleotide insertions or deletions which either
change the codon reading frame, or if the number of insertions or deletions is divisible by
three, then one extra/missing amino acid will be added/removed from the polypeptide.
Early DNA sequence non-triplicate frameshift mutations can have a particularly large
impact on the polypeptide product. Splice site mutations refer to any of the
aforementioned mutations that occur at and disrupt splice sites found at the borders of
introns and exons. These mutations have a range of mRNA splicing consequences, often

resulting in intron retainment and exon skipping (25).

Somatic changes in copy number are a key structural alteration to the genome in cancer.
These can occur in a focal manner at the gene-level or at a certain chromosomal locus, as
well as at a higher chromosomal-level in which the whole genome is duplicated. Copy
number alterations (CNAs) result in amplifications or deletions of segments of genetic
code, which can be caused by errors in the non-allelic homologous recombination and
non-homologous recombination mechanisms of dsDNA damage repair. If a region is
amplified then there are more copies of the genes found in that region compared to
diploid which can lead to increased protein expression of these genes, and likewise if a
region is deleted then there are less or no copies of genes in that region compared to
diploid, and less or no subsequent protein expression. In NSCLC, CNAs often occur in
regions home to oncogenes and tumour suppressor genes, as well as more generally when

the whole genome is duplicated (26). This genome-wide polyploidy occurs early in NSCLC



and is associated with chromosomal instability (13). Epigenetic modifications can cause
transcriptional changes in NSCLC. For instance, tumour suppressor genes can be directly
silenced by hypermethylation of their gene promoter CpG islands, and indirectly silenced
by histones remaining in a tightly packed transcriptionally inactive state by enzymatic
deacetylation of histone tails (27). Finally, fusion genes are a combination of two genes
that form a new gene with an oncogenic role. Rearrangements are usually by

chromosomal translocations and the resultant fusion genes often act as kinases (28, 29).

1.1.5 Molecular Pathogenesis of Non-Small-Cell Lung Cancer

NSCLC cancer genes are genes associated with cancer development, acting as oncogenes
and dysfunctional tumour suppressor genes after acquiring genetic alterations. These
altered cancer genes impact key cellular processes including cell cycle regulation,
apoptosis and cell signalling pathways. This section covers the oncogenic mechanisms of
some of the key cancer genes in NSCLC, and a list of abbreviations for proteins and genes

in this section can be found in Table 1.1.
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Abbreviation

4EBP1

ALK

AMPK

ATM

ATR

CDKN2A

EGF

EML4

GAP

GEF

GRB2

HGF

HIFla (HIF1A)

LKB1 (STK11)

MAPK

MDM2

MEK

MO25

mTOR

NF1

Noxa

Full Name

Eukaryotic Translation
Initiation Factor 4E-Binding
Protein 1

Anaplastic Lymphoma Kinase

5’AMP-Activated Protein
Kinase

ATM Serine/Threonine
Kinase

Serine/Threonine-Protein
Kinase ATR

Cyclin-Dependent Kinase
Inhibitor 2A

Epidermal Growth Factor

Echinoderm Microtubule-
Associated Protein-Like 4

GTPase-Activating Protein
Guanine Exchange Factor

Growth Factor Receptor-
Bound Protein 2

Hepatocyte Growth Factor

Hypoxia-Inducible Factor 1-
Alpha

Liver Kinase B1

Mitogen-Activated Protein
Kinase

Mouse Double Minute 2
Homolog

Mitogen-Activated Protein
Kinase Kinase

Calcium-Binding Protein 39

Mechanistic Target Of
Rapamycin

Neurofibromin 1

Phorbol-12-Myristate-13-
Acetate-Induced Protein 1

11

Description

mTORC1 effector subunit

Involved in oncokinase fusions

Protein kinase responsive to energic
stress regulated by LKB1

DNA damage checkpoint protein

DNA damage checkpoint protein

Cyclin-Dependent Kinase Inhibitor
Growth factor ligand for EGFR
Involved in oncokinase fusions

Regulates the KRAS GTPase
Regulates the KRAS GTPase

Adaptor protein involved in KRAS
signalling

Growth factor ligand for MET

Transcriptional regulator of the
hypoxia response

Tumour suppressor
serine/threonine kinase responsive
to energic stress

RAF kinase member

Regulator of p53

MAPK signalling kinase intermediate
LKB1 scaffold protein
Growth and proliferation pathway
GTPase-activating protein

Pro-apoptotic protein



p21 p21Cirl Cyclin-dependent kinase inhibitor
p53 (TP53) Tumour Protein P53 An essential tumour suppressor
PI3K Phosphoinositide 3-Kinase RTK signal transducer
P53 Upregulated Modulator . .
Puma . Pro-apoptotic protein
Of Apoptosis
RAF RAF Kinase RTK signal transducer
Proto-Oncogene Tyrosine-
ROS1 . g' y Involved in oncokinase fusions
Protein Kinase ROS
S6K Ribosomal Protein S6 Kinase mTORC1 effector subunit
NN Son Of Sevenless Guanine exchange factor
Signal Transducer And o .
STAT . oo Transcription factor family
Activator Of Transcription
STRAD Protein Kinase LYK5 Kinase that activates LKB1
. GTPase-activating protein and
TSC Tuberous Sclerosis Complex

negative regulator of mTORC1

Table 1.1 Abbreviations in Chapter 1.1.5

List of abbreviations and brief descriptions for common proteins involved in cancer described in

this section. Where appropriate, the abbreviation column shows the protein name and gene name
in brackets if these differ. References for each protein can be found as in-text citations.

The cell cycle, which controls mitotic cell division, is frequently dysregulated by genetically
altered cancer genes in NSCLC to allow uncontrolled cell division free of essential cell cycle
checkpoints. TP53 is the most commonly altered cancer gene in all human cancers and is
key in controlling the cell cycle. p53 is activated upon DNA damage, oxidative stress and
other stressful conditions, and halts cell cycle progression at G1/S under mild stress or
initiates apoptosis under extreme stress. Mechanistically, DNA damage repair members
ATM and ATR phosphorylate p53 after sensing dsDNA and ssDNA breaks respectively (30).
The phosphorylated p53 dissociates from MDM2 which normally marks p53 for

degradation by ubiquitination. This allows p53 to regulate a myriad of other proteins

12



including p21, a cyclin-dependent kinase inhibitor that binds to and inhibits cyclin/cyclin-
dependent kinase complexes that signal cell cycle progression. Apoptosis is also regulated
by p53 by initiating transcription of the pro-apoptotic factors Puma and Noxa. TP53 is
subject to loss of function mutations and deletions in NSCLC, which reduce the stability of
the p53 protein and stops p53 post-translationally modifying other proteins (12, 31, 32).
Inactivating mutations also affect the serine/threonine kinase and cancer gene ATM,
found upstream of p53. In addition to its role as a DNA damage sensor, ATM has an
emerging role sensing hypoxia (33). Inactivating mutations and deletions affect the
CDKNZ2A gene which codes for two important cyclin-dependent kinase inhibitors p16 and
p1l4ARF that are translated in different reading frames. p16 acts stops progression from
the G1/S cell cycle checkpoint by inhibiting cyclin-dependent kinases, and p14ARF inhibits

MDM2 allowing p53 mediated cell cycle arrest (34).

Two cancer genes, ALK and ROS1, are implicated in most of the fusion gene driven LUADs
that occur in younger never smokers. There is a high degree of homology between ALK
and ROS1, with both proteins normally functioning as RTKs that cause cell growth and
anti-apoptosis signals via pathways including the mTOR pathway, acting through PI3K
phosphorylation. For ALK, gene translocations usually result in the EML4-ALK fusion
oncokinase, whereas ROS1 has a number of fusion partners, the most common being
CD74-R0OS1. Both ALK and ROS1 are also subject to directly activating mutations (29, 35,
36). Figure 1.1a provides an overview of dysregulated signalling in NSCLC, focusing on

mMTOR complex (MTORC) 1 signalling and its intermediates.
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RTKs can also act as cancer genes when subject to gain of function mutations and
amplification CNAs. Activating alterations to the ErbB RTK family member EGFR commonly
occur in NSCLC, and less commonly to the MET RTK. Usually, RTK activity is triggered by
binding of ligands including EGF for EGFR, and HGF for MET, which causes cell signalling
via Ras, PI3K and STAT family members. However, mutations can activate EGFR in a ligand-
independent manner, as discussed previously (11). Sustained oncogenic MET activation
can be a result of mutations to the exon 14 splice site, which cause exon 14 skipping. As
this exon is the binding site for a ubiquitin ligase, these mutations cause reduced MET

degradation from lower protein turnover (37).

Oncokinase fusions and genetically altering RTKs are not the only ways that tumours can
dysregulate cell signalling from RTKs to cause growth, proliferation, and changes to cell
energetics — downstream cell signalling proteins can also be involved. KRAS is a member of
the Ras family of small GTPases which are attached to the cell membrane and are involved
in the initiation of signal transduction from RTKs and G protein-coupled receptors,
interacting with more than 80 downstream proteins including RAF and PI3K to cause
cellular survival, proliferation, differentiation and altered metabolism. For KRAS signalling
to occur, the receptor bound GRB2 firstly combines with SOS, which interacts with KRAS.
SOS and other GEFs facilitate the conversion of GDP to GTP which activates KRAS. As a
GTPase, KRAS is naturally self-regulatory having an intrinsic hydrolytic activity and
converts GTP slowly back to GDP, which can be sped up by GAPs (Figure 1.1b). KRAS is a
binary molecular switch and is either in an active ‘on’ state, or an inactive ‘off’ state. It is

therefore subject to gain of function missense mutations in NSCLC which render KRAS
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signalling constitutively ‘on’, moreover, chromosomal amplifications increase the number

of KRAS copies (38, 39).

One of the main GAPs regulating KRAS activation is NF1, which can be deleted or acquire
inactivating mutations to stops NF1 from negatively regulating KRAS activation, increasing
the duration of KRAS activation (40). Furthermore, downstream of KRAS is another cancer
gene which is mutated or amplified in a gain of function manner in NSCLC, BRAF. This
serine/threonine RAF kinase member is crucial in the MAPK signalling cascade and
phosphorylates MEK1/MEK2 in this pathway, which leads to growth, division and
transcription of genes including MYC (41, 42). Downstream of RAF is LKB1, a
serine/threonine kinase that works with AMPK (a heterotrimeric protein comprised of
AMPKa, AMPKB and AMPKy subunits) to create a metabolic checkpoint. Decreased
intracellular ATP and increased AMP occurs after metabolic stressors like low glucose and
hypoxia. AMPKy senses high AMP and changes confirmation allowing LKB1 access to
AMPKa. For LKB1 to be active, the STRAD kinase phosphorylates it then complexes with
LKB1 and the scaffold protein MO25. LKB1 then phosphorylates AMPKa at threonine 172,
activating AMPK which is a key negative regulator of the mTORC1 pathway. AMPK inhibits
the mTORC1 activity directly by phosphorylating the RAPTOR scaffold protein, and
indirectly by phosphorylating TSC2 of the TSC1/TSC2 complex which then inhibits mTORC1
(Figure 1.1c). This mTORC1 inhibition means that its effector subunits 4EBP1 and S6K1 are
unable to continue providing growth signals and translation of proteins including HIF1a,
MYC and cyclin D1. Loss of function mutations and deletions of the LKB1 gene STK11,

enable oncogenic mTORC1 signalling (43).
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Figure 1.1 mTOR, KRAS and LKB1 signalling pathways

a) An overview of signalling from RTK to mTORC1, showing key signalling intermediates and
providing a broad context for the Ras and LKB1 pathways. Figure adapted from Laplante and
Sabatini (44). b) The KRAS GTPase. GTP activated KRAS signals to RAF and PI3K. Figure adapted
from Buscail, Bournet and Cordelier (38). c) LKB1 regulation of AMPK under conditions of high
AMP and downstream regulation of mTOR (mTORC1). Figure adapted from Mihaylova and Shaw
(45).

1.1.6 Novel Treatments for Non-Small-Cell Lung Cancer

In recent years, oncology has sought to go beyond the traditional strategies for cancer
management, developing rational treatments based on knowledge of the cancer to treat
disease more effectively with less associated toxicities. Precision medicine uses knowledge
of cancer genetics to select appropriate treatments. Small molecule inhibitors gefitinib
and afatinib inhibit signalling from the EGFR tyrosine kinase intracellular domain, whilst
cetuximab binds to the EGFR extracellular domain (11). Cetuximab is only appropriate for
use in patients with activating EGFR mutations but without KRAS mutations. NSCLC
tumours driven by ALK and ROS1 fusion oncokinases are effectively inhibited by the
tyrosine kinase inhibitors crizotinib, resulting in longer overall survival (OS) for patients
with these fusions. However, activating ALK and ROS1 mutations can cause crizotinib
resistance, though these mutations do not affect second generation ALK inhibitors like
ceritinib to the same extent (29, 35, 36). Furthermore, crizotinib also works to inhibit the

MET RTK and patients with MET amplifications also benefit (46).

Not all genetic alterations however can currently be targeted by precision medicine. For
instance, as they are inactivating, p53 mutations are difficult to target. Compounds against

p53 attempt to destabilise the mutant protein or change mutant p53 to the wild type (WT)
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conformation (47). LKB1 altered NSCLC is also difficult to target due to the diversity of
STK11 somatic alteration and the plethora of roles for LKB1 in the cell. Research has
therefore focused on targeting the various pathways controlled by LKB1. As LKB1 has an
important role as a negative regulator of mTOR signalling, mTORCL1 inhibitors have been
examined and are especially effective in NSCLC in combination with mTORC2 inhibitors to
reverse tumour metabolic rewiring (48). Heat shock protein 90 (HSP90) can regulate LKB1
stability and inhibition marks LKB1 for degradation but also causes a short-term increase
in LKB1 kinase activity, potentially helping patients with inactivating mutations. However,
HSP90 inhibitors are not selective for mutant LKB1 and may also degrade WT LKB1, so

there is a need to stratify patients by mutational status (47, 49).

In contrast to STK11, KRAS mutations lack diversity and frequently substitute glycine at
codon 12. One such common substitution at codon 12 is a change from glycine to cysteine
(G12C), which can be targeted by G12C inhibitors that stop KRAS cycling. Early data
suggest these inhibitors are effective, but not in all patients (50, 51). Some patients
partially respond before adaptations to mutant G12C which restarts KRAS cycling (52).
Other patients with G12C mutations do not respond, which may be because these
patients are not addicted to KRAS G12C signalling and are instead reliant on signals from
another altered cancer gene (53). Precision medicine has benefited a great number of
previously untreatable patients, yet some patients remain insensitive to rational
treatments. Additional understanding cancer genetics and the TME will allow for correct

treatment stratifications.
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Further recent knowledge of tumour immunology has led to the advent of
immunotherapy drugs which target immune cells to improve the immune response to
cancer. Many immunotherapies target T cells, which are a type of lymphocyte involved in
the adaptive arm of the immune system. The first impactful immunotherapy drugs in the
field of cancer immunotherapy are immune checkpoint inhibitors, which block immune
regulatory checkpoints. Ipilimumab is an immune checkpoint inhibitor which binds onto
the cytotoxic T-lymphocyte-associated protein 4 (CTLA-4) receptor on T cells, and stops
interactions with B7 family members that causes suppressive signalling propagating from
this receptor. Though monovalent ipilimumab was the first approved checkpoint inhibitor

drug, it has had limited clinical success in treating NSCLC.

The first truly successful checkpoint inhibitors target the programmed cell death protein
(PD)-1/PD-ligand (PD-L)1 axis. Mechanistically, tumour cells can express PD-L1 or PD-L2,
these bind to PD-1 expressed on the surface of activated T cells causing inactivation. Thus,
the tumour can directly inhibit T cell mediated cytotoxicity, and antibodies that block this
interaction prevent T cell inactivation (22). In 2016 the FDA approved the PD-1 inhibitor
pembrolizumab as a first-line treatment following promising results from the KEYNOTE-
024 and KEYNOTE-010 trials (54, 55). This approval was based on measuring the level of
PD-L1 expression for the NSCLC tumour, but recent studies show that PD-L1 inhibitors may
work in patients with low or negative PD-L1 expression (22). Moreover, treating NSCLC
patients with a combination of ipilimumab and another PD-1 inhibitor nivolumab resulted
in longer OS compared to treating with nivolumab alone or chemotherapy alone, and this

was not dependent on the level of PD-L1 expression (56).
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Following the success of PD-1/PD-L1 inhibitors there has been great interest in
investigating blocking novel lymphocyte expressed checkpoint receptors such as
lymphocyte-activation gene 3 (LAG-3), T cell immunoreceptor with Ig and ITIM domains
(TIGIT) and T-cell immunoglobulin and mucin-domain containing-3 (TIM-3). LAG-3 binds
stable peptide/human leukocyte antigen (HLA) class Il complexes and transduces
inhibitory signals to cluster of differentiation (CD)4* T cells, whereas TIGIT and TIM-3 have
a variety of ligands. TIM-3 triggering causes intracellular calcium influx and consequential
T cell apoptosis, whilst TIGIT outcompetes co-stimulatory receptors for CD155 ligand
binding causing direct T cells suppression by signal transduction, or indirect suppression by
paracrine interleukin (IL)-10 release. There are several ongoing trials investigating blocking

these novel checkpoint receptors (57).

Vaccinating against cancer is a long touted immunotherapeutic option to aid cytotoxic
tumour infiltrating lymphocytes (TILs) or prophylactically establish cancer immunity before
oncogenesis. Target antigens for vaccination include tumour-associated antigens which
are aberrantly expressed by the tumour but are also present in normal cells, or tumour-
specific neoantigens arising from somatic mutations. Vaccines can be delivered in several
ways, for instance long peptides with adjuvant can be injected directly into the tumour, or
autologous patient dendritic cells can be pulsed ex vivo with peptides or mRNA and are

adoptively transferred into the NSCLC tumour (58, 59).

Adoptive cell transfer therapy uses autologous TILs which are expanded ex vivo before re-
infusion. A particularly interesting technique in NSCLC combines vaccination and adoptive

cell therapy. A tumour biopsy and blood samples are firstly taken from the patient, the
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tumour is sequenced to identify clonal neoantigens and these are synthesised in the
laboratory. TlLs from the tumour are cultured with dendritic cells from the blood which
have been loaded with peptides corresponding to the neoantigens, and TlLs that recognise
these neoantigens are selectively expanded before adoptive transfer back into the patient
(60). Autologous T cells can also be engineered to express chimeric antigen receptors with
distinct domains, one such domain recognises tumour antigens such as EGFR which is
overexpressed in NSCLC (61). Most adoptive transfer and vaccination strategies use
autologous T cells to avoid HLA mismatches and graft versus host disease. However, using
allogenic cells potentially allows the graft versus host response to augment the anti-
tumour response, which could be made safe by blocking lymphocyte egress from the
tumour (62). There are currently a great number of challenges for cellular therapies for
NSCLC, including a difficulty for cells to infiltrate solid tumours, the suppressive role of the
TME, a lack of a universal target antigen, as well as the fact that these therapies are

difficult and expensive to manufacture in the laboratory.
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1.2 KRAS and STK11 Alterations in Non-Small-Cell Lung Cancer

This thesis predominantly concentrates on somatically altered KRAS and STK11 LUADs.
These cancer genes are currently very interesting as they are often found concomitantly in
patients and work together to metabolically reprogram the tumour to aid oncogenesis.
Alone, KRAS mutations and STK11 mutations are associated with reduced survival, but
together this lower survival is particularly pronounced. Moreover, at the time of writing
there are no FDA approved drugs for KRAS or STK11 mutations; PD-1/PD-L1 checkpoint
blockade is effective for patients with KRAS mutations, but not for patients with STK11
mutations or concomitant KRAS/STK11 mutations. Therefore, these patients are a
therapeutically underrepresented subgroup with lower survival and there is great clinical

need for research into their underlying cancer immunology.
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1.2.1 Constitutively Active KRAS

The Ras family of small GTPases were one of the first proto-oncogenes identified by
scientists, with the most important members of this family in oncology being: HRAS, KRAS
and NRAS. All Ras family members are closely related, highly homologous proteins with
hydrolase enzymatic activity and acquire gain of function mutations at the same codons in
cancer. Despite this similarity, somatically altered different Ras family members do result
in distinct biological consequences (63). KRAS is the most frequently mutated Ras family
member in NSCLC, with alterations occurring in 20-40% of LUAD patients often at an early

stage of disease (13, 64, 65).

The KRAS GTPase and KRAS Mutations

The KRAS G domain, in which GTPase activity takes place encompasses over 80% of the
protein. Importantly, within this large region a phosphate binding P-loop can be found
between codons 10-17, as well as two switch regions between codons 30—40 and codons
58-72 which bind GEFs and GAPs. The phosphate groups from GDP or GTP bind onto the
P-loop, and the conversion of GDP to GTP and hydrolysis back to GDP are regulated by the
GEFs and GAPs. After the G domain towards the C-terminus is hypervariable region which
is post-translationally modified to allow anchorage to the cell membrane close to RTKs

(66, 67).

Typically, mutated KRAS has a 97-99% reduction in GAP-mediated GTP hydrolysis
compared to the WT protein, but this happens by a variety of different mechanisms (68).

Over 90% of KRAS mutations occur at codons 12 and 13 in the KRAS P-loop and these have
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the highest transformation potential (63). Work by Zhang et al (69) showed that KRAS G12
mutations are transformative and can effectively activate MEK signalling. MEK signalling
has also been suggested to be a dominant form of proliferative mTORC1 activation in cells
with G12V mutations, taking preference over KRAS signalling via PI3K/AKT (70, 71).
Different KRAS mutations have varying GDP/GTP affinities and kinetics of nucleotide
exchange. One experiment established isogenic MCF10A breast epithelium cells in which
KRAS G12C, G12D, G12V, G13C and G13D were overexpressed, found higher GTP affinities
in cells expressing KRAS G12C, G12V and G13C compared to empty vector or WT MCF10A
cells. Furthermore, KRAS G12D overexpressing MCF10A gained EMT-like features, and
G12D or G12V overexpression caused increased MCF10A migration (72). Another study
showed that KRAS G12V can activate other small GTPases from RHO family to regulate

cellular motility and polarity (73).

The second most important site for KRAS mutations is glutamine 61, which is located in
the regulatory Switch Il region that controls GTP hydrolysis. Q61H and Q61L mutations
were found to significantly decrease GTP hydrolysis speed compared to WT KRAS (68). Like
KRAS G12V mutations, Q61H mutations preferentially activate MEK signalling relative to
PI3K signalling via enhanced interactions with RAF1 (74). Mutations at KRAS codons such
as 19 and 146 are deemed non-canonical as they are not located within the P-loop or
switches, yet are still in the G domain. Whilst the oncogenic potential of position 19
mutations is subject to debate (75, 76), KRAS A146T mutations are transformative.
GDP/GTP can bind at position 146, and A146T mutations have a GDP dissociation rate that
is 12-fold higher than cells with WT KRAS. This dissociation rate was further increased in

the presence of the GEF SOS1 suggesting that A146T tumour formation may be assisted by
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increased nucleotide exchange instead of reduced GTP hydrolysis (76, 77). A
phosphoproteomic comparison of KRAS A146T and KRAS WT cells suggests that A146T
mediated signalling is via MEK (77). To compare the transcriptional signatures associated
with canonical and non-canonical KRAS mutations, researchers performed an mRNA
microarray on mouse embryonic fibroblasts (MEFs) transfected with both types of
mutations. Hierarchical clustering showed that despite both being found in the P-loop,
codon 12 mutations cluster together and codon 13 mutations cluster separately. Non-
canonical mutations clustered with codon 13 mutations, which were linked with a reduced

transformation potential (76).

Findings from studies assessing the prognostic impact of different KRAS mutations are
unclear. Patients with treatment resistant NSCLC with KRAS G12C or G12V mutations have
a lower time from end of treatment until disease progression (progression free survival),
compared to patients without KRAS mutations or those with G12D mutations (70).
Another study agreed that KRAS G12C mutations were associated with a reduced time to
progression (not including death as an outcome) compared to G12D mutations, but found
that patients treated with chemotherapy who have G12V mutations had a longer time to
progression compared to those with G12C mutations (78). Patients with G12V mutations
had better response rates to taxane chemotherapy compared to patients with G12V
mutations treated with gemcitabine or pemetrexed, but this was not significantly

associated with a longer progression free survival or OS (79).
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KRAS Driven Epigenetic and Metabolic Changes

Epigenetic regulation of the KRAS pathway appears to play an important role in KRAS
mediated oncogenesis. Vaz et al (8) exposed human bronchial epithelial cells to chronic
cigarette smoke or DMSO over a period of 15 months and performed chromatin
immunoprecipitation. They found a progressive silencing by hypermethylation of a
transforming growth factor (TGF)B family member gene and repressor of Ras/MEK
signalling, as well as the development of an EMT-like phenotype in these cells. KRAS G12V
was then overexpressed in these smoke exposed bronchial epithelial cells and they were
injected into immunodeficient mice. The mice injected with smoke conditioned KRAS
G12V overexpressing cells developed tumours and not the control mice injected with
dimethyl sulfoxide (DMSO) treated KRAS G12V overexpressing cells, suggesting that these
epigenetic changes sensitise lung epithelial cells to mutant KRAS transformation.
Furthermore, analysis of TCGA found that lower methylation of chronic smoke methylated
genes in patients with EGFR mutations — which are less associated with smoking status —
compared to patients with KRAS or TP53 mutations (8). To compliment this effect on the
KRAS pathway, other studies show that exposure of cigarette smoke products to
pulmonary cells causes increased phosphorylation and thereby activation of MAPK,

amplifying any existing KRAS mediated MEK pathway activity (80-82).

As KRAS driven LUAD is highly proliferative, these tumours undergo metabolic
reprogramming to support their high energetic and anabolic requirements. Generally,
tumours undergo a glycolytic switch termed the ‘Warburg effect’ in which cells switch

from predominantly utilising OXPHOS — which is an efficient method of producing ATP
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from glucose — to mainly using aerobic glycolysis which yields around 1-fold less ATP per
glucose molecule. As aerobic glycolysis is a quicker process than OXPHQOS, this change in
glucose metabolism helps support rapidly growing tumour cells by synthesising lipids,
nucleotides, and proteins (83, 84). Although there is a shift away from OXPHOS, the TCA
cycle is still utilised by cancer cells with a key change in how pyruvate is metabolised.
NSCLCs have high levels of pyruvate carboxylase activity which irreversibly carboxylates
pyruvate to oxaloacetate. Replenished oxaloacetate is a TCA cycle intermediate and allows
TCA cycling in a manner that is not completely dependent on acetyl-CoA to generate
glucose-derived metabolites including citrate and succinate (85). Figure 1.2 provides an

overview of the metabolic pathways subject to oncogenic rewiring.
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Figure 1.2 Glucose metabolic rewiring

An overview of the key metabolic pathways involved in glucose rewiring discussed in this thesis:
glycolysis, TCA cycle and channelling towards glutathione production. Figure from Kerr and Martin
(83).

Glycolytic KRAS driven tumours also require the TCA cycling to develop tumours, by using
pyruvate carboxylase to replenish TCA intermediates (39). This work also showed that
most of the glucose in in vitro KRAS driven NSCLC is used to generate lactate which can aid
NAD* regeneration, allowing the cell to generate ATP by OXPHOS in low oxygen settings.
In vivo, KRAS driven NSCLC uses glucose more evenly to generate lactate and provide a
path to replenish TCA intermediates by both pyruvate carboxylase and also by pyruvate
dehydrogenase which is the canonical link between glycolysis and the TCA cycle (39). The
KRAS G12D mutation has been particularly associated with a glycolytic phenotype and its
allelic content has been suggested to alter glucose metabolism. A study by Kerr et al (15)

generated MEFs with different zygosities and found that profiling KRAS120/6120
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homozygous MEFs by microarray showed a transcriptional upregulation of glycolytic genes
compared to heterozygous KRASG12D/WT gnd WT KRASWT/WT MEFs. This was supported by
increased secretion from KRASG120/612D \EFs compared to the other two types of MEFs.
This study showed that glucose metabolism was directed towards glycolysis and TCA cycle
mediated glutathione production which is an important antioxidant for reactive oxygen

species (ROS) (15).

The role of ROS in KRAS driven NSCLC is controversial, with some researchers suggesting
that KRAS signalling in lung cancer induces mitochondrial ROS generation to control
proliferation (86). However, the previously described study by Kerr et al (15) suggests that
KRAS has a role in reducing oxidative stress. This is supported by research from the
Tuveson group who showed that oncogenic KRAS increased transcription of nuclear factor
erythroid 2-related factor 2 (NRF2), a transcription factor responsible for inducing an
antioxidant transcriptional programme (87). It has been postulated that by having an
antioxidant capability, tumour cells with KRAS mutations will be able to survive during
metastasis and seed in areas with high oxidative stress (88). Conversely, high oxidative

stress has been associated with metastasis (89).

To aid antioxidative glutathione production, NSCLCs with KRAS mutations take up high
levels of essential branched-chain amino acids such as valine and leucine from their
environment. These can be used as a nitrogen source to support production of the

glutathione precursor glutamine using TCA cycle metabolites (90).

In summary, the literature around KRAS mutations in lung cancer show that smoking

induced epigenetic changes can make epithelial cells permissible to KRAS mediated

29



transformation and that KRAS can signal via a multitude of different pathways to assist
oncogenesis, although there is a tendency for signalling to MEK from RAF. Although they
initially appear very similar, KRAS mutations function differently and there is a metabolic
rewiring of glucose metabolism which is particularly associated with KRAS G12D
mutations. The shift towards aerobic glycolysis to allow rapid growth is not the only
metabolic fate for KRAS driven NSCLC, and the TCA cycle helps enable an antioxidant
phenotype. These metabolic observations are particularly interesting considering that in

LUAD KRAS alterations are linked to alterations in the important metabolic sensor LKB1.

1.2.2 Loss of LKB1/STK11 Function

LKB1 acts with AMPK to provide a key metabolic checkpoint in cells sensing high
intracellular AMP in response to metabolic stress. Dysregulation of this axis results in
altered metabolism and proliferative mTORC1 signalling. Like KRAS alterations, STK11 (the
gene name for LKB1) alterations occur relatively early in LUAD, but the frequency of
patients with STK11 mutations is lower at 10-35% (4, 13, 65, 91). Although STK11
mutations appear less common, in fact most NSCLC patients have loss of the STK11
chromosomal locus at 19p13.3. STK11 chromogenic in situ hybridization and 19p
microsatellite analysis revealed that 62% of NSCLCs tested had hemizygous STK11 loss and
28% had homozygous loss akin to a deletion. Together, 90% of NSCLC patients tested had

some loss of LKB1 function (92).

Germline STK11 mutations are the cause of the polyposis syndrome Peutz-Jeghers

Syndrome which can be inherited. This syndrome is not just as a result of mutations, as
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murine studies show that biallelic STK117- deletions are embryonically lethal, but that
hemizygous STK11*/- loss also results in Peutz-Jeghers Syndrome. Peutz-Jeghers patients
have an increased risk of a variety of cancers, especially breast and gastrointestinal
cancers (93, 94). STK11 alterations in non-Peutz-Jeghers cancer patients arise during
oncogenesis alongside other drive alterations and are extremely heterogeneous.
Furthermore, most STK11 mutations are predicted to cause some loss of LKB1 function

(92).

The main structural feature of LKB1 is a large functional protein kinase domain which is
over 250 amino acids in length. At the start of this domain is a regulatory region — called
the deacetylation region — which is post-translationally modified to allow for LKB1 to
complex with other proteins to exert its kinase function. Deacetylation is performed by
the sirtuin 1 (SIRT1) enzyme, which is activated by abnormal high intracellular NAD* under
conditions of energic stress such as calorie restriction. SIRT1 mediated deacetylation is
linked to LKB1 being phosphorylated by and complexing with STRAD, which then
potentiates nuclear export, further complexing and phosphorylation of LKB1 target

proteins (95).

Loss of LKB1 alone is unable to initiate NSCLC (64). However, experiments treating LKB1
proficient and deficient mice with a chemical carcinogen was able to induce SqCC.
Carcinogen treated LKB1 deficient mice with hemizygous STK11*/ loss were shown to have
significantly decreased tumour free survival compared to their STK11*/* littermates. This
study also showed that despite the presence of a WT allele, STK11*/- mice did not express

STK11 mRNA or LKB1 protein (96). LKB1 protein loss or loss of function mutations are
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thought to signify insufficient AMPK-mediated mTORC1 inhibition. As such, cell lines from
LKB1 deficient mice have high phosphorylated S6K with no change in mTORC1 levels, and
reintroducing WT LKB1 caused a reduction in phosphorylated S6K in these cells (96). LKB1
deficiency therefore reduces the inhibitory signals on mTORC1 allowing for proliferative

signalling.

Metabolic Rewiring in LKB1/STK11 Deficient Lung Cancers

Metabolic reprogramming of glucose utilisation also occurs in LKB1 deficient NSCLC,
characterised by a similar switch towards aerobic glycolysis as observed in KRAS driven
NSCLC. An important transcription factor that is regulated by mTORC1 signalling as proven
by inhibiting mTORC1 using rapamycin is HIF1a. HIF1a normally controls the cellular
response to hypoxia and is associated with a glycolytic switch under both hypoxic and
normoxic conditions, including by regulating glucose transporter 1 and the angiogenic
factor VEGF-A (97). mTORC1 can regulate HIF1a at a transcriptional level by
phosphorylating STAT3 which then promotes transcription, as well as at a translational
level through 4EBP1 and S6K (98). Correspondingly, Faubert et al (99) generated LKB1
deficient MEFs and used two NSCLC cell lines with STK11 alterations (A549 and A427) to
show high HIF1a protein expression in LKB1 null cells, which is reduced upon
reintroduction of WT LKB1. They also found that HIF1a drives expression of genes involved
with glucose metabolism including pyruvate dehydrogenase kinase 1 and lactate
dehydrogenase A. Faubert et al (99) agrees with findings from Dodd et al (98) showing

that HIF1la is regulated by mTORC1 and that cell lines with STK11 alterations were
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dependent on HIFla to survive in a glucose and oxygen limited environment (99). These
studies suggest that LKB1 deficient cells shift towards a glycolytic phenotype that is driven

by HIF1la expression.

In addition to altered glucose utilisation, deletion of LKB1 results in increased glucose
uptake helping these tumour cells competing with others in the TME for nutrients (100).
This is coupled with a raise in the available intracellular glucose by increased
gluconeogenesis as shown in a LKB1 knockout murine hepatocyte model (101). Like KRAS
driven NSCLC which uses glutamine to enhance the supply of antioxidative glutathione,
the growth of LKB1 deficient cell lines is sensitive to glutamine withdrawal (102).
Moreover, NRF2 activity is directly regulated by LKB1 loss causing the transcription of

antioxidant genes (102).

The Impact of LKB1/STK11 Loss on Related Kinases

AMPK is not just an important intermediary in LKB1 signalling to mTOR but is itself
intrinsically linked to the phenotype of NSCLC cells with loss of LKB1 function. An
abrogation of AMPK signals can result in a loss of epithelial polarity in NSCLC (47). In
addition to its role as an inhibitor of mTOR, AMPK can also induce cell cycle arrest and
p53-dependent apoptosis by phosphorylating p53 (103). Likewise, LKB1 can also directly
interact with p53 and induce apoptosis, as well as halt cell cycling by targeting p21, p27
and cyclin D1 (104-107). Interestingly, DNA damage activated ATM and ATR can induce
LKB1-dependent AMPK phosphorylation, suggesting that DNA damage repair pathway can

regulate mTOR growth signals, inhibit cell cycle progression and stimulate p53-mediated
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apoptosis all via LKB1/AMPK signalling (47, 108, 109). AMPK also plays a direct role in
stress management as a regulator of autophagy and loss of LKB1 reduces the energic

outputs of AMPK-mediated autophagy and mitophagy (110).

AMPK is not the only target for LKB1, as it also interacts with at least 12 other kinases
called the AMPK-related kinases. These include members from the KIN2/PAR-1/MARK
kinase (MARK) and salt-inducible kinase (SIK) families of protein kinases, and dysregulation
of some of these is association with poor cancer prognosis (93). Like AMPK, normal
signalling to MARK family members is associated with cellular polarity as the MARKs
interact with scaffold proteins (111). Loss of polarity from nullified LKB1 signalling can also
promote metastasis in an AMPK-independent manner as MARK1 and MARK4 normally
repress Snail expression and its regulation of genes involved with migration and invasion
(112). By knockdown of all known human kinases Mohseni et al (113) discovered that loss
of LKB1 is able to dysregulate growth and cell size by inducing Hippo pathway signalling
through altered protein localisation regulated by MARK1, MARK3 and MARK4. Studying
the SIK family of AMPK-related kinases showed that SIKs phosphorylate the CREB
regulated transcription coactivator 2 (CRTC2) stopping nuclear migration. CRTC2 is
dephosphorylated in A549 and A427 cells, allowing binding with the transcription factor
cAMP response element-binding protein (CREB) which induces transcription of genes that
promote growth, survival, chemotherapy resistance and NSCLC progression (114). This is
the same mechanism as described previously (101), in which AMPK phosphorylated CRTC2

to inhibit CREB-mediated gluconeogenic gene expression.
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To summarise, LKB1 is unable to transform cells alone, but if LKB1 is altered in an
established NSCLC tumour it can have substantial pleiotropic effects. Loss of LKB1 switches
metabolism towards aerobic glycolysis to aid fast growth in a nutrient limited
environment which is accompanied by enhanced glucose uptake and de novo synthesis.
LKB1 deficient cells also have antioxidant properties to detoxify ROS. As a stress sensor,
LKB1 is normally linked to other stress responses including the response to DNA damage
and is able to impact cell cycling and induce apoptosis in response to metabolic or
genotoxic stress. LKB1 regulates AMPK and a set of related kinases which can impact
polarity and metastatic potential upon dysregulation. There are similarities between
STK11 altered NSCLC and KRAS altered NSCLC, and the pathological phenotype of a KRAS

driven tumour can be enhanced by LKB1 deficiency in a potentially synergist manner.

1.2.3 Co-occurring KRAS and STK11 Alterations

LUADs driven by concomitant KRAS and STK11 cancer gene alterations are associated with
a significantly reduced survival compared to LUADs without any KRAS and STK11
alterations, or those with just KRAS alterations (115). This may be evidence of KRAS gain
and LKB1 loss working synergistically to dysregulate cellular processes to suit cancer
progression. Concomitant KRAS/STK11 alterations occur in approximately 50% of LUAD
patients with STK11 mutations but considering that most NSCLC patients exhibit some loss
of LKB1 this number is likely to be much higher (65, 91, 92). It was previously suggested
that KRAS/STK11 alterations drove oncogenesis predominantly by hyperactive

proliferative mTORC1 signalling, with positive signals from KRAS signalling and no mTORC1
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inhibition from LKB1 (43). Though unrestrained mTORC1 signalling occurs in NSCLC which
aids growth and the glycolytic switch, it is now clear that these co-occurrent alterations
have important roles in a host of other cellular processes which may be more clinically
actionable. Furthermore, KRAS/STK11 driven NSCLC is also associated with alterations in
other cancer genes, including TP53, kelch-like ECH-associated protein 1 (KEAP1) and ATM

(49).

ATM is classically known as a sensor of DNA damage and is subject to inactivating
mutations in 5-15% of LUADs and these mutations are often subclonal (13, 49, 65). A
study in which a subset of patients with KRAS driven LUADs were subject to unsupervised
clustering based on RNA-Seq data showed that inactivating ATM and STK11 mutations are
significantly co-occurrent with KRAS mutations, and that two of the main clusters were
substantially enriched either with concomitant KRAS/STK11 mutations or KRAS/TP53
mutations. Patients with ATM mutations often fell into the first cluster, having
KRAS/STK11/ATM mutations (49). Interestingly, ATM and TP53 mutations were mutually
exclusive. This may be because complete loss of p53 and ATM function would result in
lethal levels of excess DNA damage, whereas inactivating mutations in ATM alone would
result in a reduction in the sensitivity to DNA damage and further genomic instability but
not complete insensitivity (30, 64). As ATM is a sensor of hypoxia, loss of ATM could aid
glycolytic KRAS/STK11 driven LUAD to proliferate in low oxygen (33). There is also
evidence that ATM loss may phenocopy LKB1 loss. Alexander et al (108) found that
functional activated ATM could negatively regulate mTOR signalling via LKB1/AMPK
signalling. Later work by Skoulidis et al (49) suggested that mutations in ATM mimic those

in STK11 and allow unrestricted mTORC1 signalling, even in the absence of LKB1 loss.
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These findings show that ATM inactivation in patients with KRAS/STK11 alterations can
promote tumour growth under hypoxia and copy the KRAS/STK11 phenotype in patients

with KRAS/ATM alterations.

Antioxidative, Metabolic and Epigenetic Rewiring in KRAS/STK11 Driven Lung Cancer

KRAS/STK11 alterations also co-occur with KEAP1 mutations in mice and humans, and lung
tumours with this combination of alterations tend to be of a higher grade (49, 116). KEAP1
inactivating mutations occur in 10-20% of LUADs and enhance the antioxidative profile of
a cell (49, 65). Normally, KEAP1 induces turnover of antioxidative NRF2 by marking it for
proteasomal degradation by ubiquitination and as KEAP1 is a key NRF2 regulation, loss of
KEAP1 is associated with more available NRF2 (64). KRASC12°/WTSTK 117/~ mice have higher
levels of ROS and lower levels of NRF2 compared to KRASG120/WTTP53/- mice, so
concomitant KEAP1 loss would therefore be beneficial to LKB1 deficient cells to help with
detoxification (117). This is supported by clinical evidence, as patients with
KRAS/STK11/KEAP1 tumour alterations are resistant to platinum chemotherapy due to
enhanced detoxification (118). This KEAP1-mediated NRF2 regulation also directly aids
antioxidative glucose rewiring in KRAS/STK11 driven NSCLC. NRF2 positively regulates a
ligase that catalyses glutathione production from glutamate derived from glutamine.
KEAP1 alterations cause further metabolic perturbations and co-occurrence with STK11
alterations causes a near complete dependency on glutamine in KRAS driven NSCLCs
which have already undergone considerable metabolic rewiring. This heavy rewiring

causes metabolic inflexibility and in vitro cells with KRAS/STK11/KEAP1 alterations were
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sensitive to glutaminase inhibitors and could not grow in glutamine free media (102).
KRAS/STK11/KEAP1 LUADs therefore use glutamine to metabolise glutathione directly via
glutamate conversion and indirectly by feeding back into a rewired TCA cycle via a-
ketoglutarate that is biased towards glutathione production, whilst also generating ATP

(15, 119).

Lipid metabolism is also dysregulated by KRAS/STK11 NSCLC to provide additional sources
of energy and to help maintain tumour cell membranes. KRASC12P/WTSTK 117/~ mice were
shown to have elevated de novo fatty acid synthesis as AMPK usually phosphorylates and
inhibits acetyl-CoA carboxylase, an enzyme that produces the fatty acid biosynthesis
precursor malonyl-CoA (120). LKB1/AMPK also regulate fatty acid, triglyceride and
cholesterol biosynthesis at a transcriptional level (121, 122). Furthermore, tumours from
KRASG12D/WTSTK 11/~ mice accumulate intracellular lipid droplets which are normally
processed by autophagy to provide energy, but as LKB1 deficiency impairs AMPK-
regulated autophagy, droplets may be insufficiently processed or autophagy may not be

completely inhibited by LKB1 loss (123).

KRAS and STK11 alterations are also interestingly able to process nitrogen using the urea
cycle (112, 124, 125). The urea cycle is normally restricted to hepatocytes, but cells with
KRAS/STK11 alterations are also able to manipulate this pathway to favour the production
of pyrimidine derived nucleotides which can provide a growth advantage. A study by Kim
et al (125) found that human NSCLC cell lines with KRAS/STK11 alterations abnormally
express the urea cycle enzyme carbamoyl phosphate synthetase-1 (CPS1). This expression

was inversely correlated with LKB1 expression and CPS1 regulation was dependent on
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LKB1 kinase activity. CPS1 was shown aid synthesis of pyrimidine derived nucleotides from
glutamine metabolites. The authors propose that glutamine rewiring in KRAS/STK11

NSCLCs also occurs to increase these nucleotides to support growth (125).

Nucleotide generation in KRAS/STK11 altered NSCLC is additionally controlled by a
metabolic flux towards serine biosynthesis which also supports antioxidative NADPH
production and potentiates epigenetic regulation. Intermediates from glycolysis and
glutamine metabolism can be channelled into the serine-glycine-one-carbon pathway
towards the methionine salvage pathway which produces s-adenosyl methionine, a
substrate for DNA methylation and promotor epigenetic regulation by DNA
methyltransferases (124). Epigenetic regulation in KRAS/STK11 driven NSCLC affects
numerous pathways including the cytoplasmic dsDNA sensing stimulator of interferon
genes (STING) pathway. Patients with KRAS and STK11 mutations had high expression of
DNA methyltransferases and elevated s-adenosyl methionine and exhibited an epigenetic

silencing of the STING-mediated type | interferon response (126).

Targeting KRAS/STK11 Driven Lung Cancer

As efforts to treat KRAS/STK11 driven LUAD have only limited success, the most important
clinical question is how to treat patients with these cancer gene alterations. Investigators
have sought to inhibit increased MEK signalling downstream of KRAS. MEK inhibition has
proved successful for patients with KRAS alterations, but not for those with KRAS/STK11
alterations (64). Another promising therapeutic strategy is to target KRAS/STK11 LUAD

epigenetic and metabolic vulnerabilities including by inhibiting glycolysis; HSP90 inhibitors
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promote the degradation of HIF1a which regulates the glycolytic switch and of mutated
LKB1 (47, 49). HIF1a is itself regulated by mTORC1 activation. Treating LUAD cell lines with
KRAS/STK11 alterations with an experimental dual mMTORC1/mTORC2 inhibitor in
combination with the mitochondrial complex | inhibitor phenformin inhibited glucose
metabolism by glycolysis and OXPHOS (93). Using an mTORC1 inhibitor, like rapamycin,
alone may not provide therapeutic clinical benefit as the lesser studied mTORC2 also has
important roles in glucose metabolism reprogramming (127-129). Targeting nucleotide
synthesis including by using nucleoside analogues like gemcitabine is another possibility
for KRAS/STK11 LUADs (64), which might be enhanced by inhibiting the serine-glycine-
one-carbon pathway and CPS1/CPS2 (124, 125). Moreover, KRAS/STK11 altered cell lines
are sensitive to DNA methyltransferase inhibitors which repress negative epigenetic
regulation of inflammatory pathways including STING (124, 126). Exploring novel
combinations of these treatments may be key in drugging KRAS/STK11 driven LUAD as

well as potentiating renewed immune engagement in these patients.
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1.3 Immune Response to Non-Small-Cell Lung Cancer

The process in which the immune system recognises and eliminates cancerous cells is
called immunosurveillance. Immune cells continually perform immunosurveillance and
regularly eliminate transformed cells before they can become established as a tumour. In
cancer there is a failure of immune control, often precipitated by tumour cells themselves.
To survive and proliferate, solid tumours like NSCLC evade the immune system and create
complex TMEs depending on their needs, often manipulating immune cells to promote
tumour growth. How NSCLC tumours develop is fundamentally controlled by cancer
genetics. Knowledge of how the immune system interacts with established tumours driven
by different underlying cancer gene alterations is key in understanding cancer progression

as well as how to treat patients, including the timing and choice of immunotherapy.
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1.3.1 Immunosurveillance and Tumour Immunoediting

One of the key concepts in cancer immunosurveillance is the priming and response of T
cells to tumour antigens. Cancer antigens are released during tumour cell death by normal
apoptosis or because of innate immune cell involvement, such as natural killer (NK) cell-
mediated destruction or macrophage engulfment. Antigens are then captured by
professional antigen-presenting cells (APCs) like dendritic cells (DCs) and are processed to
a peptide form which is presented on HLA molecules at the cell surface. DCs then migrate
from the tumour to secondary lymphoid organs including lymph nodes, where they
present peptide-HLA complexes to naive o T cells via their T cell receptor (TCR). This
priming is accompanied by secondary co-stimulatory signals. For example DC-expressed
CD80/CD86 binds to T cell CD28 which induces the expression of CD25 to produce a
functional cell surface IL-2 receptor. T cells are then able to undergo clonal expansion
supported by IL-2, and other cytokines in the environment may induce T cell
differentiation to various T cell subsets (19, 130). The newly primed effector T cells are
then able to migrate to a tumour site to perform immunosurveillance themselves,

recognising and lysing tumour cells (19).

As immunocompetent people develop cancer, this suggests that immunosurveillance fails
to always keep cancers in tumours in check. Immunoediting is an evolutionary escape
from immunosurveillance by cancer cells, described as having three stages: elimination,
equilibrium, and escape. The elimination stage represents successful immunosurveillance
in which T cells can kill tumours presenting tumour-associated antigens, tumour-specific
neoantigens and also viral antigens (131-134). During dynamic equilibrium, some tumour

clones have escaped total elimination but are still being contained by the immune system.
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This exerts a selection pressure and tumours evolve to fully escape immune regulation by
further genomic instability, allowing progression into the final stage, escape (135).

Immunoediting has been shown to occur in lung cancer (136-140).

There are many ways in which immunoediting can happen in tumours, including by
immunosuppression. For instance, tumours may secrete factors including IL-10, TGFB and
indoleamine 2,3-dioxygenase (IDO) to directly suppress immune cells as well as indirectly
suppress via induction of regulatory T cells (Tregs) (141, 142). Tumour cells can also
upregulate suppressive checkpoint receptors, including PD-L1 and PD-L2 as well as B7
family members to interact with CTLA-4 (140, 143). Immune activation is also affected as
tumours can express high levels of inhibitory NK ligands (144, 145). There is also plenty of
evidence of tumour loss of HLA class | molecules to inhibit CD8* T cells and HLA class Il to
inhibit CD4* T cells by hemizygous loss of HLA genes (140, 146, 147). Moreover, B2-
microglobulin — which is a structural component of class | — is often downregulated in
NSCLC, as is the coordinator of class Il expression, class Il transactivator (CIITA) (146-148).
Furthermore, tumours with normal HLA class | and Il expression may exhibit dysfunction in
peptide processing and binding, including downregulations in the transporter associated
with antigen processing protein, which allows proteasomally processed peptide into the
endoplasmic reticulum for association with HLA class | molecules (58). Interestingly,
neoantigens from mutated peptides are associated with particular HLA types and poorly
presented on HLA. Tumours may select against mutated peptides with high HLA affinities
(149, 150). Whilst there is heterogeneity in the mechanisms causing loss of immune
recognition, the endpoint of immune escape is crucial for the establishment of a

malignant NSCLC tumour and its microenvironment.
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1.3.2 The Non-Small-Cell Lung Cancer Immune Microenvironment

To respond to an established lung tumour, leukocytes are recruited to the tumour site and
can migrate inside the tumour bulk. Large numbers of adaptive and innate infiltrating
immune cells are found in both the LUAD and SqCC histological subtypes of lung cancer
relative to other solid tumours. However, there is heterogeneity and certain lung tumours
have higher leukocytes numbers — known as immunologically ‘hot’ — whilst others have
lower leukocyte numbers and are called immunologically ‘cold’ (151). Leukocytes are
recruited from secondary lymphoid organs or the blood (142). Migrant leukocytes then

move in response to chemokine gradients to execute their roles within the tumour (152).

Most intratumour lymphocytes are organised into ectopic tertiary lymphoid structures
(TLSs) to cultivate adaptive immunity (Figure 1.3). Like secondary lymphoid structures,
these lymphoid aggregates have distinct T and B cell areas, and germinal centres may form
in the most mature TLSs (153). The majority of tumour infiltrating B cells are found in B
cell follicles, alongside follicular DCs, macrophages and T follicular helper (Tfh) cells. TLS-
organised T cells can be found in T cell zones with mature DCs (154). These structures are
surrounded by high endothelial venules which allows extravasation potentially directly
into TLSs. Naive and memory T cells can be activated in TLSs, then enter the stromal

environment to exert anti-tumour functions (155).
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Figure 1.3 NSCLC immune contexture

The NSCLC intratumoural immune response, orchestrated by interactions within a TLS. Figure from
Remark et al (142).

The Lymphoid Environment

The most abundant CD45* leukocyte in LUAD tumours are T cells with CD4* T cells being
more common than CD8* T cells (156). CD4* T cells differentiate into various T cell subsets
dependent on activation factors including TCR and co-stimulatory signal strength, and the
cytokine milieu. These cells are not entirely lineage-committed however and can exhibit
phenotypic plasticity post-polarisation (157). One of the two classical CD4* T cell subsets
are T helper (Th)1 polarised CD4* T cells which are involved in helping cell-mediated
immunity including cytotoxic CD8* T cell responses. Th1 cells are predominantly found
within TLSs but can also act as TILs in the stroma. Other major CD4* T cell subsets including
Th2, Th17, Tfh and Treg have all been observed within lung tumours (155, 158). Most CD4*

and CD8* T cells from NSCLC tumours were shown to express CD69 and CD103, markers of
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tissue retention which are characteristic of resident memory T cells (159). Interestingly,
there is evidence that many LUAD resident memory CD8* T cells are specific for viral
antigens rather than tumour antigens and act as bystander T cells, although it is not yet
established as to whether these cells can contribute to anti-tumour responses (133, 160).
Cytotoxic CD8* effector memory TILs are activated inside TLSs but are predominantly
found in the NSCLC stroma and are key players in the adaptive immune response against
the tumour (142, 147, 161-164). Isolating CD4* and CD8* TILs then co-culturing with lung
tumour digests showed that subsets of TlLs were tumour reactive, polyfunctionally
secreting interferon (IFN)y with IL-2 or tumour necrosis factor (TNF)a (165). Although
there is evidence of cytotoxicity and response to tumour antigens, chronic exposure to
clonal neoantigens derived from NSCLC cancer gene mutations results in CD4*and CD8* T

cell exhaustion and dysfunction (166).

NK cells are innate lymphocytes that can lyse stressed cells and tumours by several
approaches including using cytolytic granules. However in NSCLC, there are lower
numbers of intratumoural NK cells from early stages of disease and their cytotoxicity is
inhibited (139, 144, 145, 156, 167). Another small innate lymphocyte population are the
HLA-unrestricted yo T cells which respond to non-peptide antigens. Lung resident y6 T
cells in the lung are likely to be of the Vy9V41 or Vy9V562 subsets and there is mixed
evidence for their roles in NSCLC, with some studies suggesting that yé T cells are pro-
angiogenic and others suggesting that they induce tumour lysis via NKG2D, Fas

receptor/Fas ligand and granule secretion (168, 169).
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It has been proposed another innate lymphocyte cell (ILC) subset called lymphoid tissue
inducer cells (LTi) cells may a have a role in constructing intratumoural TLSs. LTi cells are
known to form secondary lymphoid tissues during gestation, and the interaction of LTi
membrane lymphotoxin (LT) a and LTB with their receptor can induce expression of
chemokines such as chemokine (C-C motif) ligand (CCL)19 and CCL21 that can recruit
lymphocytes into TLSs (155, 170). This process is aided by IL-7 which helps humoural
immunity develop in the B cell follicle and maintains T cell homeostasis (155, 171).
However, it is not entirely clear whether LTis are the sole cell responsible for ectopic adult
lymphoid structure development in the lung and in lung tumours (172, 173). LTi cells are
similar to the lineage™ ILC3 subset, as both depend on the expression of the transcription
factor retinoic acid-related orphan receptor (ROR)yT and secrete IL-17 (172, 174).
Furthermore, natural cytotoxicity receptor (NCR)* ILC3s have their own LTi-like properties

and have been found at the edges of NSCLC TLSs (172).

DCs can originate from either the common myeloid or lymphoid progenitors. Mature DCs
in T cell TLS zones prime an effector Th1 anti-tumour immune response which can also
protect from metastatic NSCLC. Whilst follicular DCs and Tfhs in B cell zones interact with
B cells and promotes class switching, affinity maturation as well as differentiation into
prognostically favourable plasma cells (142, 155, 161, 164, 175). Presence of plasma cells
suggests a functional antibody response, potentially with antibodies specific for tumour
antigens, but this has been difficult to characterise. Nevertheless, a study by Germain et a/
(154) expanded B cells from NSCLC tumours ex vivo and described antibodies reactive for
tumour antigens including P53, which they suggested was generated by antigen exposure

inside the TLS germinal centre (154).
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The Myeloid Environment

In contrast with immune cells of lymphoid origin, immune cells of myeloid origin are
largely associated with the suppression of anti-tumour immunity. Tumour associated
macrophages (TAMs) have a dichotomy between ‘M1’ pro-inflammatory/anti-tumour
TAMs and ‘M2’ anti-inflammatory/pro-angiogenic TAMs, although this is likely to in fact be
a continuum (176, 177). TAMs differently use lipids available in the NSCLC TME, with M2
TAMs taking up higher levels of lipids compared to M1 TAMs. This also indirectly
suppresses resident memory CD8* which require lipids for maintenance within the tumour
(177). TAMs also directly affect T cells by expressing PD-L1 to induce T cell exhaustion,
secreting IL-10 to suppress T cell function and releasing TGFB which can polarise T cells to
Tregs (139, 178). CAFs can also polarise CD4* Tregs driven by the transcription factor
forkhead box P3 (FoxP3) in a TGFB dependent and independent manner (179, 180). In
normal conditions Tregs are important in the regulation of autoimmunity, suppressing
self-reactive lymphocytes to achieve self-tolerance. Although Tregs are of lymphoid and
not myeloid origin, they contribute to a suppressive NSCLC microenvironment in a variety
of ways, for instance: by utilising IL-2 in the environment without providing any IL-2 back,
expressing CTLA-4, inducing IDO expression from APCs and secreting adenosine, IL-10 and
TGFB (142, 181, 182). Tregs are present both in the stroma and inside TLSs, and depletion
in NSCLC causes an increase in CD8* T cells cytotoxic function with a reduction in tumour

burden (164, 183, 184).

Although M2 TAMs are suppressive in the TME, the dominant myeloid lineage cells of the

NSCLC immune contexture are neutrophils and myeloid derived suppressor cells (MDSCs).
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MDSCs are a heterogeneous subset of suppressive immature myeloid cells resulting from
disrupted myelopoiesis, which can be sub-categorised based resemblance of neutrophils
or monocytes (176). MDSCs induce T cell suppression by secreting TGF, ROS and arginine
hydrolysing enzymes, as well as prompting angiogenesis via VEGF secretion and aiding
metastasis by matrix metallopeptidase (MMP)9 expression (185-188). There is great
recent research interest in MDSCs and a reliable human MDSC marker has recently been
described, yet the most common myeloid cells in NSCLC are neutrophils (156, 176, 189,
190). Neutrophils are important granulocytes in the body and can degranulate cytolytic
granules, produce coagulative neutrophil extracellular traps from DNA and protein, and
are also professional phagocytes (191). Like TAMs, tumour associated neutrophils (TANs)
can also be split into N1 and N2 TANs, of which N2 can be polarised like M2 TAMs using
TGFB and have a pro-tumour effect (192). Interestingly, TANs may act as prominent APCs
for T cells during early-stage NSCLC, but TANs are overall associated with a worse
prognosis in LUAD, and can secrete IL-10, arginase, and pro-inflammatory IL-6 (189, 193,

194).

1.3.3 Immune Contextures and Non-Small-Cell Lung Cancer Genetics

Tumour cell oncogenic alterations in different cancer genes can be linked to particular
changes in the immune microenvironment. Changes in immune cell phenotype or
functionality might be preferentially linked to responses to neoantigens derived from
these mutated cancer genes. Alternatively, immune cells may be directly manipulated by

tumour cells. For instance, oncogenic alterations could induce tumoural cytokine
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secretion, expression of immune checkpoints and changes in metabolite availability in the

TME.

Links between cancer alterations and the immune system have been made in other
cancers, including colorectal cancer (CRC) in which a subset of patients suffer with
deficiencies in DNA mismatch repair. This repair mechanism excises erroneous base
insertions or deletions then resyntheses the sequence. However, defects in this process
causes microsatellite instability (MSI) in which sequence errors accumulate resulting in
new repetitive short microsatellites and additive levels of genomic instability (195). MSI-
high CRC tumours have increased TIL and TAM infiltrates albeit with high expression of
immune checkpoints compared to microsatellite stable tumours. These TILs have been
shown to be predominantly memory CD8* T cells which express IFNy and are suggested to
be responding to neoantigens, as the genomic instability in MSI-high CRC indicates a high
tumour mutational burden (TMB) (195-197). Studies in CRC also demonstrate that
tumour-specific immune responses are not only associated with cumulative genomic
instability but are also linked with specific cancer gene alterations. For example, patients
with BRAF mutations in CRC have high numbers of anti-tumour TILs and tumours with
BRAF mutations are also associated with anti-tumour CD4* TILs, whilst melanoma cell lines
expressing mutant BRAF secrete cytokines which can suppress DCs (197-199). Like MSI-
high and BRAF driven tumours, mutations in DNA polymerase epsilon catalytic subunit
(POLE) — which causes dysfunctional DNA polymerase proofreading — are associated with

high TILs in CRC and endometrial cancer (197, 200).
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This potential immune engagement observed in patients with the aforementioned
alterations in CRC is not observed in those with KRAS alterations. Gene expression
analyses have shown that CRC patients with KRAS mutations have reduced expression of
immune genes including CD4 and HLA class Il genes, with increased expression of immune
checkpoints (197). Reduced immune gene expression suggests lower TILs. This was
confirmed by another study which found lower numbers of T cells expressing the Thl
transcription factor T-box transcription factor TBX21 (T-bet) in CRC tumours with KRAS
mutations compared to MSI-high and BRAF mutant tumours. The investigators also
examined patient prognosis and noted that T-bet — which can be expressed by CD4* and
CD8* T cells — is a better biomarker for prognosis than CD8 (198). Research performed in
NSCLC was initially driven by interest in heterogeneity in clinical responses to PD-1/PD-L1
blockade, as it was thought that the differential responses in patients harbouring different
oncogenic mutations was fundamentally down to differences in tumour immunology. A
study by Skoulidis et al (49) showed that LUAD patients with co-occurring KRAS/STK11
mutations expressed lower levels of PD-1 and CTLA-4 at the transcriptional level, and
lower levels of PD-L1 at the transcript and protein levels. This suggested that NSCLC
mutations were associated with immune marker expression and that KRAS/STK11 patients
would be less sensitive to PD-1/PD-L1 and CTLA-4 checkpoint blockade. Unlike patients
with KRAS/STK11 mutations, those with concomitant KRAS/TP53 mutations express
immune checkpoints and should benefit from checkpoint blockade (49). Another study
showed that KRAS driven mouse models are dependent on FoxP3* Tregs and that

depletion reduced tumour burden (183).
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Upregulation of PD-L1 expression has also been shown to be driven by STAT3 signalling
activated in ALK fusion driven lymphoma (201). Whereas oncogenically activated STAT3
signalling in MET and EGFR driven cancers leads to the expression of cytokines including
type linterferons, IL-6, IL-23, IL-10 as well as VEGF (202-205). Using mouse models of
EGFR driven NSCLC, Akbay et al (143) showed a decrease in intratumoural CD8* T cells
with an increase in FoxP3*/CTLA-4* Tregs compared to peripheral normal lung. EGFR
mutant tumours expressed TGFpB, IL-6 and PD-L1, whilst T cells expressed PD-1 and low
levels of TIM-3 and LAG-3 which the authors argue are not the dominant markers of
suppression in this model. Introducing mutated EGFR into human NSCLC cell lines led to an
upregulation of PD-L1 expression and treating mice with a combination of anti-PD-1 and
anti-CTLA-4 antibodies suggested that patients with EGFR mutation may benefit from this
checkpoint inhibitor combination, which has subsequently shown promise in the clinic
(143, 206, 207). Studies like these show that rationale stratification of patients for therapy
based on the molecular properties of their tumours can impact clinical responses.
Therefore, investigating immune contextures associated with other NSCLC cancer gene

alterations is of great value.
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1.4 RORyT Regulated Immune Cells in Non-Small-Cell Lung Cancer

One of the essences of what defines a cell is its transcriptional programme, which is
regulated by a heterogenous group of proteins that control gene expression called
transcription factors. All transcription factors have a DNA-binding domain which binds to a
specific sequence within a promoter or enhancer region, leading to the expression of the
target gene. Heterogeneity in transcription largely relates to different mechanisms of
action of different transcription factors including involvement with forming preinitiation
complexes for RNA polymerase by recruiting a host of other proteins (208, 209). Immune
cells express different transcription factors to promote different transcriptional
programmes throughout the stages of their lives, from early development to a
differentiated mature cell executing its key duties (210). A common reductionist view is
that T cells become completely lineage-committed and are driven by ‘master transcription
factors’ that elicit their functions through specific transcriptional programmes (157, 211).
However, whilst some transcription factors are preferentially associated with certain
subsets, it is now clear that multiple transcription factors can be co-expressed dependent
on environmental cues, and many CD4* T cell subsets are not terminally polarised and can
exhibit phenotypic plasticity (Figure 1.4). Naive T cells are typically polarised during
priming by a combination of the strength of TCR signalling, the cytokine milieu and
metabolic environment. These conditions activate transcription factors that then go on to
induce and regulate transcriptional programmes. For instance in CD4* T cells, Thl
polarisation requires IL-12 and strong TCR signalling which induces T-bet activity, whereas

Th2 polarisation needs IL-4 and a weaker TCR signal to prompt GATA3 (157, 211).
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Diagram illustrating polarisation to important CD4* T cell subsets and plasticity between these
subsets. Figure from DuPage and Bluestone (157).

RORyT is a key transcription factor associated with type 17 inflammatory immunity, which
is characterised by neutrophil recruitment and is often dysregulated in autoimmune
diseases including rheumatoid arthritis, psoriasis and multiple sclerosis (212). In CD4* T
cell biology RORyT is best known as the canonical transcription factor for Th17 cells which
secrete cytokines including the IL-17 family. Evidence from murine studies suggest that
RORyT drives secretion of IL-22 in Th17s and the rarer Th22 CD4* subset, albeit that RORyT
is expressed at lower levels in Th22s compared to Th17s and at higher levels compared to
naive CD4* T cells (213-215). It has been proposed that Th17 cells are in balance with
FoxP3* Tregs to regulate inflammation as these CD4* T cells can transdifferentiate

between each phenotype. This plasticity allows expression of RORyT and FoxP3
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simultaneously during intermediary stages, and there is evidence in the colon of Tregs
stably expressing RORyT alongside FoxP3 in two subsets: RORyT* Tregs, and Tr17s which
also secrete IL-17 (216-224). Tregs that express RORyT have also been detected in other
tissues including the lung, but it is not known whether RORyT is stably expressed with
FoxP3 in these scenarios, or whether it is simply a marker of transdifferentiation, or
whether this RORyT*/FoxP3* phenotype is truly functional (225-227). RORyT is not only
expressed in CD4* but also in CD8* T cells, called Tc17 which have effector anti-tumour
properties (228). Type 17 immunity also extends to innate lymphocytes including y617s,
which may also be cytotoxic in cancer (168, 169). Other unconventional T cells that do not
recognise peptide antigens including invariant NKT17s (iNKT17s) and mucosal associated
invariant T cells (MAITs) also express RORyT, both of which have been suggested to
specifically lyse cancer cells (229-232). ILC3 and LTi cells also both depend on RORyT
expression (172-174). From the myeloid lineages, subsets of human and mouse
neutrophils express RORyT, but RORyT does not appear to be expressed in monocytes and

macrophages (233-235).

Many investigations into RORyT function and patterns of immune expression have been
carried out using mouse models, yet there is also a growing body of evidence of RORyT
activity in the human immune system. To understand the roles of RORyT* lymphocytes in
NSCLC it is important to study its underlying effects as a transcription factor and how

RORyT is regulated within a cell.
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1.4.1 RORyT Molecular Mechanisms and Immune Expression

RORyT is a member of the retinoic acid-related orphan receptor subfamily. Like the main
family of nuclear retinoic acid (RA) receptors, RORyT has been proposed to bind the
vitamin A metabolite all-trans RA as well as other endogenous metabolite ligands (236-
239). The RORyT gene RORC encodes two isoforms, RORy and RORyT, of which the shorter
RORyT is missing the first 21 N-terminus amino acids and begins with three different
amino acids. Variant expression is mainly controlled by two different RORC promoters
(RORC1 for RORy and RORC2 for RORyT), and cells are unable to express both RORy and
RORyT simultaneously (236, 240). RORy is known as a regulator of circadian rhythms and
can temporally induce clock gene expression. Conversely, RORyT is expressed in various
immune cells as mentioned including Th17s, and can also promote the survival of double
positive thymocytes during the thymic selection (241, 242). RORyT expression is regulated
by cellular signals and other transcription factors including runt-related transcription

factor 1 (Runx1) (241, 243, 244).

As highlighted previously, RORyT has important roles in Th17 biology. Th17s are
CD3*/CD4* T cells which often express C-C chemokine receptor type (CCR)4, CCR6, CD161,
IL-6R, IL-23R and can secrete IL-22, CCL20, granulocyte-macrophage colony-stimulating
factor (GM-CSF), TNFa and IL-17 family cytokines (245-248). This type 17 response is the
most important function of Th17 cells. IL-17A is the best described IL-17 family cytokine
alongside IL-17F, and other family members are IL-17B, IL-17C, IL-17D and IL-17E. These
cytokines signal via the unique heteromeric transmembrane receptor IL-17R expressed on
target cells, which normally consists of IL-17RA in complex with one of the other IL-17R

subunits: IL-17RB, IL-17RC, IL-17RD or IL-17RE (243). One of the primary functions of IL-

56



17A signalling is to recruit neutrophils and it does this by inducing C-X-C motif chemokine
ligand (CXCL)8 production from a wide range of cells including endothelial cells,
fibroblasts, epithelial cells and macrophages (245). The Th17 transcriptional programme
was first thought of being controlled solely by RORyT, but recent studies have shown that

other transcription factors are also important in dictating and enhancing this phenotype.

Co-operation Between RORyT and Other Th17 Transcription Factors

One such complementary Th17 transcription factor is STAT3, which is also a key
transcriptional regulator of MDSCs (244, 249). In Th17s, STAT3 has been shown to bind the
IL-17A promotor in the presence of Th17 polarising cytokines IL-6 and IL-23.
Overexpression of STAT3 results in high levels of IL-17A production, whilst a lack of STAT3
prevents IL-17A, IL-17F and RORyT expression (250). Experiments examining the human
and mouse RORC2 promoters showed that STAT3 can bind to these regions and induce
RORyT expression (251). STAT3 induced RORyT expression represses T-bet transcriptional
programmes and also controls the accessibility of the IL-22 promoter, working with RORyT
and another transcription factor called aryl hydrocarbon receptor (AHR) to induce IL-22
expression (215, 252). As a receptor, AHR senses cytoplasmic environmental ligands such
as PAHs from cigarette smoke. Upon agonist binding, AHR associates with AHR nuclear
translocator to move into the nucleus and create the functional AHR transcription factor.
AHR is particularly important in IL-22 production and Th17s from AHR”" mice can produce

IL-17A but not IL-22 (253). AHR agonist treatment caused mice to develop laboratory

57



inducible experimental autoimmune encephalomyelitis (EAE) —a Th17 driven disease used

as a model for multiple sclerosis — at an earlier timepoint with increased severity (253).

Another closely related transcription factor to RORyT is RORa, which has also been
associated with Th17s, particularly in mice. Like RORy, there is some evidence for RORa
and RORyT involvement in circadian rhythms, with the suggestion that a dysregulated
circadian clock impacts RORyT and RORa expression, and Th17 function (241, 246). Like in
tumours cells, IL-6-mediated STAT3 phosphorylation can promote transcription of HIFla
from mTORC1, which is itself another transcription factor in Th17s associated with
maintenance and effector functions (98, 254, 255). Jurkat cells overexpressing HIF1a and
RORyT expressed high levels of IL-17A which was increased under hypoxia. IL17A
transcription in murine Th17s is synergistically regulated by HIF1a and RORyT, and HIF1A”-
mice are unable to mount Th17 responses and are resistant to EAE (251). These findings
also provide an interesting microenvironmental link to Th17 responses, as HIF1la is a

sensor of hypoxia and ROS which pushes cells towards glycolytic metabolism (43, 99, 251).

Th17 Phenotypic Plasticity

Th17 cells exhibit stem-like properties, which allows for longer self-renewal than other
lineage-committed CD4* T cell subsets and plasticity in polarisation. This plasticity is
demonstrated by the transdifferentiation between Th17/Treg subsets (Figure 1.5), as well
as by the acquisition of cytotoxic Thl properties in cells that were previously IFNy/IL-17A*
Th17s (244). These T-bet* Thl-like Th17s are driven by IL-12 and have anti-tumour

properties expressing IFNy and NKG2D (228, 245, 256, 257). Other RORyT* immune
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subsets such as ILC3s may also display plasticity, but currently there is less known about
these cells (241). Like other CD4* T cells, Th17s differentiate from naive CD4* T cells.
Temporal gene expression modelling showed that murine Th17 differentiation occurs in
three phases. The first short stage is in response to polarising cytokines including IL-6 and
TGFB which stimulates expression of RORyT, AHR and other transcription factors. This
leads to the second stage in which there is an onset of the Th17 transcriptional phenotype
in which cytokines can be secreted, and the final stage which is a phenotypic stabilisation
and maintenance that is reliant on IL-23R signalling, potentially in an autocrine manner
(243, 258, 259). Human Th17 polarisation is less reliant on TGFB — yet human Th17s may
differentiate in the presence of low concentrations of TGFB — and require IL-6 and IL-1p.
Induction of IL-23R is STAT3 dependent and though this is predominantly driven by IL-6
signalling, substituting IL-6 for IL-21 can stimulate STAT3 to the same effect (244, 248,
260-262). Treating human CD4* T cells with TGFB and IL-6 caused increased RORyT
expression but not accompanying IL-17A production. This study showed that TCR

stimulation was also important for IL-17A and IL-22 expression in Th17s (236).
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Figure 1.5 The Th17/Treg balance

Dependent on polarising conditions, naive CD4* T cells can polarise towards Th17 or Treg
phenotypes, and transdifferentiation which is also dependent on environmental conditions may
occur. Figure adapted from Fasching et al (263).

CD3*/CD4* Treg cells can transdifferentiate to and from Th17s, in a process in which the
RORyT and FoxP3 transcription factors play important reciprocal regulatory roles. Tregs
that are part of this Th17/Treg axis often express the CCR4 and CCR6 chemokine receptors
like Th17 cells, and are also CD25%, TGFBR*, CTLA-4* and secrete IL-10 (245-247, 264). As
suppressive Tregs express FoxP3*and heavily use environmental IL-2, they do not express
the high-affinity IL-7 receptor called CD127 (265, 266). There are several different Treg
subsets and because many investigations into this axis are in vitro studies using murine
cells, Tregs in this axis are described as in vitro-induced Tregs (iTregs). Similar phenotype
Tregs are also found in vivo and these iTregs arise outside of the thymus, unlike natural
Tregs which differentiate from naive T cells during thymic development (260, 267, 268).
Imbalances in the Th17/iTreg axis have been associated with a variety of pathologies

including in the field of oncology and in NSCLC (245, 246, 269).
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Reciprocal Regulation of RORyT/FoxP3 and The Th17/iTreg Balance

Zhou et al (260) performed one of the first major studies on the balance between Th17s
and iTregs in mice and humans, highlighting the importance of TGFB. They found that low
concentrations of TGF acts with IL-6 to promote IL-23R expression through RORyT, whilst
higher concentrations repress IL-23R favouring iTregs. FoxP3 knockdown showed that
FoxP3 is responsive to TGFB, and co-immunoprecipitation found that FoxP3 directly
interacts with and inhibits RORyT and RORa. Using mutated forms of FoxP3, the authors
found that these interactions were dependent on the FoxP3 forkhead DNA binding
domain and on the second exon. Despite this inhibition, RORyT can be co-expressed in T
cells with FoxP3 but reduced IL-17 is produced (260). Another study in mice exploring
FoxP3 interactions by Yang et al (270) disagreed with the Zhou et a/ (260) finding that
FoxP3 did not transcriptionally regulate RORyT or RORa by DNA binding, but instead
stopped RORyT and RORa complexing with necessary co-activators for their
transcriptional programmes. This work also provided evidence of transient dual
RORyT*/FoxP3* expression in activated T cells, which were able to express /IL17F transcript
but not secrete protein (270). Another transcription factor shown to regulate the murine
Th17/iTreg balance is Runx1 which co-operates with RORyT under Th17 polarising
conditions to stimulate IL-17A expression by binding to the IL17A promoter and
enhancers. Mutated forms of FoxP3 showed that FoxP3 can bind to Runx1 using its
forkhead binding domain and Runx1-binding domain, inhibiting synergistic IL-17A
secretion with RORyT (261). HIF1a also helps T cells shift to a Th17 phenotype by
complexing with FoxP3 and recruiting a ubiquitin ligase to induce FoxP3 proteasomal

degradation (251).
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The metabolic environment can also affect the Th17/iTreg balance. Treating T cells with
the putative RORyT ligand all-trans RA inhibited IL-17A secretion in vitro. Similarly, in vivo
work showed that DCs in mouse colons can produce RA which reduces RORyT* Th17s and
increases FoxP3*/CTLA-4" iTregs (237). A comparable murine study showed that this
metabolite is biphasic as physiological concentrations of all-trans RA promotes T cell IL-
17A secretion; yet work in humans suggests that all-trans RA polarises to an iTreg
phenotype (238, 239). Different T cell subsets and levels of activation have substantially
different metabolic programmes, for example activated T cells have high energic demand
— which has some parallels to tumoural glycolytic rewiring — and rely on fast glycolysis
from mTOR signalling for ATP production even in normoxia, whereas quiescent T cells use
OXPHOS and the TCA cycle to gradually produce ATP (271). Th17 polarising conditions
induces higher levels of glycolysis which is dependent on HIF1la activity compared to iTreg
polarising conditions. Like the findings from Dang et al (251), HIF1A”- mice also show
delayed onset EAE in the hands of Shi and colleagues (255). These knockout mice were
unable to produce functional Th17s under polarising conditions and FoxP3* iTregs were
upregulated in this model. Furthermore, treating CD4* T cells both in vitro and in vivo with
rapamycin or a glucose analogue to inhibit glycolysis favoured the generation of iTregs
(255). This finding of glycolysis altering the Th17/iTreg balance has been supported by
other groups and there is evidence of other metabolic differences. Th17s take up and use
high levels of branched-chain amino acids, and removing these from the
microenvironment induces iTregs, which are themselves more reliant on oxidative

metabolism of lipids than Th17s (271-273).
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As the Th17/iTreg balance is non-binary — as demonstrated by the existence of
RORyT*/FoxP3* intermediary T cells — studies have tried to elucidate the key regulator of
this transdifferentiation. Although evidence in humans remains limited and
transdifferentiation is probably regulated by multiple factors, TGFp is an important
candidate for potentiating transdifferentiation in mice (236, 244, 246, 248, 260, 261, 270).
Plasticity from Th17 to iTreg is most studied, yet human iTregs can transdifferentiate into
RORyT* Th17s by negative epigenetic regulation of the FoxP3 locus and Th17s were best
polarised using IL-1B (264). In cancer, different types of disease can skew the Th17/iTreg
balance by generating an environment rich in certain polarising cytokines. Alternatively,
imbalances may be because of differences in the TME metabolome affecting in situ

polarisation and transdifferentiation (237-239, 246, 251, 255, 271-273).

1.4.2 T Helper 17 Cells in Non-Small-Cell Lung Cancer

Th17s are one of the most important CD4* T cell subsets in regulating mucosal immunity,
therefore it is unsurprising that these cells can be found in the respiratory system as the
lung is a large mucosal interface between the extracorporeal and intracorporeal
environments. Lung Th17s are important clinically as patients with inherited /IL17RA
deficiency or inactivating STAT3 mutations develop chronic mucocutaneous candidiasis
and are susceptible to bacterial infections (212). Immunising the lungs of
immunocompetent mice with heat killed Klebsiella pneumoniae polarised lung infiltrating
CDA4* T cells to tissue resident memory Thi-like Th17s, which upon rechallenge rapidly

secreted IL-17A and IFNy (274). Away from infection, Th17s are also important in
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inflammatory lung disease like COPD, and a mouse model of non-typeable Haemophilus
influenzae induced COPD-like inflammation preferentially expanded IL-17A*/IL-22* Th17s

and promoted high tumour burden LUAD (275).

Evidence as to whether Th17s are pro or anti-tumour and their association with prognosis
appears to be cancer type, timing, and context dependent (176, 228, 244, 276, 277). This
is also the case for the Th17/iTreg balance, with lung SqCC having twice as many
intratumoural Tregs as Th17s and Thls (158). The Th17/iTreg axis is more nuanced in
LUAD, with evidence of imbalance in both cellular directions and a lack of detailed
understanding into this heterogeneity (158, 246, 278, 279). One such explanation is that
early-stage disease with lower microenvironmental TGF may favour an angiogenic
environment driven by Th17s, whilst late-stage disease with higher TGF tumour cell
production may prefer differentiation to iTregs to help the tumour suppress immune
responses to neoantigens from higher levels of genomic instability (246). A lot of the
research into Th17s in human NSCLC examines peripheral blood mononuclear cells
(PBMCs) and not intratumour Th17s due to difficulties accessing tissue, though Th17s have
been observed in LUAD tumours (278, 280). A study by Duan et al (269) found increased
numbers of Th17s and Tregs — as determined by RORC2 and FOXP3 quantitative PCR
(qPCR) and IL-17A flow cytometry staining — in PBMCs from LUAD and SqCC patients
compared to healthy donor controls. They noticed that if patients had Th17s in the blood,
there was an absence of Tregs and vice versa, thus supporting Th17/iTreg skewing (269).
These findings contrast with comparable earlier work using PBMCs that found a
preference for iTreg skewing, although both these studies observed increased levels of the

Treg cytokines IL-10 and TGFp in patient sera (269, 281). These investigations do not
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elucidate whether polarisation occurs within the tumour or in the blood. Interestingly,
work using healthy donor PBMCs by Hoechst et al (239) found that autologous co-
culturing of CD4* T cells with CD14*/HLA-DR""/- MDSCs induced iTreg differentiation by T
cell interaction with membrane-bound TGFB, whereas T cells co-culture with CD14*/HLA-
DR* monocytes induced Th17 differentiation. This suggests that this MDSC-mediated
differentiation could happen entirely in the blood. Moreover, the authors polarised Th17
cells then co-cultured with MDSCs, finding a fast 12-hour transdifferentiation to iTregs and

observed FoxP3*/IL-17A* Tr17s in this model (239).

As most NSCLCs are associated with smoking, it is possible that Th17 differentiation is
directly influenced by compounds from smoke. Exposing mice to cigarette smoke extract
(CSE) increases RORyT expression and can polarise towards a Th17 phenotype, which may
be due to PAHs stimulating AHR-mediated Th17 transcription (282, 283). However,
exposing CSE to monocyte-derived DCs from PBMCs of COPD patients did not induce Th17
priming (284). Yet, CSE treating lung epithelial cells does show an association with Th17
biology. Exposing human bronchiole epithelial cells to CSE increased IL17RA and IL17RC
expression, and subsequent IL-17A stimulation induced production of the important
granulocyte and MDSC chemoattractant CXCL8 (285). IL-17A and CSE treatment induced
proliferation in ex vivo cultured COPD bronchiole epithelium, and induced an EMT-like
phenotype in murine bronchiole epithelial cells characterised by a loss of E-cadherin

expression and increased vimentin expression (286-288).

Whilst Th17s in NSCLC are often associated with recruitment of suppressive myeloid cells

and the induction of EMT, Th1-like Th17s have protective roles in NSCLC. Early work
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focused on utilising these cells for adoptive transfer therapy as they are resistant to
cellular senescence after ex vivo expansion (228, 289). Muranski et al (228) generated
mouse CD4* T cells specific for a melanoma antigen which were polarised under Th17
conditions. After polarisation, these cells became effector memory Th1-like Th17s
expressing IL-17A, CCL20, TNFa and IFNy. These Th1-like Th17s could not protect their
host animals from melanoma but protected other mice of a similar background following
allogeneic transfer in an IFNy-dependent manner. Unlike Th1 transfer, mice transferred
with Thl-like Th17s did not relapse, which was suggested to be due to improved
intratumoural persistence (228). Similar work by Martin-Orozco et al (257) transferring
ovalbumin-specific Th17s into mouse melanomas did not result in polarisation to IFNy*
Th1-like Th17s. Instead, Th17s secreted IL-17A to stimulate tumour cell CCL20 release,
which recruited CCR6* DCs to sample antigens and initiate a CD8* anti-tumour response.
These authors propose that the Thl-like Th17 plasticity observed in the previous work
occurs in lymphopenia but not in immunocompetent hosts (257). A study investigating
human NSCLC patients showed that Th17s from PBMCs were CCR7* central memory cells
sensitive for a cancer testis antigen, that also expressed RORyT, CCR4 and CCR6.

Interestingly, one NSCLC patient had Th1-like Th17s that secreted IL-17A and IFNy (290).

The Role of IL-17A in NSCLC

The presence of Th17s and other IL-17A* lymphocytes in NSCLC tumours is associated with
bad prognosis (291-293). Furthermore, PBMCs from LUAD patients also have high

frequencies of y617s as well as Th17s and corresponding lower Tc17s compared to healthy
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donors. y617 and Th17 presence and Tc17 reduction was associated with advanced lung
cancer stage (294). Interestingly, Th17s in NSCLC patient malignant pleural effusions were
associated with good prognosis and improved survival (295). An explanation for this could
be that these Th17s are not retained in the tumour and therefore cannot exert pro-

tumour functions.

As NSCLCs are carcinomas, the effect of IL-17A on epithelial function is of great interest.
IL-17A has been shown to activate STAT3 signalling in tumour cells and TME stroma cells.
STAT3 activation can be amplified in an autocrine IL-6 signalling feedback loop, and in
tumour cells can directly promote growth, aid HIF1a metabolic glycolytic reprogramming
through mTOR signalling and induce angiogenic VEGF secretion (98, 254, 255, 280, 296,
297). This indicates that STAT3 is an important oncogenic facilitator of IL-17A signalling
from Th17s. Moreover, IL-17A and IL-22 signalling may co-operatively allow Th17s to
hyperactivate STAT3, which is associated with tumour migration, proliferation, and bad
NSCLC prognosis (241, 298-302). Stimulating PBMCs with NSCLC cell line supernatant
induced IL-22 production from memory Th17s and potentially Th22s. The activating
cytokine in the supernatants was shown to be IL-13 which induced AHR and RORyT to
make IL-22 (213). Like its angiogenic potential, IL-17 has also been linked with
lymphangiogenesis in NSCLC to potentially aid metastasis (293, 303). Furthermore,
treating NSCLC cell lines with IL-17A also increased expression of MMP2 and 9, which

remodel the extracellular matrix to allow for metastases (304).

IL-17 also acts on myeloid cells and can directly polarise macrophages towards an M2

phenotype (305). Interestingly tumour bearing IL17A” mice had less MDSCs compared to
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tumour bearing IL17A*/* control mice, and MDSCs from knockout mice were unable to
suppress T cell proliferation in vitro, suggesting a developmental role for IL-17A (276). One
of the key chemokines secreted by Th17s is CCL20 which potently attracts other
lymphocytes including other Th17s and Tregs, that subsequently recruit TANs, TAMs and
MDSCs. These suppressive myeloid cells can also be recruited by Th17s using granulocyte
colony-stimulating factor (G-CSF) and GM-CSF in several cancers including NSCLC (142,
189, 244, 306, 307). Finally, there is evidence that Th17s can be directly suppressive,
expressing CD39 and CD73 to convert ATP/ADP to immunosuppressive adenosine (308,

309).

In summary, Th17s have a tumour promoting role in NSCLC and the Th17/iTreg balance is
dependent on cues from the microenvironment which might be a result of cancer genetics
driving the TME. Though Th1-like Th17s appear to have anti-tumour properties, most
Th17s support tumour progression by secreting IL-17 and IL-22 which importantly act via
STAT3 to induce angiogenesis, EMT, regulate proliferation. As well as by secreting

chemokines to promote an immunosuppressive myeloid-driven immune contexture.
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1.5 Scope of Thesis

Patients with LUADs driven by KRAS and STK11 mutations are therapeutically
underrepresented, insensitive to immunotherapy and have a poor prognostic outlook.
Underlying cancer genetics controls the TME, immunological engagement and skews the
immune contexture to favour certain immune subsets including Th17s or Tregs.
Knowledge of the types of immune responses linked to key mutated driver cancer genes in
LUAD is important for patient stratification to rationally choose an effective therapeutic or

immunotherapeutic strategy.

Using data from TCGA, resections from NSCLC patients and an in vitro approach culturing
healthy donor PBMCs in conditioned media from NSCLC cell lines with different cancer

mutations, we sought to:

1. Characterise immune gene transcriptional signatures that are linked with LUAD

cancer gene driver mutations.

2. Investigate the relationship between RORC mRNA expression and RORyT protein

expression in LUADs driven by KRAS and STK11 mutations.

3. Determine which lymphocytes express RORyT, and explore spatial relationships
between RORyT* intratumour lymphocytes and other immune subsets in LUAD patients

with KRAS and STK11 mutations.

4. Evaluate the influence of cytokines and chemokines secreted by NSCLC cell lines

with KRAS and STK11 mutations on T cell phenotype.
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2. Materials and Methods

2.1 Bioinformatics Methods

2.1.1 Data Acquisition and Pre-Processing

Mutation, copy number, expression and clinical data from TCGA ‘LUAD TCGA 2014’ (n =
230) and ‘LUAD TCGA PanCancer’ (n = 566) datasets were retrieved via the cBioportal tool
(65, 310, 311). These data are known as ‘Level 3’ data which have been processed from
raw data using TCGA pipeline to give data that are easily comparable by researchers
without extensive bioinformatics training, such as: mutations from each mutated cancer
gene (e.g. KRAS G12D), copy number changes as processed by the GISTIC algorithm
(Chapter 2.1.5) and normalised gene-level expression data (RNA-Seq data processed and
corrected for zygosity by the RSEM algorithm as RSEM gene-level abundance values, or
gene-level z-scores standardised using RSEM gene-level data from all profiled tumours)

(312, 313).

An R script (V3.5.2 (314, 315)) was written to tidy these data
(github.com/Sithspitz/thesis/blob/master/data_processing/luadread_tcga_pancancer.R)
and data were tabulated using Excel (Microsoft). Adaptations of the same method were
used to acquire validation data from the diffuse large B-cell lymphoma TCGA dataset

‘DLBCL TCGA PanCancer’ (310).

To assess the key findings from the lung cancer TCGA cases, open access iterative rank-
order normalised (IRON) microarray expression data (n = 422) from a publication by

Schabath et al. (316) were downloaded from the Gene Expression Omnibus (GEO)
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repository (Accession Number GSE72094) (317, 318) and tabulated by cancer gene

mutation status.

2.1.2 Data Mining the Cancer Genetics of Lung Adenocarcinoma

The interactive online cBioPortal platform was used to explore general genetic features in
the LUAD TCGA data. To investigate more complex genetic features such as the most
common types of somatic mutations and most prevalent amino acid changes, an R script
was produced
(github.com/Sithspitz/thesis/blob/master/mutation_analysis/luad_pancancer_mut_analys

is.R).

2.1.3 Cancer Gene Delineated Immune Gene Expression Signatures in Lung
Adenocarcinoma

We reviewed the literature and used a minimum prevalence threshold of 10% in the TCGA
2014 dataset to select 11 common driver cancer genes in LUAD (65, 319, 320). As ALK and
ROS1 are the key cancer fusion genes in LUAD, they were also included in this analysis
even though their prevalence was under 10%. 105 genes associated with immune subsets,
function and recruitment were selected, including those suggested by the NSCLC
literature, to create specific immunological gene expression signatures delineated by key
LUAD cancer genes (132, 140, 142, 189). To produce these immune gene expression
signatures from TCGA 2014 data, median mRNA expression z-scores (from RNA-Seq data)

for each gene were calculated from the patient groups with mutations in the same lung
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cancer gene (determined by whole-exome sequencing) and also from patients without
mutations in that particular lung cancer gene. These median expression z-scores were
then statistically compared using unpaired two-sample Wilcoxon tests and differences
were deemed significant if p values were less than the Bonferroni corrected p value of
0.045 to stringently minimalise false discoveries. The fold change differences in the
median immune gene mRNA expression (cancer gene mutation positive vs cancer gene
mutation negative) were plotted as a heatmap and called an immune gene expression
signature. Additional targeted exon sequencing and microarray expression data from
Schabath et al. (316) were used as a validation dataset and cancer gene immune

signatures were produced in the same way.

2.1.4 Immunological Deconvolution of TCGA Lung Adenocarcinoma
Two computational methods, CIBERSORT and MCP-counter, were used to estimate
immune cell fractions from TCGA RNA-Seq RSEM normalised gene-level abundance data

by algorithmic deconvolution (321, 322).

RNA-Seq data were uploaded to the CIBERSORT web tool (cibersort.stanford.edu/) and the
reference leukocyte signature matrix (LM22) was applied to deconvolute the data using
the CIBERSORT algorithm at 1000 permutations. The MCP-counter algorithm was run by
the accompanying R package (V1.2.0), using ‘HUGO_symbols’ as features. The enumerated
relative cell fractions from fully CIBERSORT deconvoluted TCGA patients and abundance

scores from MCP-counter were compared using unpaired two-sample Wilcoxon tests.

72


https://cibersort.stanford.edu/

2.1.5 Examining Copy Number Alterations

We used scores from the GISTIC 2.0 algorithm downloaded from cBioPortal to estimate
genetic deletions and amplifications (312). GISTIC scores ranged from -2 to +2 at integer
intervals. -2 represents a deep deletion (likely homozygous deletion), -1 represents a
shallow loss (likely heterozygous deletion), O signifies diploid with no CNA, +1 shows a
low-level gain and +2 represents a focal high-level amplification. GISTIC scores for each
gene are putative, especially the +1 low-level gain which suggests that there are additional
copies but that it is not necessarily an amplification of that particular gene, rather
potential amplification of the locus as a whole. Samples were grouped by GISTIC scores for

comparison.

2.1.6 Investigating Protein Dynamics of TCGA Lung Adenocarcinoma

To give an indication as to whether TCGA samples have gained or lost KRAS and LKB1
proteins we investigated reverse phase protein array (RPPA) z-scores from cBioPortal. We
used RPPA z-scores of + 1 (equivalent to + 10) as the threshold to delineate the protein

gain or loss groups.

2.1.7 RORC Correlation Analysis
An R script was written to correlate RORC expression RSEM values against RSEM values
from all other genes, including those in the 1g21.3 locus

(github.com/Sithspitz/thesis/tree/master/correlation_analysis/). This script uses data
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from putative 1921.3 amplified samples with RORC GISTIC scores of +1 or +2 and iterates

the Pearson product-moment correlation test. Significant correlations were plotted.

2.1.8 Isogenic Cell Line Analysis

To investigate whether introducing genetic mutations (MTs) directly induces expression of
genes, we explored the GEO repository. We came across data from Stolze et al (72)
(Accession Number GSE60695) who established isogenic MCF10A cell lines with a range of
KRAS mutations expressed at physiological levels and performed a microarray on these
cell lines. Data was available for KRAS G12D and G13D isogenic cell lines, which we
analysed. Unfortunately, we could not find any similar appropriate data from lung cancer
isogenic cell lines with STK11 or KRAS/STK11 mutations. Microarray data from this study
were in the form of spot intensities normalised by robust multi-array average (RMA)
procedure (323). Normalised spot values were statistically compared by paired and

unpaired t-tests.

2.1.9 RORC Overall Survival Analysis

Any NSCLC TCGA samples without clinical data were removed and RORC expression z-
scores were grouped into quartiles. Samples with RORC z-scores between the upper
quartile and maximum value were categorised into the ‘RORC High’ group, samples with
values between the lower quartile and minimum value were placed into the ‘RORC Low’
group and the remaining samples with z-scores around the median were grouped into

‘RORC Other’. Kaplan-Meier curves were produced in GraphPad Prism (8.4.3) using
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months from diagnosis to clinical outcome data and were statistically compared using

Mantel-Cox tests.

2.1.10 Single Sample Gene Set Enrichment Analysis

Gene set enrichment analysis (GSEA) was performed using the single sample GSEA
(ssGSEA) approach (324). The ssGSEA method calculates gene set enrichment scores on a
per sample basis, from the rankings of gene set expression relative to the other genes
outside of this gene set. This algorithm was run on RSEM data using the GSVA package and
the enrichment scores were grouped then analysed using two-sample Wilcoxon tests
(325). This approach was validated using a published lung cancer gene signature,

comparing the TCGA DLBCL and LUAD datasets (Figure 2.1) (326).
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Figure 2.1 ssGSEA validation using a lung cancer gene signature

The list of genes included in the Xu et al (326) lung cancer gene signature was obtained. This gene
list was used by the GSVA package to run ssGSEA and calculate ssGSEA enrichment scores from
RNA-Seq RSEM data from the ‘LUAD TCGA PanCancer’ and ‘DLBCL TCGA PanCancer’ datasets.
ssGSEA enrichment scores were grouped by original dataset and were compared by unpaired two-
sample Wilcoxon test.

2.1.11 R Packages
Table 2.1 lists the R packages used throughout this thesis. The top of this Table shows the

most commonly utilised packages and the bottom shows less used packages and some

dependencies.
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Package Name Reference Package Name Reference

cytofkit2 (327) devtools (314)
dplyr (328) ggbiplot (329)
ggplot2 (328) ggpubr (330)
gplots (331) gsva (325)
MCPcounter (322) MEM (332)
phenoptr (333) phenoptrReports (333)
RColorBrewer (334) shiny (335)
stats (314) tidyverse (328)
Biobase (336) car (337)
cowplot (338) data.table (339)
el071 (340) factoextra (341)
flowCore (342) FlowSOM (343)
forcats (328) genefilter (344)
graphics (314) gridExtra (345)
GSEABase (346) GSVAdata (325)
limma (347) magrittr (348)
openxlisx (349) plyr (350)
purrr (328) randomForest (351)
readr (328) readx!/ (328)
reshape2 (352) ROCR (353)
rtree (354) Rtsne (355)
scales (356) stringr (328)
tibble (328) tiff (357)
utils (314) uwot (358)

Table 2.1 List of R packages

R packages and dependences used throughout this thesis.
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2.2 Specimen Collection and Ethics

2.2.1 Specimens for Immunohistochemical Staining

We were interested in sourcing NSCLC lung resections with and without somatic
mutations in the KRAS and STK11 genes. Routine molecular profiling is not performed on
NSCLC biopsies or resections, therefore we collaborated with two ethically approved
national NSCLC studies that have collected lung tumour resections and used next-
generation sequencing to classify the cellular NSCLC mutations present. The ‘Tracking Lung
Cancer Evolution Through Therapy’ (TRACERXx) study collected tumour tissue and
performed whole-exome sequencing to classify NSCLC mutations in the tumour; similarly
the ‘Stratified Medicine Programme 2’ (SMP2) study collected tumour resections and
sequenced a targeted NSCLC gene panel including KRAS and STK11 (359, 360). Patient
resections with mutations in genes of interest were identified and formalin-fixed paraffin-
embedded slide-mounted 5um sections were acquired nationwide via the University of
Birmingham’s Human Biomaterials Resource Centre. All work was performed at the
University of Birmingham (ethics favourably approved by the North West Haydock
Research Ethics Committee, reference 15/NW/0079). Primary tumour resections are listed

in Table 2.2.
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American Joint

Lung Cancer

Patient ID Age/Gender Histology Committee on ]
Cancer Staging Mutation
CRUKO0081 72M SqCC A WT
CRUK0092 76 M SqCC A WT
CRUK0031 59 M LUAD B WT
CRUK0029 56 M LUAD A WT
CRUK0070 56 M SqCC A WT
CRUK0041 72M LUAD 1B WT
CRUKO0032 73 M LUAD B WT
P011964 75M SqCC A WT
P012745 71F LUAD Staging not known WT
CRUK0042 68 M LUAD 1A KRAS MT
CRUK0069 73 F SqCC IB KRAS MT
CRUK0044 59F LUAD 1A KRAS MT
CRUKO0059 79F LUAD 1A KRAS MT
CRUK0040 62 F LUAD 1A KRAS MT
CRUK0048 76 F LUAD IB KRAS MT
CRUKO0030 75M LUAD A KRAS MT
CRUK0034 68 F LUAD IB KRAS MT
P013778 64 F LUAD A KRAS MT
P013281 82 M LUAD 1B KRAS MT
CRUKO0008 72M LUAD 1A STK11 MT
CRUK0061 82 M LUAD IB STK11 MT
CRUK0046 61F LUAD A STK11 MT
CRUK0099 77M Adenosquamous A STK11 MT
Carcinoma
CRUKO0050 55M LUAD MA KRAS/STK11 MT
CRUK0047 72°F LUAD 1A KRAS/STK11 MT
CRUK0013 67 M LUAD MA KRAS/STK11 MT
CRUK0024 68 M LUAD 1B KRAS/STK11 MT
P014743 66 M LUAD MA KRAS/STK11 MT
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Table 2.2 Patient lung tumour resection clinical and genetic data

Clinical and genetic data from TRACERx and SMP2 patients and their resected primary tumours.

2.2.2 Blood Specimens for Flow Cytometry Experiments

Donors were recruited in accordance with our ethical approval (favourably approved by
the West Midlands Solihull Research Ethics Committee, reference 14/WM/1254). All
donors provided written informed consent for venepuncture, experimentation and
analysis. Age (23-28 years) and gender (female) matched postgraduates and staff from the
Institute were recruited as donors. All experiments were conducted at the University of

Birmingham.
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2.3 Tissue Culture Methods

2.3.1 Tissue Culture Reagents
Roswell Park Memorial Institute-1640 (Sigma-Aldrich): Supplemented medium with

300mg/L L-glutamine and 2000mg/L NaHCOs. Stored at 4°C.

Dulbecco’s Modified Eagle’s Medium (Sigma-Aldrich): Supplemented medium with
3700mg/L NaHCOs3 along with high amino acids at 584mg/L L-glutamine and 4500mg/L D-

glucose. Stored at 4°C.

Minimum Essential Medium Eagle (Sigma-Aldrich): Supplemented medium with 292mg/L

L-glutamine and 2200mg/L NaHCOs. Stored at 4°C.

Penicillin-streptomycin (Gibco): Solution containing 50001U/mL penicillin and 5000ug/mL

streptomycin. Stored at 4°C.

Foetal bovine serum (FBS) (Biosera): Sterile and toxin free. Aliquoted and stored at -20°C.

EDTA (Sigma-Aldrich): Powder stored at room temperature (RT).

MEM Non-essential Amino Acid Solution (Sigma-Aldrich): 100X solution of 890mg/L L-
alanine, 1500mg/L L-asparagine, 1330mg/L L-aspartic acid, 750mg/L L-glycine, 1050mg/L

L-serine, 1150mg/L L-proline and 1470mg/L L-glutamic acid.

TrypLE™ Express Enzyme (Gibco): Trypsin replacement dissociation agent with 1mM

EDTA and phenol red. Stored at 4°C.

DMSO (Sigma-Aldrich): Stored at RT.
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PBS: Prepared by dissolving one Oxoid™ Dulbecco A PBS tablet per 100mL of type 2 pure

water and autoclaved (20 mins at 121°C). Stored at 4°C.

MACS buffer: PBS solution containing 0.5% bovine serum albumin (BSA) and 2.5mM EDTA.

Stored at 4°C.

Ficoll-Paque™ PLUS (GE Healthcare): Sterile centrifugation medium with a density of

1.078g/mL. Stored at RT.

2.3.2 Tissue Culture Media Preparation
Roswell Park Memorial Institute-1640 culture media (RPMI): Roswell Park Memorial
Institute-1640 medium supplemented with 8% FBS and 2% penicillin-streptomycin

solution (1001U/mL penicillin and 100pug/mL streptomycin).

Dulbecco’s Modified Eagle’s Medium culture media (DMEM): Dulbecco’s Modified Eagle’s
Medium supplemented with 8% FBS and 2% penicillin-streptomycin solution (1001U/mL

penicillin and 100ug/mL streptomycin).

Minimum Essential Medium Eagle culture media (MEM): Minimum Essential Medium
Eagle supplemented with 8% FBS, 2% penicillin-streptomycin solution (1001U/mL penicillin

and 100pg/mL streptomycin) and 1X MEM Non-essential Amino Acid Solution.

Freezing media: Culture media (RPMI, DMEM or MEM) supplemented with 20% FBS and

10% DMSO.
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2.3.3 Adherent Human Cell Lines

The ‘Catalogue of Somatic Mutations in Cancer Cell Lines Project’ and the ‘canSAR’
databases were used alongside the literature to select appropriate NSCLC cell lines with
the following lung cancer mutation (MT) genotypes: KRAS MT, STK11 MT and cell lines
with concomitant KRAS and STK11 mutations (KRAS/STK11 MTs) (361-365). NSCLC cell
lines without KRAS or STK11 MTs were called ‘wild type’ (WT) for these experiments. All
cell lines were acquired from low passage stocks from trusted suppliers to minimise
genotypic and phenotypic drift (Table 2.3). Upon cell line arrival, cells were screened for
mycoplasma infection (Chapter 2.3.7) then were expanded in culture and a number of low
passage stocks were cryopreserved (Chapters 2.3.4 and 2.3.5). All live cell work

throughout this thesis were performed in a sterile category Il tissue culture hood.
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Cell Line

Description

Source

Lung Cancer

Genetic Alteration

Base Medium

CALU-3

H292

HCC78

H1299

H2110

CALU-6

H441

CAL-12T

H1755

Chago-K-1

H1563

A549

A427

H460

H1734

Metastatic LUAD

Metastatic lung
carcinoma

LUAD

Metastatic lung
carcinoma

Metastatic lung
carcinoma

Pulmonary
anaplastic
carcinoma

LUAD
Lung carcinoma

Metastatic LUAD

Lung carcinoma

LUAD

Lung carcinoma

Lung carcinoma

Lung carcinoma

LUAD

Professor Jo
Morris, University
of Birmingham

American Type
Culture Collection
(ATCC)

Deutsche
Sammlung von
Mikroorganismen
und Zellkulturen
(DSMZ)

ATCC

ATCC

Professor Jo
Morris, University
of Birmingham

ATCC
DSMz
ATCC

European
Collection of
Authenticated Cell
Cultures (ECACC)

ATCC
ECACC
Professor Jo
Morris, University

of Birmingham

ATCC

ATCC
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WT

WT

WT

WT

WT

KRAS Q61K

KRAS G12V
STK11 CNA loss

STK11 P281Rfs*6

STK11 G56V

STK11 G242W

KRAS G12S
STK11 Q37*

KRAS G12D
STK11 CNA loss

KRAS Q61H
STK11 Q37*

KRAS G13C
STK11 M51Ifs*14

MEM

RPMI

RPMI

RPMI

RPMI

RPMI

RPMI

DMEM

RPMI

RPMI

RPMI

DMEM

MEM

RPMI

RPMI



Professor
Foetal kidney Benjamin Willcox,
HEK293T o . . N/A DMEM
epithelium University of

Birmingham

Table 2.3 Cell lines

List of cell lines used in this thesis. Genetic alterations in the KRAS and STK11 genes for each NSCLC
cell line were confirmed from data curated by the ‘Catalogue of Somatic Mutations in Cancer Cell
Lines Project’ database and cross-checked from data curated by the ‘canSAR’ database.

2.3.4 Maintenance Culture of Adherent Cell Lines

Cell lines were maintained in either 25cm? or 75cm? flasks (Corning) with 6mL or 18mL of
appropriate culture media and incubated at 37°C/5% CO,. Media were changed every 2-3
days and cells were passaged every 3-5 days (cell line dependent) once deemed to be
>70% confluent by light microscopy. Before passaging using enzymatic dissociation, media
were removed and cells were briefly washed with PBS. 4mL or 8mL (for 25cm? and 75cm?
flasks respectively) of TrypLE™ Express Enzyme was subsequently added and the cells
were incubated at 37°C/5% CO; for 1-5 minutes dependent on cell line. After detachment
from the polystyrene flask, the enzyme was removed by centrifugation and the cells were

split and reseeded as required.

2.3.5 Cryopreservation

Cells to be preserved in liquid nitrogen were pelleted by centrifugation then resuspended
in 1mL of appropriate freezing media and transferred to CryoTube™ vials (Nunc). Vials
were placed into Mr. Frosty™ Freezing Containers (Nalgene) filled with isopropanol

(Sigma-Aldrich), which were used to achieve a gradual cooling rate of -1°C/minute to -
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80°C. Vials were transferred to liquid nitrogen freezers (approximately -200°C) the

following day.

2.3.6 Revival After Cryopreservation
Cells in CryoTubes™ were thawed quickly in a 37°C water bath and washed with the

appropriate culture media. Cells were counted by light microscopy before use.

2.3.7 Mycoplasma Testing
Cell lines were tested for mycoplasma infection upon arrival in the lab and routinely

thereafter using a MycoAlert™ Kit (Cambrex) according to the manufacturer’s protocol.

2.3.8 Isolation of Peripheral Blood Mononuclear Cells

Peripheral blood was collected into lithium heparin vacutainers (BD) by venepuncture
from consenting donors. The heparinised blood was diluted 1:1 with RPMI (with
penicillin/streptomycin but without FBS) and layered onto Ficoll-Paque (ratio of 2:1
blood:Ficoll-Paque) then centrifuged at 600 x g for 30 mins (without brake). The PBMC
layer at the interface of the plasma and Ficoll was aspirated and the cells were
resuspended in RPMI without FBS. PBMCs were washed twice, firstly at 800 x g for 10
mins (low brake) and secondly washed in RPMI with FBS at 400 x g for 7 mins (default high

brake). The isolated PBMCs were counted and cryopreserved as previously described.
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2.3.9 Collecting Conditioned Media

Conditioned media were collected from all adherent cell lines. Those cell lines not using
RPMI as a base culture medium (Table 2.3) were sequentially weaned onto RPMI as
follows: passage 1 using 75% base medium and 25% RPMI, passage 2 using 50% base
medium and 50% RPMI and passage 3 using 100% RPMI. Once all cell lines were adapted
to RPMI, conditioned media were collected when cell lines appeared 70% confluent (or
after a maximum of three days culture). The conditioned media were filtered through a
0.45um membrane and frozen at -80°C. Tumour conditioned media (TCM) or HEK293T

conditioned media were used within 6 months of freezing.

2.3.10 Stimulating Peripheral Blood Mononuclear Cells for Cytokine Release

3x10° to 1x10° PBMCs (depending on experiment) were seeded into 5mL flow cytometry
test tubes (Falcon). PBMCs were either un-specifically stimulated by the addition of a
phorbol 12-myristate 13-acetate and ionomycin (PMA/iono) solution (500X Cell
Stimulation Cocktail, eBioscience™) to the RPMI or left without stimulation. Brefeldin A
Solution (1000X, eBioscience™) was added to both treatments immediately after the
PMA/iono and PBMCs were incubated at 37°C/5% CO; for 4 hours, with gentle

resuspensions every hour.

2.3.11 Culturing Peripheral Blood Mononuclear Cells in Conditioned Media
1x10° PBMCs were seeded into wells of a 48 well plate in 500uL of TCM, control

conditioned media (HEK293T cells) or fresh RPMI. The PBMCs were stimulated with
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soluble 0.5pg anti-CD3 (clone OKT3, eBioscience™) and 1ug anti-CD28 (clone CD28.2,
BioLegend) overnight at 37°C/5% CO,. The following day PBMCs were aspirated and
washed twice with PBS to remove the CD3/CD28 stimulation antibodies and then re-
seeded in the same media into unused wells to avoid further stimulation by any antibodies
that had become plate-bound. After two days culturing at 37°C/5% CO,, the PBMCs were
removed and split between two tubes. Half the PBMCs from each well were stimulated by
PMA/iono as previously described and the other half were left without stimulation.
Cellular phenotypes and cytokine production were examined by flow cytometry (Chapter

2.6.4).
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2.4 Molecular Techniques

2.4.1 RORC Construct Design

A mammalian expression vector for the RORC2 variant of the RORC gene was designed
and produced by Sino Biological. RORC2 (2223bp open reading frame) cDNA was under
the control of an enhanced cytomegalovirus promotor. This plasmid also contained a

kanamycin resistance gene and produced proteins tagged with C-terminus GFPSpark.

2.4.2 Transformation and DNA Sequencing

Plasmids were reconstituted as per manufacturer’s instructions. Reagents from the NEB®
5-a Competent E. coli (High Efficiency) kit (New England BiolLabs) were used to perform a
heat shock transformation into competent E. coli following the manufacturer’s protocol
and bacteria were cultured overnight at 37°C on kanamycin selection plates. Antibiotic
resistant colonies were taken from the plates and inoculated into lysogeny broths spiked
with 50ug/mL kanamycin then incubated overnight in a shaker at 37°C. The following day,
E. coli from the broths were pelleted and plasmid DNA were purified using a QlAprep®
Spin Miniprep Kit (Qiagen) following the manufacturer’s instructions. DNA were
sequenced by the University of Birmingham DNA Sequencing Service using T7 forward
primers and BGH reverse primers to confirm the amplified plasmids had retained the

corrected sequence.
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2.4.3 Transfection and Preparation for Confirmatory Analyses

For each expression vector, a transfection mix of 16ug of plasmid and 100uL
polyethylenimine solution (Polysciences) was prepared in ImL of DMEM. This transfection
mix was added in a dropwise fashion to HEK293Ts growing in 10cm width petri dishes
(Nunc). The cells were then incubated overnight at 37°C/5% CO; to enable the cationic
polymer-based transfection to occur. The following day, the HEK293T cells were split by
enzymatic dissociation (Chapter 2.3.4). After a PBS wash, one third of the total cells were
taken for RNA extraction for a PCR confirmation (Chapter 2.4.4) and the second third were
processed for confirmatory GFP*/RORyT" flow cytometry staining (Chapter 2.6.2). The final
third of cells were pelleted in 1mL of 10% neutral buffered formalin (Leica) and this pellet
was taken to the Royal Orthopaedic Hospital NHS Foundation Trust’s Department of
Musculoskeletal Pathology for paraffin embedding into a tissue block and generation of

5um slide-mounted sections.

2.4.4 RNA Extraction and cDNA Synthesis

1x10° cells were pelleted into an 1.5mL Eppendorf tube and RNA extraction with DNase
step was carried out using the Nucleospin RNA Purification Kit (Machery-Nagel) as per
manufacturer’s instructions. To ensure DNA removal, the extracted RNA were subject to a
second DNase 1 digestion step using the DNA-free™ DNA Removal Kit (Ambion). The DNA-
free RNA were subsequently reverse transcribed using random hexamer primers to cDNA

using the iScript™ cDNA Synthesis Kit (Bio-Rad) and cDNA were diluted 1:5 in DEPC-H20 to
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lower concentrations. This method was initially validated with no-reverse transcriptase
controls. A NanoDrop™ spectrophotometer (Thermo Scientific) was used prior to the
second DNase digestion to assess RNA quantity as well as quality by measuring the

A260/A280 ratio. cDNA were stored at -20°C.

2.4.5 Quantitative PCR

Multiplex gPCR reactions were set up using the following TagMan® assay primers: RORC
FAM (Hs01076112_m1, Thermo Scientific) and GAPDH VIC (Hs02786624 g1, Thermo
Scientific). Test DNA were run in triplicate and the qPCR master mix was prepared as Table

2.4 (total volume of 20uL/well in a 96 well plate):

After addition of the samples, the plate was sealed and subject to a brief centrifugation
pulse. The plate was run on an Applied Biosystems™ 7500 Real-Time PCR machine
(Thermo Scientific) using the thermal cycling conditions shown in Table 2.5 (the two
cycling stages were repeated 40 times), and data were analysed using the 7500 System
Software (V1.4, Thermo Scientific). No amplification occurred in the no reverse
transcription control and no template control samples. Relative quantification analysis

was performed by the 222" method using an automatic Cr (366).
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Reagent 1X Master Mix

2X TagMan® Universal Master Mix Il

1ouL
(Thermo Scientific) .
20X RORC FAM primers 1ul
20X GAPDH VIC primers 0.5uL (validated at half concentration)
DEPC-H.0 3.5uL
Sample (DNA, no reverse transcription control, no 5L
template control of DEPC-H20) H
Table 2.4 qPCR master mix
1X master mix for qPCR reactions.
Stage Temperature Duration
Pre-PCR 50°C 2 mins
Holding 95°C 10 mins
Cycling: 95°C 15 seconds
Cyclingz 60°C 1 min

Table 2.5 qPCR thermal cycling programming

The thermal cycling protocol used by the Applied Biosystems™ 7500 Real-Time PCR machine.



2.5 Immunohistochemistry Methods

2.5.1 Chromogenic Immunohistochemistry of Fixed Human Tissue
The method described below is our standard immunohistochemistry (IHC) protocol,
though different IHC antibodies required modifications to this protocol to work optimally

as outlined in Table 2.6.

Sample slides were dewaxed by being submerged in Histo-Clear Il (National Diagnostics)
for 10 mins and then were progressively rehydrated in industrial methylated spirit (IMS)
(Fisher Scientific) (100% IMS for 10 mins, 50% IMS for 5 mins, 25% IMS for 2 mins).
Rehydration was completed by submerging the slides in running water from a tap for 10
mins. This was followed by a submersion in 0.3% H,0; (diluted in type 2 water, Sigma-
Aldrich) for 15 mins to block endogenous peroxidases. Slides were washed again under
the tap for 15 mins, and a heat-induced epitope retrieval (HIER) was performed by placing
the slides into pre-heated 10mM sodium citrate buffer (pH adjusted to pH 6.0) or 10mM
Tris/1mM EDTA buffer (pH adjusted to pH 9.0) (see Table 2.6 for specific antibodies) in a
water bath set to 96°C and were submerged for 20 mins. After being left to cool in the
epitope retrieval buffer for an hour, the buffer was washed off under the tap for 5 mins
followed by 15 mins in a glass staining trough containing TBST (25mM Tris, 0.15M NaCl,
0.05% Tween-20, pH 7.5, Thermo Scientific) with constant stirring. A hydrophobic barrier
was drawn around the tissue using an ImmEdge® PAP pen (Vector Laboratories). Drops of
2.5% normal horse serum (Vector Laboratories) were added to the tissue as per
manufacturer’s instructions and the slides were incubated in a humidified chamber for 30

mins at RT. After this blocking step, the horse serum was tipped off and 250uL of diluted
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primary antibody (Table 2.6) was added to each of the sections, which were incubated at
4°C overnight in a humidified chamber (with the exception of the cytokeratin 7 (CK7))
antibody which was incubated for 1 hour at RT in a humidified chamber). The following
day, the primary antibody was washed off by stirring in TBST for 30 mins. Drops of the
relevant HRP conjugated secondary IgG (ImmPRESS® Polymer kits, Vector Laboratories)
were added following the manufacturer’s recommendations and the slides were
incubated at RT for 45 mins in a humidified chamber. Unbound secondary antibody was
then washed off by stirring in TBST for 30 mins. ImmPACT™ DAB (Vector Laboratories) was
diluted and added in a dropwise fashion as per manufacturer’s protocol and left to
develop (Table 2.6) at RT. Slides were washed under a running tap for 5 mins,
counterstained with 100% Mayer’s Haematoxylin (Sigma-Aldrich) for 30 seconds then
washed under water from a cold tap for 2 mins, a warm tap for 2 mins and a cold tap for 2
mins. Slides were then dehydrated by submerging as follows: 50% IMS for 5 mins, 100%
IMS for 10 mins and Histo-Clear Il for 10 mins. Appropriately sized coverslips were
mounted using drops of DPX (Sigma-Aldrich) and the slides were left to dry overnight in a
fume cupboard. Slides were either whole slide scanned at 10X using the Vectra 3 system
(PerkinElmer) or regions of tissue were photographed using a Nikon Eclipse E400

microscope. All the staining was assessed by a pathologist.
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Host Epitope Antibody DAB

Marker Supplier Species & Retrieval Dilutionin  Development
Isotype Buffer PBS Time
Cell
Bcl-2 Signalling 15071 Mouse IgG1  EDTApH9 1:400 5 mins
Technology
. OV-TL . Pre-diluted, .
CK7 Leica (VD) Mouse IgG1  Citrate pH 6 1 min
12/30 ready to use
IL-17A R&D AF-317-NA Goat I1gG Citrate pH 6 1:80 90 seconds
Novus . .
RORyT . . NLS5188 RabbitIgG  Citrate pH 6 1:200 90 seconds
Biologicals
Mouse .
RORyT Merck 6F3.1 EDTApH9 1:700 1 min
IgG2a
RORyT eBioscience™ AFKJS-9 Rat IgG2a EDTApH9 1:125 90 seconds

Table 2.6 IHC antibodies with information on the variable IHC protocol steps

Modifications to the standard IHC protocol (Chapter 2.5.1) are listed by each IHC antibody in this
table.

2.5.2 Designing Digital Pathology Algorithms for Chromogenic Staining

To quantify RORyT 6F3.1 IHC staining, two supervised machine learning algorithms were
designed using inForm analysis software (V2.4.9, Akoya Biosciences)
(github.com/Sithspitz/thesis/tree/master/digital_pathology/ihc_algorithms/). The first
algorithm was trained to recognise 10X scanned lung regions with at least 70% cell
coverage (tissue), therefore excluding large areas of wight space which are likely to be
characteristic of normal alveolar histology. This inForm algorithm was run in the digital
pathology viewing software Phenochart (V1.0.12, Akoya Biosciences) and the total
number of 10X lung resection regions after white space removal were calculated. After
this calculation, regions containing other normal structures including connective tissue,

cartilage, bronchioles and blood vessels were manually removed, and the edges of the
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tissue were also excluded as these often contained IHC staining artefacts. 30% of the total
number of lung resection regions were randomly sampled from the remaining regions and
were pushed to inForm for analysis. This 30% random coverage is better than many other
investigators in the literature with many digital pathology publications quantifying from
only 3 to 15 representative images, not taking into account tissue size and risking manual

selection bias (367-370).

To quantify RORyT* DAB staining, an analysis algorithm was trained using inForm. The
basic settings regarding image preparation, cellular segmentation and phenotyping were
kept the same between sections, but due to histological heterogeneity amongst NSCLC
cases the tissue segmentation was trained on a case-by-case basis (broad tissue
segmentation categories are: ‘Tumour’, ‘Stroma’, ‘Lymphoid Aggregates’, ‘Necrosis’,
‘White Space’). A notable strength in the design of this quantification algorithm is its
ability to exclude false DAB positives resulting from anthracotic pigment in the lung,

thereby only quantifying genuine DAB staining found in lymphocyte nuclei.

R scripts were written to merge, tidy and quantify the inForm export data
(github.com/Sithspitz/thesis/tree/master/digital_pathology/ihc/). The abundance of total
and spatially resolved (by tissue segmentation category) RORyT* lymphocytes (RORyT*
lymphocytes/10,000 total counted cells) were compared using unpaired two-sample

Wilcoxon tests.
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2.5.3 RORyT Overall Survival Analysis

This survival analysis was performed in a similar way as described previously (Chapter
2.1.9). To group the NSCLC samples, divided the cases into quartiles based on the number
of RORyT* lymphocytes/10,000 cells. Resections with a RORyT* abundance between the
upper quartile and maximum value were categorised into the ‘RORyT High’ group,
resections with data between the lower quartile and minimum value were placed into the
‘RORYT Low’ group and the remaining samples with data around the median were
grouped into ‘RORyT Other’. Kaplan-Meier curves were produced in GraphPad Prism using
months from resection to clinical outcome data and were statistically compared using

Mantel-Cox tests.

2.5.4 Multiplex Fluorescent Immunohistochemistry of Fixed Human Tissue

The multiplex panel staining was validated and optimised by colleagues at the University
of Birmingham’s Human Bioresources Centre using a Leica BOND RX autostainer to ensure
quality and consistent staining. The BOND RX used proprietary Leica reagents to perform
the IHC staining and was programmed using a modified version of the tyramide signal
amplification protocol, which is a similar principle to the singleplex IHC method described
in Chapter 2.5.1, but with some key differences. To multiplex we used an Opal IHC Kit
(PerkinElmer) with a sequential pH 9.0 HIER strategy for both epitope retrieval and
antibody removal followed by a final DAPI counterstain. Details of the multiplex panel and

BOND RX protocol can be found in Table 2.7. All the staining was assessed by a
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pathologist. After checking the quality of staining manually, slides were whole slide
scanned at 10X using the Vectra 3 system (PerkinElmer); then regions with RORyT" cells
were highlighted using Phenochart software for 20X imaging, concentrating on selecting
putative lymphoid aggregates with RORyT* cells and tumour/stroma infiltrating RORyT*

cells.
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Host

Antibody . HIER .
) . Species . Antibody Opal
Incubation Marker Supplier Incubation e a e
& i Dilution Dilution
Sequence Time
Isotype
Mouse .
1 RORyT Merck 6F3.1 20 mins 1:700 520 1:150
1gG2a
. Mouse .
2 CA9 Leica (IVD) TH22 10 mins 1:100 650 1:150
1gG2a
Mouse .
3 CD20 Dako (IVD) L26 20 mins 1:200 690 1:150
1gG2a
. Mouse .
4 CcD3 Leica (IVD) LN10 leG1 20 mins 1:200 620 1:200
g
Rabbit .
5 CcD4 Abcam EPR6855 oG 20 mins 1:50 570 1:150
g

Table 2.7 BOND RX sequential multiplex IHC staining protocol

Details of the antibodies and Opal fluorophores used the multiplex IHC protocol and of the
antibody incubation sequence used to programme the BOND RX autostainer.

2.5.5 Designing Digital Pathology Algorithms for Fluorescent Staining

To phenotype the stained cells within the 20X scanned Opal stained regions, two types of
supervised machine learning algorithms were designed using inForm
(github.com/Sithspitz/thesis/tree/master/digital_pathology/vectra_algorithms/). The first
algorithm (‘Full_Pheno_Algorithm.ifp’) assigns phenotypes based on expert knowledge of
possible marker co-expression; whereas the second type of algorithm (suffix:

‘ Single_Algorithm.ifp’) are trained to only recognise one marker at a time (e.g. CD4" cells
vs CD4 cells), then resultant marker expression data were merged using cell segmentation
XY positional data to consolidate the phenotyping to the correct cell. This second

approach allows unbiased marker co-expression phenotyping.
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The ‘Full_Pheno_Algorithm.ifp’ removed lung image autofluorescence, segmented tissues
and cells then assigned user defined and trained cellular phenotypes. The images were
batch processed and scripts was created to merge and tidy the data
(github.com/Sithspitz/thesis/tree/master/digital_pathology/vectra_tidy/). Cell phenotype
data were collated
(github.com/Sithspitz/thesis/blob/master/digital_pathology/vectra_collation/CD4_collatio
n_script.R) and analysed using unpaired two-sample Wilcoxon tests
(github.com/Sithspitz/thesis/blob/master/digital_pathology/vectra_collation/CD4_collatio

n_analysis_script.R).

The base settings from ‘Full_Pheno_Algorithm.ifp’ were taken and applied to each of the
five *_Single_Algorithm.ifp’, with the only change being a revised phenotyping step which
was optimised to phenotype one marker per algorithm. Batch processing and merging
were done using inForm, whilst consolidation and analysis — including co-expression,
count within and nearest neighbour analyses — were performed using the phenoptr

package (V0.2.7) (333).

To ensure consistency between RORyT phenotyping approaches we compared the
exported results from the two fluorescent digital pathology algorithms described above
and the chromogenic quantification algorithm (Chapter 2.5.2). Encouragingly we found
high similarity between the approaches with regard to the number of RORyT*
lymphocytes/10,000 cells, albeit with some differences in the higher cases (Figure 2.2a).
Both fluorescent algorithms were similarly compared using CD20 as a different marker and

again showed good concordance (Figure 2.2b). As the chromogenic algorithm quantified
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from considerably more images per resection, it was considered the most accurate

method of quantification.
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Concordance Between RORyT IHC Quantification Algorithm
& Multiplex Fluorescent IHC Algorithms
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Figure 2.2 Concordance between IHC algorithms

a) The total abundance of RORyT* lymphocytes/10,000 cells were calculated for each patient
resection using the three algorithms. Due to its design, the ‘RORyT IHC Quantification Algorithm’
calculated this abundance from more regions (median of 41 10X scanned regions examined per
tumour) than the multiplex algorithms (< 8 20X scanned regions examined per tumour). b) The
total abundance of CD20* lymphocytes/10,000 cells were calculated for each patient resection by
the two multiplex algorithms.
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2.6 Flow Cytometry Methods

2.6.1 Conjugating Merck RORyT 6F3.1 for Flow Cytometry
10ug of purified RORyT IHC monoclonal antibody clone 6F3.1 (Merck) was conjugated to
the fluorophore AF647 using and following the instructions from the APEX™ Alexa Fluor™

647 Antibody Labelling Kit (Thermo Scientific).

The manufacturer recommended to conjugate fresh aliquots of antibody every 2 weeks to
ensure there is no false negative detection caused by fluorophore dissociation. We
followed these recommendations, and each new conjugation was tested by flow
cytometry staining of ex vivo PBMCs (Chapter 2.6.4). For standardisation, each newly
conjugated RORyT-AF647 batch was titrated and compared against the previously

conjugated RORyT-AF647 to determine the best dilution for use.

2.6.2 Flow Cytometry of RORC2 Transfected HEK293T Cells

RORC2 transfected and untransfected HEK293Ts, prepared as described in Chapter 2.4.3,
were passed through 0.70um cell strainers to remove aggregates and then washed in PBS.
Cells were fixed and permeabilised using the Foxp3 Transcription Factor Staining kit
(eBioscience™) and then incubated with the pre-determined dilution of RORyT-AF647
(Chapter 2.6.1) for 30 mins at RT in the dark. Unbound RORyT-AF647 was removed by
washing with the kit's Permeabilization Buffer and cells were resuspended in MACS buffer
for flow cytometric acquisition. OneComp eBeads™ Compensation Beads (Thermo
Scientific) were prepared in parallel as per manufacturer’s instructions with one RORyT-

AF647 stained tube to compensate for the AF647 staining and one CD25-FITC (1:50, clone
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M-A251, BioLegend) stained tube to compensate for GFP positivity as a result of a

successful transfection.

2.6.3 T Helper 17 Flow Cytometry Antibody Panel

A multiplex flow cytometry panel of extracellular and intracellular antibodies to detect
Th17 cells, shown in Table 2.8, was designed and optimised. The antibody master mixes
are added at different stages of the staining and a full protocol can be found in Chapter
2.6.4. The APC-Cy7 conjugated antibodies and amine binding viability dye allowed APC-
Cy7 to act as a dump channel to exclude cells which are dead or, of B cell or myeloid cell
lineage. Most antibodies listed had previously been validated and optimised by the
laboratory, though CD127-PE, CCR6-AF488, IL-17A-PE-Cy7 and RORyT-AF647 were new for
this panel. New antibodies were titrated by doubling dilutions as shown in Figure 2.3 to
determine the optimal concentration for use. RORyT-AF647 validations and optimisations
are described in Chapter 2.6.1. The final panel was validated by two ‘fluorescence minus
one’ (FMO) experiments, one experiment using PBMCs stimulated for cytokine release

and the other using unstimulated PBMCs.
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Marker Supplier Clone Fluorophore Dilution Master Mix

N/A
Viability Dye eBioscience™ Catalogue: APC-Cy7 1:100 Extracellular
65-0865-14
CDh14 BioLegend HCD14 APC-Cy7 1:100 Extracellular
CD19 BioLegend HIB19 APC-Cy7 1:100 Extracellular
CD3 BD SK7 (Leu-4) AmCyan 1:50 Extracellular
CD4 BioLegend RPA-T4 BvV421 1:20 Extracellular
CD127 BioLegend A019D5 PE 1:20 Extracellular
CCR6 BioLegend GO034E3 AF488 1:33 Extracellular
Variable
RORyT Merck 6F3.1 AF647 (Chapter Intracellular
2.6.1)

IFNy BioLegend 4S.B3 AF700 1:200 Intracellular
IL-17A eBioscience™ eBio64DEC17 PE-Cy7 1:100 Intracellular
TNFa BioLegend MAb11 PE-Dazzle 1:400 Intracellular

Table 2.8 Th17 flow cytometry panel antibodies

Extracellular and intracellular fluorophore conjugated antibodies and their dilutions.

Gating Control 1:10 CD127-PE 1:20 CD127-PE 1:40 CD127-PE

CD3-AmCyan

CD127-PE
Figure 2.3 CD127-PE flow cytometry antibody titration
PBMCs were flow cytometry stained as described in Chapter 2.6.4 using Viability Dye-APC-Cy7,
CD3-AmCyan and CD127-PE. The Gating Control is PBMCs stained with Viability Dye and CD3, but

not CD127. Other plots show titrations of CD127 in a doubling dilution series, the red titled plot
was used in this panel as it gave maximum staining at the lowest dilution.
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2.6.4 Flow Cytometry Staining Peripheral Blood Mononuclear Cells

PBMCs (stimulated for cytokine release and unstimulated) were washed twice with cold
PBS and were stained with an extracellular master mix of fluorescent antibodies and a
viability dye (Chapter 2.6.3, Table 2.8) for 30 mins on ice in the dark. After this surface
antibody incubation, PBMCs were washed with PBS then fixed and permeabilised using
reagents from the Foxp3 kit following manufacturer’s instructions. Once the cells had
been permeabilised they were incubated with the intracellular master mix of antibodies
(Chapter 2.6.3, Table 2.8) staining for 30 mins at RT in the dark. The PBMCs were
subsequently washed with Permabilization Buffer and resuspended in MACS buffer before
analysis. OneComp Compensation Bead tubes for each fluorophore were also prepared in

parallel according to manufacturer’s instructions.

2.6.5 Flow Cytometry Acquisition and Analysis

Cells and beads were acquired using a LSR Il (BD) flow cytometer. All events were
recorded but acquisition was stopped using the gates in Figure 2.4, at 40,000 stoppage
gate events for the tubes containing HEK293Ts (Chapter 2.6.2) (Figure 2.4a), at 20,000
stoppage gate events for TCM or control mediate cultured PBMCs (Chapters 2.3.11 and
2.6.4) (Figure 2.4b), and at 50,000 stoppage gate events for all other experiments using
PBMCs (Figure 2.4b). Data were analysed using FlowJo 10.6.2 (BD) and Kaluza 1.2

(Beckman Coulter).
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Figure 2.4 Flow cytometry gating strategies for HEK293T cells and PBMCs

a) HEK293T gating strategy. Single cells were gated using forward-scatter height (FSC-H) vs
forward-scatter area (FSC-A), then appropriately sized HEK293Ts were gated using side-scatter
area (SSC-A) vs FSC-A and this gate acted as a stoppage gate for LSR Il acquisition. b) PBMC gating
strategy. Single cells were first gated using FSC-H vs FSC-A. This was followed by gating of a ‘Dump’
APC-Cy7 channel vs CD3-AmCyan. This gate removed CD14*, CD19* and dead cells, leaving viable
CD147/CD197/CD3* cells. Appropriately sized viable lymphocytes were gated using SSC-A vs FSC-A
and this gate acted as a stoppage gate for LSR Il acquisition. The final gate, highlighted in red,
gates viable CD3*/CD4"* lymphocytes which was used in downstream analysis after acquisition.
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2.6.6 High Dimension Flow Cytometry Data Analysis

This workflow was based on previously published work with the packages used in this
section (371-373). Firstly, CD3*/CD4* lymphocytes were gated after the lymphocyte
stoppage gate as shown in red in Figure 2.4b and all gated events in ‘.fcs’ files from similar
conditions were concatenated. This concatenation was dependent on the experimental
comparison as described in Chapter 5 (e.g. all T cells cultured in TCM from the A549 cell
line from our 4 donors were concatenated). The concatenated files were then
downsampled (at 10,000 CD3*/CD4*T cells) using a FlowJo plugin to ensure that the same

number of cells from each comparison were processed.

Downsampled concatenations were subsequently imported into the cytofkit2 package
(V2.0.1) and were subject to logicle transformation (327). This package was then used to
perform UMAP dimension reduction and FlowSOM clustering (typically at k = 40 after
experimentation for each dimension reduction run, using all markers except the APC-Cy7
dump) (343, 374). To help define clusters and their phenotypes, marker enrichment
modelling (MEMod) was performed using the cytofkit2 export data. UMAP XY axes data,
FlowSOM clusters and logicle marker expression data were merged and the MEM package
(V2.0.0) was used to run the algorithm using all channels except for CD3-AmCyan, CD4-
BV421 and the APC-Cy7 dump (332). The MEMod analysis and cytofkit2 marker expression
heatmaps aided manual annotation of the defining features of different UMAP regions.
We gated on different UMAP regions to obtain population percentages and MFI values for

comparison.
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2.7 Analyte Profiling Using Luminex

2.7.1 Luminex Assay Design

We designed a custom multiplex Luminex® chemokine and cytokine panel which was
mixed and produced by R&D Systems. The 21 multiplex analytes are as follows, antibodies
against each were bound to magnetic beads: CCL2, CCL4, CCL20, CXCL1, CXCL2, CXCLS, G-
CSF, GM-CSF, IFNy, TNFa, IL-1B, IL-2, IL-6, IL-10, IL-12 p70, IL-17A, IL-21, IL-22, IL-23, VEGF-

A, VEGF-D.

2.7.2 Luminex Experiment and Analysis

Samples for the Luminex® assay were different cell culture supernatants as described in
Chapter 5. All conditioned media from Chapter 2.3.9 were profiled, as well as a kit
Calibrator Diluent blank, an RPMI only control and cytokine controls from PBMCs. The
PBMC controls were either stimulated or not as per Chapter 2.3.10 (except without

Brefeldin A addition).

The Luminex® experiment was conducted following instructions from the kit and each of
the following steps were performed using polypropylene plasticware to prevent unwanted
protein adhesion. Briefly, all samples except the blank were diluted 1:1 in Calibrator
Diluent, and the kit reagents and standards were prepared as instructed. 50l of sample
or standard (examined in duplicate) were added to a 96 well plate alongside 50pL of
analyte capture antibody coated magnetic bead cocktail. The plate was shaken for 2 hours
at RT. The 96 well plate was subsequently left on an appropriate magnetic plate for 1 min

and the beads in each well were washed 3 times by adding 100uL of Wash Buffer then
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inverting without blotting. 50uL of a biotinylated analyte specific antibody cocktail was
then added and the plate was shaken for 1 hour at RT. The beads were washed as
described previously before 50l of a streptavidin-PE conjugate was added and shaken for
30 mins at RT. Lastly the beads were washed and resuspended in 100uL of Wash Buffer,
then the plate was read using a Bio-Plex® 200 (Bio-Rad) that had been programmed as per

the R&D instructions.

All the acquired sample fluorescent intensities were multiplied by 2 to account for the
initial dilution in Calibrator Diluent and MFIs for each analyte were calculated. The blank
MFI value for each analyte was then subtracted to give MFIs for analysis. If MFI values
were higher than the highest standard for a particular analyte, then they were assigned
the value of the highest standard. Likewise, if they were below the lowest standard, they
were called 0. Concentrations in pg/mL were read off analyte standard curves. As all
samples had been cultured in FBS supplemented RPMI, the RPMI only control acted to
detect background analytes in the media, so true analyte positivity was only defined if an
observed concentration was above 2o RPMI. This control was in fact only important for IL-
2, adjusting the true positive value to greater than 68.67pg/mL. Results were compared in
GraphPad Prism and principal component analysis (PCA) was performed on analyte

concentrations using R.
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3. Analysis of Mutation Associated Immune Signatures in Lung

Cancer

3.1 Introduction

Recent work has shown interesting links between cancer genetics and intratumoural
immune contextures in several different cancers. With regard to NSCLC the most in-depth
previous work in this area focused on understanding the heterogeneity in clinical
responses to immune checkpoint blockade in relation to the cellular mutations present.
However, a detailed description of immune gene transcriptional signatures in these

genetically characterised tumours was not performed (49).

We therefore set out to examine patterns of intratumoural immune gene expression
related to key LUAD driver cancer genes using open access data from TCGA, a large North
American cancer genomics collaboration (65, 311). To describe these immune signatures,
we used TCGA mutation data determined by whole exome sequencing to establish the
mutational profile of each patient tumour, and RNA-Seq data to profile immune gene

mMRNA expression within each patient tumour.
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3.2 Results

3.2.1 Lung Adenocarcinoma Cancer Gene Mutation Delineated Immune Gene Expression
Signatures

We were firstly interested in identifying whether LUADs that had acquired driver
mutations in different cancer genes were associated with different patterns of immune
gene expression, called an immune signature throughout this thesis. To understand which
key cancer genes to choose for our immunological analysis, we reviewed the literature
and selected cancer genes that drive LUAD with a prevalence of over 10% in the TCGA
dataset (65, 319, 320). We also included ALK and ROS1, despite prevalences of below 10%
as these are the two key LUAD fusion genes. The list of LUAD cancer genes in Table 3.1
were taken forward for examination. Likewise, we used the literature to select 105
immune genes related to different immune subsets, functions, recruitment, and
engagement (132, 140, 142, 189). Canonical subset genes regulating cell surface marker
expression included CD4, CD8A and CD19, whilst functional genes included cytokines such
as IL6, IFNG and TNF. Regulatory and exhaustion markers of clinical interest like CTLA4,
LAG3 along with the genes coding PD-1 and its ligand were also investigated. Moreover,
markers of recruitment as well as the full repertoire of HLA class | and Il genes were also

included.
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Mutation Prevalence in Number of Patients with Mutation

Cancer Gene

TCGA 2014 in TCGA 2014

ALK 7.8% 18
ATM 11.7% 27
BRAF 11.3% 26
CDKN2A 23.9% 55
EGFR 17.4% 40
KRAS 35.7% 82
MET 11.7% 27
NF1 12.2% 28
ROS1 5.7% 13
STK11 18.7% 43
TP53 45.7% 105

Table 3.1 Frequency of cancer gene mutations in TCGA 2014

Data from TCGA 2014 dataset. Percentages calculated from the total number of patients in the
series.

To investigate immune signatures in relation to LUAD cancer genes from TCGA data, we
sequentially compared median immune gene mRNA expression z-scores from cancer gene
mutation positive cases against all other cases that were negative for that particular
cancer gene mutation. The mRNA expression fold change differences between the cancer
gene mutation positive and negative groups for each immune gene made up the immune

signatures, as plotted in Figure 3.1.

Markedly different immune gene signatures were observed for different cancer gene
mutation groups. TCGA patients with mutations in MET had immunologically ‘hot’
signatures with increased immune gene expression of almost every gene investigated;

though some of the significantly increased genes, such as FOXP3 (p = 0.0153), LAG3 (p =
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0.0262) and PDCD1 (p = 0.0066), are suppressive in nature. RORC was one of the
significantly downregulated immune genes in the MET cancer gene mutation immune
signature (p = 0.0409). The STK11 and ATM immune signatures contrast the
immunologically ‘hot’ MET signature, appearing as immunologically ‘cold’. 52/105
immune genes in the STK11 immune signature and 17/105 immune genes in ATM immune
signature were significantly downregulated in the cancer gene mutation positive groups in
comparison to the cancer gene mutation negative groups. These two cold signatures were
78% similar in regard to the direction of fold changes and 100% similar when comparing
only shared significant results (n = 16). This low universal immune expression in the
patients with STK11 mutations interestingly also included no increase in markers of
exhaustion and immunosuppression. For instance, the CD274 and PDCD1LG2 genes
encoding PD-L1 and PD-L2 respectively, showed significant downregulations in patients
with STK11 mutations (p < 0.0001 and p = 0.0006 respectively). PD-L1 and PD-L2 are not
downregulated in every immune signature. Patients with TP53 cancer gene mutations,
which are very prevalent in LUAD, show significantly increased CD274 and PDCD1LG2 gene
expression compared to patients without TP53 mutations (p = 0.0101 and p = 0.0244
respectively). Overall, the STK11 immune signature gave 55 significant results, the most
from this analysis. Strikingly, only 3 of these were immune gene upregulations: STAT3 (p =
0.001), CSF3 (p = 0.02) and RORC (p < 0.0001). The only other cancer gene mutation group
with a significant RORC expression increase (p = 0.0016) was the KRAS immune signature.
Like ATM and STK11, this signature exhibited general immune gene downregulations and
was 63% similar with direction of fold changes to the STK11 signature. This increased to

100% similar when comparing only mutually significant results (n = 9).
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Another striking feature of Figure 3.1 are the differences in patterns of HLA family gene
expression across the cancer gene mutation groups. HLA class |l genes and their
transcriptional regulator C/ITA are increased in the BRAF cancer gene mutation group
immune signature whilst class | are decreased, though not significantly. The opposite is
true of the CDKN2A signature in which class | genes are increased, and class |l are
decreased. The MET, ROS1 and EGFR immune signatures appear to have ubiquitously
upregulated HLA class | and Il. Patients with EGFR cancer gene mutations have significantly
increased expression of 6/19 HLA genes (all p £0.0434) compared to patients without
EGFR cancer gene mutations. This contrasts with ubiquitous HLA downregulations in 5/19
HLA genes in the KRAS cancer gene mutation group (all p £0.0378) and in 18/19 HLA
genes in the STK11 cancer gene mutation group (all p £0.0322), with the only non-
significant HLA gene downregulation in patients with STK11 mutations being the non-

classical HLA-G.
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Figure 3.1 LUAD cancer gene immune signatures

Full method available in Chapter 2.1.3. Median expression z-scores for each immune gene were
calculated in patients with mutations in the cancer gene in question and compared to the
remaining patients without mutations in the same cancer gene. Fold changes were calculated
between the mutation positive group median and the mutation negative group median and
plotted. Fold change values above +5 and below -5 are called +5 and -5 respectively. Immune
genes which are significantly expressed (assessed by unpaired-two sample Wilcoxon tests and
deemed significant if p values were below the Bonferroni corrected p value) in both the STK11
immune signature and ATM immune signature, and the STK11 immune signature and KRAS
immune signature are shown on the left of this Figure. TCGA 2014 dataset n = 230.
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After interrogating these immune signatures, we were particularly interested in significant
and similar patterns of general immune suppression in the STK11 and KRAS cancer gene
mutation groups. The ATM immune signature also showed similarities but we chose to
focus on patients with KRAS mutations, STK11 mutations and patients with concomitant
KRAS and STK11 mutations (called KRAS/STK11 mutations for the purpose of this thesis),
which are of particular clinical interest. KRAS mutations and STK11 mutations alone are
able to drive disease; yet LUAD outcomes are often worse when patients have

concomitant KRAS/STK11 mutations (115, 375, 376).

To confirm our findings of suppressed immune gene expression in TCGA patients with
KRAS and STK11 mutations, we used another independent comparable open access
dataset to TCGA collected by Schabath et al (316). In their study, the authors performed
gene expression microarrays and targeted sequencing to identify mutations in KRAS and
STK11. We chose a reduced set of 20 significantly differentially regulated genes from the

TCGA derived STK11 immune signature for validation (Figure 3.2).

Although gene expression fold changes in the Schabath et al data were less pronounced
than those observed in TCGA data, similarities remained. Comparing the directions of the
fold changes in immune genes in the Schabath data showed that the KRAS mutation group
immune gene fold change directions are 65% similar and that the STK11 group expression
is 95% similar to TCGA data. When comparing the direction of fold change in only shared
significant results in both datasets, the Schabath and TCGA directions of immune gene

expression are 100% similar for the KRAS mutation groups and STK11 mutation groups.
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The immune gene expression was also similar within the Schabath dataset, as the KRAS
mutation group and STK11 mutation group were 85% similar in fold change direction, and
100% similar when comparing the 6 genes with shared significant results. In summary,
these results from a different set of patients analysed using different molecular
techniques confirm our findings from TCGA, that STK11 mutations are linked with immune
gene expression downregulations and that there is similarity in immune gene expression

in patient tumours with KRAS and STK11 mutations.
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Figure 3.2 Immune gene expression validations with Schabath et al and TCGA 2014 data

a) The plotted fold changes were calculated, and significance assessed as described in Figure 3.1.
TCGA 2014 dataset n = 230. b) Median IRON expression scores for each immune gene were
calculated in Schabath et al (316) patients with mutations in the cancer gene in question and
patients without mutations in the same cancer gene. Fold changes were calculated between the
mutation positive group median and the mutation negative group median and plotted. Fold
change values above +0.5 and below -0.5 are called +0.5 and -0.5 respectively. Significance was
assessed by unpaired-two sample Wilcoxon tests. Schabath et al (316) dataset n = 422.

After uncovering interesting findings in the immune signatures from TCGA patients with
KRAS and STK11 mutations, we were next interested in computationally profiling tumour
infiltrating leukocytes in the TCGA resections using immune subtype specific gene
signatures. We were particularly intrigued to investigate whether patients with these
clinically important concomitant KRAS/STK11 mutations exhibited synergistic
increases/decreases of specificimmune phenotypes. As TCGA performed transcriptomics

on heterogeneous bulk tumours, the resultant data are complex gene expression profiles
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from a mixture of different cell types, which causes high non-immunological background.
We therefore used the gene expression deconvolution algorithms CIBERSORT and MCP-
counter to estimate the immune composition of TCGA tumours (321, 322). CIBERSORT is
able to enumerate the proportion of different immune subsets per tumour (relative
fraction), whilst MCP-counter can estimate the abundance of immune populations per

tumour.

From the 22 CIBERSORT subsets which cover all key leukocyte subsets, we found only 4
subsets with significant changes in mean group relative fraction of the total leukocytes
enumerated (Figure 3.3). TCGA cases with KRAS/STK11 mutations had reduced M1
macrophage and resting DC relative fractions compared to cases without mutations in
either of the STK11 or KRAS cancer genes, defined as ‘wild type’ (WT) for the purpose of
this thesis. Comparing the KRAS and KRAS/STK11 mutation groups M1 macrophage mean
relative fraction showed a near significant reduced relative fraction size in the KRAS/STK11
mutations group (p = 0.0783). However, the KRAS/STK11 mutation group had a
significantly reduced M1 macrophage mean relative fraction size compared to the WT
group (p = 0.0038). Resting DCs also had significantly reduced mean relative fractions in
patients with STK11 and KRAS/STK11 mutations compared to the WT and KRAS mutation
groups. The only B lineage cell with significant differences were plasma cells, which had
increased mean relative fractions in patients with STK11 and KRAS/STK11 mutations
compared to WT (p = 0.0078 and p = 0.0003 respectively). Lastly, the KRAS/STK11
mutation group had a larger mean relative fraction of neutrophils compared to the WT

group (p =0.0472).
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Neutrophil abundance as predicted by MCP-counter was similarly significantly higher in
patients with KRAS/STK11 mutations compared to WT patients (p = 0.0006) (Figure 3.3d).
The KRAS/STK11 group had a lower monocyte lineage abundance (encompassing
monocytes and macrophages) compared to WT (p = 0.0432). The STK11 and KRAS/STK11
groups had significantly lower monocytic-DCs abundances compared to the WT and KRAS
groups. These findings from MCP-counter are similar to the CIBERSORT findings for
reduced M1 macrophage and resting DC relative fractions. MCP-counter analysis also
showed lower T cell abundances (encompassing CD4*, CD8* and y6 T cells) in TCGA
patients in the KRAS/STK11 mutation group compared to the WT group (p = 0.0009).
These findings from CIBERSORT and MCP-counter show that STK11 mutant tumours and
especially those with concurrent KRAS/STK11 mutations often have reduced leukocyte

infiltrates compared to WT.
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Figure 3.3 Significant results from CIBERSORT and MCP-counter immune deconvolutions

a) b) CIBERSORT mean relative fractions (using only fully deconvoluted TCGA samples at p < 0.05
as recommended by CIBERSORT) were grouped by mutation (MT). c) d) MCP-counter abundance
scores were grouped by MT. All statistical comparisons by unpaired two-sample Wilcoxon tests.

3.2.2 The Relationship Between KRAS and STK11 Alterations and RORC Expression

In the context of the overall immune suppression already highlighted, the only conserved
significantly upregulated immune gene examined in patients with KRAS mutations and
STK11 mutations was RORC (Figures 3.1 and 3.2). Interestingly, RORC expression was also

significantly higher in the KRAS/STK11 mutation group compared to the WT group (p <
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0.0001), and this upregulation was enhanced compared to both the KRAS and STK11

mutation groups (Figure 3.4a).

RORC has two closely related major transcriptional variants RORC1 and RORC2 which
differ in their N-terminus sequences and result in the protein products RORy and RORyT
respectively. RORyT is of particular interest in studies of the tumour immune
microenvironment as it is expressed in immune subsets including Th17 cells, a type of
CD4* T cell. The cBioPortal mRNA expression data from TCGA unfortunately does not
describe which variant has been profiled. We therefore further investigated this by

interrogating the Schabath et a/ (316) dataset.

This dataset reports RORC2 but not RORC1, so we were able to verify that RORC2
expression is upregulated in patients with these mutations (Figure 3.4b). We also
validated our RORC findings from TCGA 2014 dataset (n = 230) with a larger LUAD dataset
called TCGA PanCancer (n = 566) (310). Again, we found that RORC was significantly
increased in the KRAS mutation group, STK11 mutation group and KRAS/STK11 mutation

group in comparison to the WT group (Figure 3.4c).

The waterfall plot created from data from TCGA PanCancer (Figure 3.4d) shows the
distribution of RORC mRNA expression z-scores in patients with or without our cancer
gene mutations of interest. The coloured bars representing patients with KRAS, STK11 and
KRAS/STK11 mutations are clearly more highly distributed towards the right side of the
plot, mostly falling into the top two z-score quartiles. Most of the patients with our
mutations of interest were in the first RORC expression z-score quartile (33.9% of KRAS

mutation group patients, 43.2% of STK11 mutation group patients and 50% of KRAS/STK11
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mutation group patients), and a minority of patients with mutations of interest were in
the fourth quartile (12.7% of KRAS mutation patients, 16.2% of STK11 mutation patients
and 11.1% of KRAS/STK11 mutation patients). 28% of patients with KRAS/STK11 mutations
and 27% of patients with STK11 mutations have high z-scores of over 3. These
observations demonstrate that RORC expression in patients with STK11 and KRAS/STK11
mutations is much higher than the overall LUAD population and emphasise the

importance of dual KRAS/STK11 mutations.

124



a) RORC Expression in
TCGA 2014
p <0.0001
p <0.0001 I
‘ p =0.0016
T
<@
<
=2
=
I
o
A
N
Q 0
o
9]
o

Q.
~—

RORC Z-Score (RNA-Seq)
5-4-321012345678 9101112

WT KRAS MT STK11 MT
Mutational Subtype

KRAS/STK11 MTs

4th Quartile

(=)
~—

RORC2 Expression in
Schabath et al

RORC Expression in
TCGA PanCancer Atlas

p <0.0001

p £0.0001
r 15 r 1
0125 p<0.0001 p <0.0001
5 T T 1
S - p <0.0001
3 p=0.0179
c
kel it
B10.0 =
v ]
It
S @
w3 s
N
2 e N\ T
S o 5
x ]
2 x»
R4 || s
© &
£ s0 IS ‘
5] o« ‘
=
P4
o
<
= 25
-5
WT KRAS MT STKT1 MT KRAS/STK11 MTs WT KRAS MT STKT1 MT KRAS/STK11 MTs
Mutational Subtype Mutaicnal Sublype
— SR T 1 ||||| || H” ||H|||||||| ||||H “|““H‘HHHVWNH HH»H”
3rd Quartile 2nd Quartile 1st Quartile

125




Figure 3.4 RORC expression upregulation in patient tumours with KRAS and STK11 MTs in TCGA
and Schabath et al datasets

a) RORC expression z-scores from TCGA 2014 patients were grouped by MT. b) RORC2 IRON
expression scores from Schabath patients were grouped by MT. ¢) RORC expression z-scores from
TCGA PanCancer Atlas patients were grouped by MT. d) RORC expression z-scores from TCGA
PanCancer patients were plotted in a waterfall style and coloured by MT (grey = WT, orange =
KRAS MT, gold = STK11 MT and purple = KRAS/STK11 MT). All statistical comparisons by unpaired
two-sample Wilcoxon tests.

We were next interested in investigating whether raised RORC expression is linked to
KRAS and STK11 CNAs, as well as to KRAS and LKB1 protein changes. KRAS mutations tend
to result in a gain of function, as such KRAS can be subject to chromosomal amplification
which may result in increased protein expression. In contrast STK11 mutations tend to
cause of loss of function in its encoded protein, LKB1. Therefore, STK11 CNAs tend to be
deleterious and the LKB1 protein may be lost via copy number loss or by epigenetic
silencing (376). Using TCGA data we assessed protein changes by RPPA z-scores and
putative CNAs scored by the GISTIC algorithm. As outlined in Chapters 2.1.5 and 2.1.6, we
defined an RPPA z-score cut off for protein changes and used the GISTIC scoring range
from -2 to +2 at integer intervals. -2 GISTIC scores represent deep deletions (likely
homozygous deletions), -1 represents a shallow loss (likely heterozygous deletion), 0
signifies diploid with no CNA, +1 shows a low-level gain and +2 represents a focal high-

level amplification.

None of TCGA patients had high-level STK11 amplification GISTIC scores of +2, as expected
as STK11 alterations are associated with loss of function, and many had GISTIC scores of
<0. We found that RORC gene expression was significantly increased in TCGA patients with

STK11 GISTIC scores of -1, compared to samples with no STK11 loss (STK11 GISTIC scores
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0/+1) (Figure 3.5a). There were no differences in RORC in the STK11 GISTIC -2 group alone,
but this only contained 3 TCGA patients. RORC is also associated with protein changes and
is significantly increased in cases with LKB1 protein downregulation (Figure 3.5b). Both of
these findings matched the previous findings in which we grouped patients by STK11

mutations.

Similar examination of KRAS CNAs showed that there were no TCGA patients with
deleterious -2 GISTIC scores, again as expected as KRAS alterations are associated with
gain of function. Rather, most patients had KRAS amplifications. Interestingly, the results
from the CNA (Figure 3.5c) and protein (Figure 3.5d) comparisons were unexpected as
TCGA patients with KRAS GISTIC scores of +1 showed significantly decreased RORC gene
expression in comparison to patients with no KRAS gain (KRAS GISTIC scores 0/-1). There
were no differences in RORC expression in the KRAS GISTIC +2 group and the no KRAS gain
group, despite the KRAS GISTIC +2 group containing 29 patients. Similarly, there were no
differences in RORC expression between the KRAS protein upregulation group and the no
KRAS change group, despite there being 28 patients in the KRAS protein upregulation
group. KRAS mutations are clearly associated with increased RORC expression, but these
findings suggest that RORC expression may not be directly linked to KRAS CNA or KRAS

protein expression.
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Figure 3.5 RORC expression in TCGA PanCancer patient tumours grouped by putative KRAS and
STK11 CNAs or protein change

a) RORC mRNA expression z-scores were grouped by STK11 GISTIC scores. The ‘no STK11 loss’
group contains STK11 GISTIC scores of 0 and +1. b) RORC expression z-scores were grouped by
LKB1 protein change. The ‘no LKB1 change’ group are TCGA samples with LKB1 RPPA z-scores of > -
1, the ‘LKB1 downregulation’ group have LKB1 RPPA z-scores of < -1. ¢) RORC expression z-scores
were grouped by KRAS GISTIC scores. The ‘no KRAS gain’ group contains KRAS GISTIC scores of 0
and -1. d) RORC expression z-scores were grouped by KRAS protein change. The ‘no KRAS change’
group are TCGA samples with KRAS RPPA z-scores of < +1, the ‘KRAS upregulation’ group have
KRAS RPPA z-scores of 2 +1. All statistical comparisons by unpaired two-sample Wilcoxon tests.

We were next interested in comparing gene expression changes in patients with both
CNAs and mutations impacting the same cancer gene. As both alterations should have an

impact on cancer gene expression, we examined KRAS and STK11 mRNA expression
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alongside RORC mRNA expression. Figure 3.6a shows that KRAS gene expression is higher
in patients with KRAS mutations (orange bars) compared to patients without KRAS
mutations (black bars), when comparing patients without KRAS CNAs (KRAS GISTIC score
0) (p £0.0001). Comparing patients with KRAS gains (KRAS GISTIC score of +1) again shows
that those with concurrent mutations have significantly higher KRAS expression compared
to those without KRAS mutations (p = 0.0056). Although there was no difference in KRAS
expression in patients with or without mutations who have KRAS GISTIC scores of +2.
Comparing the effect of CNAs on KRAS expression shows that increasing GISTIC scores —
representing increased KRAS copy number — causes significantly increased KRAS
expression in patients with KRAS mutations (p = 0.0073 for GISTIC scores O vs +1, p =

0.0019 for GISTIC scores +1 vs +2).

Figure 3.6b examines RORC gene expression. Similarly, RORC expression is increased in
patients with KRAS mutations compared to those without KRAS mutations, when
comparing patients with KRAS GISTIC scores of 0 (p < 0.0001), +1 (p = 0.0010) and +2 (p =
0.0682). Comparing the effect of KRAS CNAs on RORC expression in patients with KRAS
mutations shows a similar finding to Figure 3.5c that RORC expression is significantly
decreased in the KRAS GISTIC +1 group compared to the KRAS GISTIC 0 group (p = 0.0416).
There was no difference in RORC expression in patients with KRAS mutations in the KRAS

GISTIC +1 and +2 groups.

For patient tumours with STK11 mutations (gold bars), significantly lower STK11 gene
expression was seen compared to patients without STK11 mutations (black bars) in both

groups of STK11 CNAs (p = 0.0054 for the STK11 GISTIC score 0 comparison, p = 0.0005 for
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the STK11 GISTIC score -1 comparison) (Figure 3.6c). Comparing the effect of CNAs on
STK11 expression showed that patients with concurrent mutations in the STK11 GISTIC -1
group had significantly lower STK11 expression than patients with mutations in the STK11

GISTIC O group (p = 0.0305).

Figure 3.6d shows that RORC gene expression is increased in patients with STK11
mutations compared to those without STK11 mutations, when comparing patients with
STK11 GISTIC scores of O (p = 0.0019) and patients with STK11 GISTIC scores of -1 (p =
0.0019). Although, there was no difference in RORC expression in patients with STK11

mutations in the STK11 GISTIC 0 and -1 groups.

These data show that KRAS and STK11 cancer gene mutations have an additional effect on
the expression of KRAS, STK11 and RORC, above CNAs alone. Presence or absence of KRAS

and STK11 mutations is of a greater importance to RORC expression levels than CNAs.
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Figure 3.6 Impact of KRAS and STK11 CNAs and mutations on KRAS, STK11 and RORC expression

a) Patients were grouped by KRAS GISTIC scores and mutations. Orange group bars signify KRAS
mutations and black group bars signify no KRAS mutation. Bar charts show median KRAS
expression z-scores, and error bars show interquartile range. b) same as a) except the bar charts
show median RORC expression z-scores. c) Patients were grouped by STK11 GISTIC scores and
mutations. Gold group bars signify STK11 mutations and black group bars signify no STK11
mutation. Bar charts show median STK11 expression z-scores, and error bars show interquartile
range. d) same as c) except the bar charts show median RORC expression z-scores. All statistical
comparisons by unpaired two-sample Wilcoxon tests.
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3.2.3 Amplification of the RORC Locus Chromosome 1g21.3 in Lung Adenocarcinoma
Given our clear observation of RORC overexpression in KRAS and STK11 mutation groups,
we were interested in determining whether there were any associated genetic aberrations
in the RORC gene itself. Out of the 566 TCGA cases, only one patient (without any KRAS or
STK11 mutations) was found to have a C-terminal monoallelic missense mutation (E511D)
with unknown functional significance. Although RORC itself does not appear to be a
hotspot for cancer related mutations, we learned from the literature that its chromosomal
locus 1g21.3 is frequently amplified in several carcinomas including LUAD (377-380). The
1g21.3 locus is amplified in around 15-30% of LUAD cases, although this is not specific to
the 1921.3 as instability throughout the 1q long arm is extremely common (35-80%

LUADs) (381-385).

We therefore examined RORC CNAs in TCGA (Table 3.2), finding that RORC GISTIC +1 low-
level gains are very common (63.3% cases) and RORC GISTIC +2 focal amplifications are
also present in 9.9% of cases. Figure 3.7 demonstrates that RORC gains and amplifications
have a significant functional effect on the level of RORC mRNA expression, with a
particularly pronounced increased RORC z-scores in the RORC +2 GISTIC score group

compared to the ‘No RORC Gain’ group (RORC GISTIC scores of 0 and -1).

To establish whether RORC CNAs are representative of focal 1g21.3 amplifications, we
assessed the degree of correlation between RORC expression and expression of other
1921.3 genes and non-1g21.3 genes. There was no correlation between RORC and ECM 1,
a gene from the 1g21.2 sub-band which is only 87,062 bases away from the start of

1g21.3 (Figure 3.8). Similarly, there were no gene expression correlations between RORC
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and the PDE4DIP gene which is further away from RORC but is still on the same
chromosome (1g21.2 but closer to 1g21.1), and no correlation with CYP2E1 gene
expression which is found on a different chromosome (10g26.3). Although, when we
compared RORC to other 1g21.3 genes, as shown in Figure 3.8, we started to observe
gene expression correlations. SELENBP1 and THEM4 are very close to RORC (433,346
bases from RORC start and 38,415 from RORC end respectively) and the levels of
expression of both genes are significantly positively correlated with the level of RORC
expression. We also found RORC expression to be significantly correlated with genes
located at the opposite end of the sub-band including ZBTB7B (3,170,177 bases from
RORC end). The correlations we have witnessed indicate a general amplification of the
1g21.3 locus rather than a specific amplification of the RORC gene, and allow RORC to be

used as a potential surrogate for focal 1g21.3 amplifications and copy number gains.
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Percentage Frequency in Number of TCGA

RORC GISTIC Score

TCGA PanCancer PanCancer Patients (n = 507)
GISTIC +2 9.9% 50
GISTIC +1 63.3% 321
GISTICO 25% 127
GISTIC -1 1.8% 9
GISTIC -2 0% 0

Table 3.2 Frequency of RORC CNAs in TCGA PanCancer data

Data from TCGA PanCancer dataset. Percentages calculated from the total number of patients in
the series.

RORC Expression Grouped By RORC CNA

p <0.0001

I
p <0.0001

RORC Z-Score (RNA-Seq)

Ne RORC Gain RORC GISTIC +1 RORC GISTIC +2
Copy Number Change

Figure 3.7 RORC mRNA expression grouped by RORC GISTIC scores

TCGA PanCancer patients grouped by GISTIC scores. The ‘no RORC gain’ group has patients with
RORC GISTIC scores of 0 and -1. Comparisons by unpaired two-sample Wilcoxon tests.
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Pearson correlations using TCGA PanCancer RSEM data between RORC and a) non-1g21.3 genes, and b) other 1921.3 genes.
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To understand whether the increased RORC in patient tumours with KRAS and STK11
mutations were entirely a result of 1g21.3 amplifications, we studied the association
between 1q21.3 amplifications and these cancer genes using RORC CNAs as a marker of

1g21.3 amplifications.

We therefore investigated whether RORC CNAs — which can represent potential 1921.3
amplifications — are associated with mutations in the KRAS and STK11 cancer genes. Table
3.3 shows increased frequencies of RORC GISTIC scores of +1 and +2 in patients with these
cancer gene mutations and decreased GISTIC O scores. Fisher’s Exact tests performed on
the data from Table 3.3 (Ho: RORC CNA GISTIC score is not associated with cancer gene
mutation group, Hi: RORC CNA GISTIC score is associated with cancer gene mutation
group), show a rejection of Hp when comparing WT TCGA patients (no KRAS or STK11
mutations) vs MT patients (with KRAS or STK11 mutations) (p = 0.0052) and also when
specifically comparing WT patients against those with concomitant mutations in
KRAS/STK11 (p <0.0001). We failed to reject Ho when comparing the WT vs KRAS groups
and the WT vs STK11 groups. This shows that RORC CNA GISTIC scores, potentially
representing 1q21.3 amplifications, have a significant association with KRAS and STK11

mutations.
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Frequency by

Genotype GISTIC -1 GISTICO GISTIC +1 GISTIC +2

WT: % (n) 2.2% (7) 29% (91) 59.9% (188) 8.9% (28)
KRAS MT: % (n) 0.8% (1) 24.6% (29) 65.3% (77) 9.3% (11)
STK11 MT: % (n) 2.6% (1) 15.8% (6) 68.4% (26) 13.2% (5)

KRAS/STK11 MTs:

0% (0) 2.7% (1) 81.1% (30) 16.2% (6)
% (n)

Table 3.3 Frequencies of RORC GISTIC CNA scores by KRAS and/or STK11 mutations

TCGA PanCancer patients with RORC GISTIC scores were grouped into presence of KRAS, STK11 or
concomitant KRAS/STK11 mutations. Fisher’s Exact tests were performed on the raw numeric data.

Given the association between RORC CNAs and mutations in the KRAS and STK11 genes,
we wanted to determine whether RORC putative gains and amplifications entirely
accounted for this increased RORC expression in the KRAS and STK11 mutation groups. We
therefore removed TCGA samples with RORC GISTIC scores of +1/42 or just of +2 and re-
compared RORC expression between our mutation groups. Removing patients with all
putative RORC gains and amplifications (GISTIC scores of +1/+2) (Figure 3.9a) resulted in
non-significant increases in RORC expression in patients with KRAS mutations and STK11
mutations compared to WT. Note that removing all the potential RORC gains and
amplifications resulted in a KRAS/STK11 mutation group with 1 patient which was

therefore excluded and an STK11 mutation group containing only 8 patients.

Removing only patients with RORC high-level amplifications (GISTIC score of +2), which

are likely those with true amplifications, from these analyses (Figure 3.9b) left greater
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patient numbers per group and RORC expression was still significantly higher for all KRAS

and STK11 mutation groups against WT, similar to our previous findings in Figure 3.4.

We then performed similar investigations for KRAS and STK11 CNAs. Removing patients
with RORC GISTIC scores of +1/+2 (Figure 3.9c) or just patients with RORC GISTIC +2
(Figure 3.9d) showed decreased RORC expression in the patients in the KRAS GISTIC +1
group compared to the no KRAS gain group (p = 0.0069 Figure 3.9¢, p = 0.0009 Figure

3.9d). These findings are similar to the unexpected observations in Figure 3.5c.

With regard to STK11, removing patients with RORC GISTIC scores of +1/+2 resulted in no
difference in RORC expression between the STK11 GISTIC -1 group and the no STK11 loss
group (Figure 3.9¢). Removing patients with only RORC GISTIC scores of +2 again left
greater numbers of patients per group, and the STK11 GISTIC -1 group had significantly
increased RORC expression compared to the no STK11 loss group (p = 0.0031) (Figure
3.9d). No differences were found in the STK11 GISTIC -2 group due to low sample number

(n=3).

Together, these results show that even when patients with increased copies of RORC

(potentially signifying patients with 1g21.3 amplifications) are removed from the analysis,
RORC expression is still increased in patients with KRAS and STK11 mutations and patients
with STK11 loss. This is not as pronounced an increase as in Figures 3.4 and 3.5, suggesting
that higher RORC copy number boosts RORC expression. Nevertheless, RORC expression is

still increased in the absence of CNAs in RORC itself.
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Figure 3.9 Effect of removing RORC CNAs on RORC expression delineated by KRAS and STK11
MTs and CNAs

a) TCGA PanCancer patients with RORC GISTIC scores of +1 and +2 were omitted, then RORC z-
scores were grouped by MT. b) same as a) except patients with RORC GISTIC scores of +2 were
omitted. c) same as a) except RORC z-scores were grouped by KRAS and STK11 GISTIC scores. The
‘no KRAS gains’ group consists of KRAS GISTIC scores of 0 and -1 and the ‘no STK11 loss’ group
consists of STK11 GISTIC scores of 0 and +1. After removing RORC GISTIC scores of +1/+2 there
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were no patients with STK11 GISTIC scores of -2. d) same as c) except patients with RORC GISTIC
scores of +2 were omitted. All statistical comparisons by unpaired two-sample Wilcoxon tests.

We were next interested in examining whether RORC gene expression had an impact on
TCGA patient overall survival (OS). Patients were grouped by the RORC expression z-scores
quartiles as shown in Figure 3.4d, and Kaplan-Meier curves were plotted to compare OS
(Figure 3.10). Patients with ‘RORC Low’ expression (quartile four) had a near-significant
reduction OS (p = 0.0586) compared to patients in the quartiles two and three grouped as
‘RORC Other’ (Figure 3.10a). Comparing all three groups (‘RORC High’, ‘RORC Other’ and
‘RORC Low’) showed no difference in OS, but the ‘RORC High’ (quartile one) curves were

very similar (Figure 3.10b).

To assess whether increased RORC expression through 1g21.3 amplifications impacted OS,
we again removed patients with RORC GISTIC scores of +2. By doing this we found similar
results as Figures 3.10a and 3.10b, with almost identical Kaplan-Meier curves (Figure 3.10c

and 3.10d).

Removing patients with RORC GISTIC scores of +1/+2 again showed similar curves (Figure
3.10e and 3.10f), but the lower numbers of patients in these analyses resulted in higher p

values.

Together, these data suggest that low RORC mRNA expression is associated with a
reduced OS and that 1g21.3 mediated RORC gains or amplifications do not change this

survival pattern.
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Figure 3.10 The impact of RORC expression on TCGA PanCancer patient survival

Kaplan-Meier curves of patients divided into the RORC expression quartiles from Figure 3.4d. The
‘RORC High’ group represents patients in 15t quartile, the ‘RORC Other’ group represents patients
in the 2" and 3" quartiles, and the ‘RORC Low’ group represents patients in the 4" quartile. OS
was calculated from cancer diagnosis to death or last follow up and plotted as Kaplan-Meier curves
then statistically compared using Mantel-cox tests. a) and b) show all patients, with b) also
comparing the ‘RORC High’ group. c) and d) remove patients with RORC CNA GISTIC scores of +2
from the analysis, with d) also comparing the ‘RORC High’ group. e) and f) remove patients with
RORC CNA GISTIC scores of +1 and +2, with f) also comparing the ‘RORC High’ group.
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3.2.4 Investigating RORC Expression in the Context of KRAS Isogenic Cell Lines

Having established a link between KRAS and STK11 mutations and increased RORC
expression, we looked for a system in which we could investigate whether mutations in
these cancer genes directly potentiates increased RORC expression. For this purpose, we
searched for data from isogenic cell lines coming across data from Stolze et al (72). This
group established isogenic lines with and without KRAS G12D and G13D mutations from
which they had compared mRNA expression by microarray. Unfortunately, we did not find

any appropriate datasets investigating STK11 isogenic cell lines.

Using the data from Stolze et al (72) we compared levels of gene expression in the WT and
KRAS mutant isogenic cell lines. As expected, there was no change in the expression of the
housekeeping gene GAPDH, and we could recreate their finding that introducing KRAS
mutations causes increased expression of the PYGL gene (Figure 3.11). Interestingly, we
observed no changes in RORC1 or RORC2 expression. However, we did find that KRAS
mutations induced the expression of an IL-17 family member /IL17C (p < 0.0001) (Figure
3.12a). This is particularly interesting as IL-17C and its receptor IL-17RE have been shown
to support the differentiation of RORyT* Th17 cells (386). As IL17C was not included in our
exploration of LUAD cancer gene immune gene signatures, we re-examined TCGA
PanCancer data and found increased expression of IL17C (Figure 3.12b) and its receptor
IL17RE (Figure 3.12c) (both p £0.0001). Although the introduction of KRAS mutations did
not increase RORC1 or RORC2 in this system, KRAS mutations may cause regulation of the

IL-17C axis.
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Figure 3.11 Examining the effect of KRAS MT isogenic introduction on gene expression

Data from Stolze et al (72). The black coloured bars are a control group (triplicates of WT and
empty vector samples) and orange bars are a KRAS introduced group (triplicates of KRAS G12C and
KRAS G12D samples). Microarray RMA normalised log2 spot intensity values were averaged per
group and compared by paired t test.
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Figure 3.12 IL17C and IL17RE expression inductions in isogenic cells with KRAS MTs

a) /IL17C data from Stolze et al (72) were grouped and compared as described in Figure 3.11. b)
Shows /L17C mRNA expression z-score data from TCGA PanCancer, and c) shows /[L17RE mRNA
expression z-score data from TCGA PanCancer. b) c) compare the MT group of patients with KRAS
and STK11 MTs to the WT group of patients without KRAS and STK11 MTs using unpaired two-
sample Wilcoxon tests.
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3.2.5 Exploring KRAS and STK11 Somatic Mutations in Lung Adenocarcinoma and their
Association with RORC Expression

It is known that there are a few major gain of function mutations in the KRAS gene that
drives its oncogenic phenotype. In contrast, less is known about STK11 mutations leading
to loss of LKB1 function. To investigate whether specific mutations, types of mutations or
perhaps mutated regions of the KRAS and LKB1 proteins are particularly linked to RORC

expression, we analysed TCGA PanCancer data.

Figure 3.13a shows that 85% of all TCGA LUAD cancer gene mutations are missense
mutations, with the second most common type of mutation being nonsense mutations at
a considerably lower 7.1%. This is reflected by KRAS mutations of which 98.8% in TCGA are
missense (Figure 3.13b). KRAS mutations lack diversity, with the vast majority functionally

impacting the KRAS P-loop at codons 12 and 13 (Figure 3.13d and Table 3.4).

STK11 mutations on the other hand are considerably more heterogenous in nature with
31% being missense, 26.4% being nonsense and the remaining 42.6% being frameshift,
splice site or gene fusions (Figure 3.13c). 95.4% of STK11 mutations affect the large LKB1
protein kinase domain, and within this domain there are two major mutation hotspots
(Figure 3.13e). The first is in the overlapping deacetylation region in which truncations
commonly occur from frameshift insertions and deletions at position D53 and nonsense
mutations and frameshift deletions at position Y60 (Figure 3.13e and Table 3.5). G56
missense mutations also occur in this hotspot, although they are annotated as of unknown
biological and clinical significance by the OncoKB knowledge base through the cBioPortal

portal (Figure 3.13e and Table 3.5) (387). The second LKB1 hotspot is located at the end of
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the kinase domain and has oncogenic missense mutations at G242 and G251, as well as

X245 splice site mutations (Figure 3.13e and Table 3.5).
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Figure 3.13 Evaluating MTs in the TCGA PanCancer Atlas concentrating on KRAS and STK11 MTs
and their positions

a) All type of MTs for all cancer genes in TCGA were enumerated and plotted. b) All types of KRAS
MTs in TCGA were enumerated and plotted. c) All types of STK11 MTs in TCGA were enumerated
and plotted. F = fusion, FSI = frameshift insertion, FSD = frameshift deletion, M = missense MT, S =
splice site MT, N = nonsense MT, NP = nonstop MT. d) KRAS structure diagram with KRAS MTs
annotated at their positions. Structural illustration based on entries to cBioPortal, UniProt
(P01116) and a publication by Pantsar (66). e) LKB1 structure diagram with STK11 MTs annotated
at their positions. Structural illustration based on entries to cBioPortal and UniProt (Q15831).

Number of TCGA
KRAS MT/Position Type of MT PanCancer Patients with OncoKB Annotation
MTs
G12 M 152 Oncogenic
G13 M 10 Oncogenic
Q61 M 4 Oncogenic
L19F M 3 Oncogenic
K88* N 1 Unknown
A146P M 1 Likely Oncogenic
KRAS-SLC2A14 F 1 Unknown

Table 3.4 Common KRAS MTs by codon, MT type and OncoKB annotation

Data from TCGA PanCancer Atlas via cBioPortal. M = missense MT, N = nonsense MT, F = fusion.
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Number of TCGA

STK11 MT/Position Type(s) of MT PanCancer Patients with OncoKB Annotation
D53 FSI, FSD 6 Likely Oncogenic
X155_splice S 5 Likely Oncogenic
STK11 fusions F 4 Likely Oncogenic
D194 M 3 Likely Oncogenic
G242 M 3 Likely Oncogenic

G251 M 3 Predicted Oncogenic

G56 M 3 Unknown

Q220 N, FSI 3 Likely Oncogenic
X245 _splice S 3 Likely Oncogenic
Y60* N 3 Likely Oncogenic

Table 3.5 Common STK11 MTs by codon, MT type and OncoKB annotation

Data from TCGA PanCancer Atlas via cBioPortal. FSI = frameshift insertion, FSD = frameshift
deletion, S = splice site MT, F = fusion, M = missense MT, N = nonsense MT.

After exploring the spectrum of KRAS and STK11 mutations in LUAD, we then probed for
any particularly strong associates of RORC mRNA expression. We started by looking at the
effect of the different types of STK11 mutations on RORC expression as STK11 is not

dominated by any one type of mutation.

All types of STK11 mutations are associated with increased RORC expression with
frameshift deletions, nonsense mutations and missense mutations being significantly
increased (Figure 3.14a). We also grouped the most prevalent STK11 mutations, as defined
in Table 3.5, and found this group had the strongest link to high RORC expression (Figure

3.14a).
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To find out whether specific STK11 mutations were linked to RORC expression, we
produced a detailed waterfall plot (Figure 3.14b) showing RORC expression with
annotated STK11 mutations and CNAs. 47% of all patients with STK11 mutations fell into
the top quartile of RORC expression, 27.7% into the second, 9.6% into the third and 15.7%
into the fourth quartile. Although there was no dominant specific mutation or type of
mutation in the first quartile, 59% of the mutations in this quartile were missense and
nonsense. The second quartile however contained predominantly missense mutations
(52.2%). Whilst examining specific STK11 mutations we noted that G56 and G251
mutations (all of which are missense mutations) are all found in the top two quartiles, and
the patient with the G251V mutation has the third highest RORC expression score and the
highest score for any missense mutation. G242 missense mutations are also in the top two
RORC quartiles, although these mutations are always found with other STK11 mutations
(5216F, M129I and a fusion of STK11-ARHGAP45). Nonetheless, OncoKB predicts G242
missense mutations as oncogenic, and position 242 is a known hotspot. Interestingly, all
the patients with STK11 copy number gains also had a STK11 mutations. Finally, the two
K84* mutations are both found in the bottom RORC expression quartile and have very

similar z-scores of around -1.

We next plotted a similar waterfall plot of RORC expression and KRAS mutations (Figure
3.14c). 37.7% of patients with KRAS mutations fell into the first expression quartile, 26.6%
in the second, 23.4% in the third and 12.3% in the last and lowest quartile. Patients with
missense mutations at G12, which are the most common KRAS mutations in LUAD (Table
3.4), are distributed throughout Figure 3.14c with a range of RORC expression values. 6/9

of patients with the second most common KRAS gene mutations at G13 are found in the
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first quartile. We could not see any other patterns from the remaining KRAS mutations

due to the low number of patients with these mutations.

Whilst the homogeneous nature of KRAS gene mutations made identifying particular
drivers of increased RORC mRNA expression difficult, differences in RORC expression in
tumours with different STK11 mutations suggests that the two major mutational hotspots

of LKB1 are strongly associated with high RORC expression.
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Figure 3.14 RORC expression by MT and MT type

a) RORC mRNA z-scores grouped by different type of STK11 MTs and compared using unpaired
two-sample Wilcoxon tests. WT group do not have MTs in KRAS or STK11. The ‘prevalent MTs’
group consist of the most common STK11 MTs in TCGA PanCancer as highlighted in Table 3.5. F =
fusion, S = splice site MT, FSI = frameshift insertion, FSD = frameshift deletion, N = nonsense MT, M
= missense MT. b) RORC mRNA z-scores plotted as a waterfall plot that have patients with STK11
MTs or CNAs highlighted. The ‘no copy number change’ label represents patients with a STK11
GISTIC score of 0, the ‘copy number loss’ label represents patients with STK11 GISTIC scores of -1
or -2, the ‘copy number gain’ label represents patients with a STK11 GISTIC score of +1. c) same as
b) except plotting patients with KRAS MTs or CNAs highlighted. The ‘no copy number change’ label
represents patients with a KRAS GISTIC score of 0, the ‘copy number loss’ label represents patients
with a KRAS GISTIC score of -1, the ‘copy number gain’ label represents patients with KRAS GISTIC
scores of +1 or +2. If KRAS/STK11 is labelled next to the patient marker on the plot, this shows
patients with concomitant STK11 MTs. All data from TCGA PanCancer.
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3.3 Discussion

NSCLCs are a complex group of cancers that can be driven by a range of cellular oncogenic
mutations. However, little is known about the differences in the immune
microenvironments of tumours with distinct driver mutations, which may impact their
response to treatment. We therefore, set out to characterise the immune signatures of
LUAD tumours in relation to the cancer genes mutated, using RNA-Seq data from TCGA.
This work investigated a range of immune-related genes representing intratumoural
immune subsets and function, key genes involved in recruitment and exploring immune
checkpoint expression. This work was performed with a view to improve stratification of

medicine for NSCLC patients.

3.3.1 Characterising Immune Signatures of Mutation Driven Lung Adenocarcinoma
Key strengths of this analysis were both the number of immunity-related genes analysed
(n =105) and the broad range of diverse LUAD cancer genes interrogated (n = 11), for

many of which there is very little current knowledge of immunity within tumours.

For example, there is a lack of detailed intratumour immunophenotyping of MET driven
LUAD in the literature. Our work shows that TCGA patients with MET mutations appear to
have ‘hot’ immune signatures, yet some of the highly expressed immune genes like FOXP3
are suppressive (Figure 3.1). Functionally, overexpression of MET and its ligand HGF leads
to autocrine tumour growth, as well as paracrine signalling to immune cells. Mouse
models show that HGF can recruit TANs and induce FoxP3* Tregs, supporting our findings

(388, 389). Oncogenic MET is also associated with PD-L1 expression, supporting our
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finding of increased PDCD1 expression in the immune signature from MET mutant

tumours (390-393).

We also elucidated patterns of HLA class | and Il expression across tumours with varied
mutations, with high expression seen in the MET, ROS1 and EGFR immune signatures and
low expression in the KRAS and STK11 immune signatures. This is supported in the
literature by evidence of HLA protein expression in EGFR driven LUAD (394). HLA
expression might be induced by higher levels of interferons associated with EGFR and MET
mutations, though there is mixed evidence for interferon and functional T cell responses
in patients with these mutations (133, 143, 202-205, 395-400). In contrast, in KRAS mutant
tumours, profiling revealed a general immunologically ‘cold’ signature including low HLA
class | and Il expression, which is suppressed by MEK signalling downstream of KRAS,
alongside epigenetic silencing of HLA genes (148, 401). This may provide the tumour
protection from CD4* T cells in NSCLC patients that can recognise neoantigens from KRAS

mutations (402).

3.3.2 Suppressed Immunity in KRAS and STK11 Driven Lung Adenocarcinoma Tumours
Further exploring these immune signatures showed that like the KRAS immune signature,
the overall STK11 immune signature was also immunologically ‘cold’. This was supported
by several studies by other groups including the authors of the dataset we used for
validation, Schabath et a/ (316), who found lower tumour TCRa3 gene expression in
patients with STK11 mutations. This was attributed to a reduced T cell tumour infiltrate

(49, 115, 126, 316, 403-405).
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Two of the significantly downregulated genes in the STK11 immune signature encoded PD-
L1 and PD-L2. Low PD-L1 expression in tumours with STK11 mutations has been reported
by several studies, thereby patients with tumour LKB1 loss respond poorly to PD-1/PD-L1
blockade (115, 126, 385, 400, 403, 404, 406). Work by Skoulidis et al (49) showed that
patients with concomitant KRAS/STK11 mutations had low PD-L1 mRNA expression,
whereas patients with KRAS/TP53 mutations had high PD-L1 mRNA expression. We also
found increased expression of genes encoding PD-L1 and PD-L2 in tumours with TP53
mutations, supporting these and other previous findings (49, 64, 189, 400, 406, 407).
Moreover, the findings from Skoulidis et al (49) suggest roles for p53 and LKB1 in
regulating PD-L1 expression in patients with KRAS mutations (49, 408). Thus, PD-L1
expression in KRAS-driven NSCLC is linked to increased MEK signalling and STAT3
activation, and PD-L1 expression can be increased by NF-kB activation in response to p53
loss (64, 399, 400, 409-411). Whereas the consequences of LKB1-mediated metabolic
rewiring causes epigenetic silencing of STING, which reduces tumour PD-L1 expression.
Interestingly, this appears to overrule the pro-PD-L1 expression signals from KRAS

signalling in tumours with concomitant mutations (124, 126, 403).

The ATM signature also appeared immunologically ‘cold’ like the STK11 signature (Figure
3.1). One of the only upregulated genes in both these signatures was STAT3, a
transcription factor that regulates MDSCs, Th17s and is expressed in tumour cells to aid
oncogenesis (98, 202-205, 241, 244, 249-251, 255, 260, 261, 270, 297-302). The only other
significantly upregulated gene in the STK11 immune signature was the canonical Th17
transcription factor gene RORC, which was also significantly upregulated in KRAS

signature. Given KRAS/STK11 concomitant mutations are known to act synergistically, we
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were interested in investigating patients with KRAS and STK11 mutations further (49, 115,
124, 125, 189, 316). We confirmed the raised RORC expression in the KRAS and STK11
TCGA immune signatures using another published dataset, this time comprised of

expression data from a microarray (Figure 3.2) (316).

We next used the deconvolution algorithms CIBERSORT and MCP-counter to investigate
different immune cell subsets within the KRAS, STK11 and KRAS/STK11 mutant tumours,
and found evidence of synergistic effects of concomitant mutations, including increased
plasma cells and reduced DCs (Figure 3.3). These algorithms have key differences in output
making it difficult to compare results for immune subsets between the CIBERSORT and
MCP-counter runs. As MCP-counter estimates absolute immune abundances instead of
relative fractions it is considered more applicable for inter-sample quantifications (322).
Nevertheless, both algorithms confirmed that TCGA tumours with KRAS/STK11 mutations
had generally lower immune infiltration compared to WT tumours, reaffirming our earlier
findings. This overarching finding of decreased immune cells in tumours with KRAS and
STK11 mutations is widely supported by other studies (132, 151, 189, 385, 406, 408, 412-

414).

Plasma cells and neutrophils were the only two subsets significantly increased in TCGA
patients with KRAS/STK11 mutations compared to WT (Figure 3.3). Whilst we could not
find links between KRAS/STK11 mutations and plasma cells in the literature, there is a
body of evidence connecting NSCLC patients with these mutations to the recruitment of
intratumoural TANs (189, 385, 405, 406, 414). A murine study by Koyama et al (189)

proposed a key role for LKB1 loss, finding that suppressive TANs were preferentially
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recruited to KRAS/STK11 driven tumours compared to KRAS driven tumours; with follow
up work suggesting that IL-17A is important in this process (189, 414). Intratumoural TANs
are associated with poor NSCLC clinical outcomes, and TANs exert their suppressive
functions in LKB1 deficient tumours via a variety of mechanisms including cytotoxic

degranulation and the secretion of IL-10 and arginase (189, 405, 414, 415).

3.3.3 Investigating the Relationship Between KRAS and STK11 Alterations and RORC
Gene Expression

We were next interested in elucidating the relationship between KRAS and STK11 cancer
gene mutations and increased RORC mRNA expression. Using data from Schabath et a/
(316) showed that the RORC2 isoform — that specifically produces the Th17 transcription
factor RORyT —is increased in patients with KRAS and STK11 mutations. Furthermore,
RORC/RORC2 expression was indeed highest in patients with concomitant mutations,
indicating a potential synergistic effect of double mutations (Figure 3.4). Further grouping
TCGA patients by STK11 CNA and LKB1 protein downregulation supported our finding of
increased RORC expression in patients with LKB1 loss (Figure 3.5). However, similar
analysis for KRAS CNA and KRAS protein upregulation did not. The reason behind this
discrepancy is not entirely clear. However, comparing the impact of KRAS and STK11
mutations to KRAS and STK11 CNAs on RORC expression, showed that mutations rather

than CNAs are more linked to increased RORC expression (Figure 3.6).

Investigating potential mechanisms for RORC overexpression unveiled chromosomal

instability that is frequently seen throughout 1q and specifically at the RORC locus 1g21.3,
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which is associated with recurrence (416). Whilst GISTIC +1 low-level gain scores are
described as putative and may not represent true amplification, GISTIC scores of +2 likely
represent 1921.3 amplifications (312). Nevertheless, both groups showed significantly

higher RORC expression compared to the group with GISTIC scores of 0/-1 (Figure 3.7).

1g21.3 amplifications are observed in 15-30% of LUAD cases in the literature, and using
the more stringent measure we found that 9.9% of TCGA LUAD patients had RORC GISTIC
scores of +2 (Table 3.2) (377-385, 417). As some patients with 1g21.3 amplifications may

fall into the RORC GITIC +1 group, this is likely an underrepresentation.

We also found a significant relationship between RORC GISTIC scores and KRAS/STK11
mutations (Table 3.3), suggesting that some patients with these mutations also harbour
putative 1g21.3 amplifications. Studies into a rare gynaecological carcinoma and NSCLC
also describe a relationship between KRAS mutations and 1q amplifications, and propose
that these are early oncogenic lesions (381, 418-420). Mechanistically, the 1g21.3 locus
also contains IL6R, ARNT and genes encoding the S100A family of proteins which activate
NF-kB. Overexpression of IL-6R aids IL-6 signalling which has a role in promoting KRAS
driven NSCLC directed by STAT3 activation (98, 205, 421-430). ARNT encodes for the AHR
nuclear translocator which might be an initial driver of 1g21.3 amplification, as its
overexpression may allow response to increased intracellular PAHs for example from
cigarette smoke (7, 253, 282, 283). It has been argued that in breast cancer expression of
the S100A family from 1q21.3 amplifications is important for tumour growth, and that

S100A2 expression in early-stage NSCLC is associated with poor prognosis (377, 431).
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To ensure that the raised RORC expression we had detected in KRAS and STK11 mutant
tumours was not entirely a result of 1g21.3 amplifications, we reanalysed the data
following removal of patients with RORC CNA gains and amplifications. We found that
whilst increased copies of RORC through 1g21.3 amplification boosts expression, we still
observed higher RORC expression in patients with KRAS, STK11 and KRAS/STK11 mutations
who did not have this amplification (Figure 3.9). This shows that mutations in these cancer

genes are associated with raised RORC expression independent of RORC CNAs.

Survival analysis showed that low RORC expression was associated with reduced OS
(Figure 3.10). This was surprising as RORyT* Th17 cells have been shown to promote
NSCLC, which contrasts with the literature (189, 276, 285-288, 291-294, 296-299, 304), but
could be explained by an unknown cellular source of RORC which is a limitation of
examining transcriptional data from bulk tumours. As RORC may be expressed by tumour
cells or non-Th17 immune cells, it is important to establish the cellular source of RORC to

understand these findings.

Examining published data from isogenic epithelial cell lines showed that introducing KRAS
mutations did not change RORC expression. However, this did induce /IL17C and was linked
with IL17RE expression (Figure 3.12). Findings from the literature show that IL-17C can be
expressed by Th17s but is predominantly expressed by epithelial cells (386, 432, 433).
Murine studies show that IL-17C signalling through heteromeric IL-17RA/IL-17RE support
polarised Th17s, though this is not necessary for earlier differentiation. Mice with KRAS-
driven IL17C"- lung tumours have reduced tumour cell proliferation, IL-6 concentrations

and infiltrating TANs compared to KRAS-driven IL17C"* tumours (386, 433). It is therefore
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possible that KRAS mutations promote IL-17C and IL-17RE expression to assist

immunosuppression in the TME, as well as to stimulate autocrine growth signalling.

Finally, we investigated whether increased RORC expression was associated with
particular KRAS and STK11 mutations affecting different functional regions of the proteins.
KRAS mutations are extremely homogenous and G13 mutations were associated with high

RORC expression (Figure 3.14c).

In contrast, STK11 mutations show much greater heterogeneity, and we did not find a
particular STK11 mutation responsible for RORC overexpression. However, we did find
that STK11 mutations from two mutational hotspots of the LKB1 protein are linked with
high RORC expression (Figure 3.14b). Interestingly both mutational hotspots functionally
impact LKB1. STK11 mutations affecting the deacetylation region disrupt interactions with
STRAD, and truncations in this N-terminus region have large functional effects on LKB1
protein structure (43, 95). Whilst mutations in the second hotspot may impact kinase
function. The G242V mutation interrupts complexing with the LKB1 scaffold protein
MQO25, as may the other mutations in this hotspot (43, 434). These finding support the

association of functional LKB1 loss and RORC expression.

3.3.4 Summary
Overall, in this Chapter we characterised immune gene expression signatures linked with a
range of important LUAD mutations using data from TCGA, finding that tumours

harbouring KRAS and STK11 mutations displayed a lack of immune gene expression and
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had generally lower immune infiltrates supporting the literature (49, 115, 126, 151, 189,

316, 385, 403-406, 408, 412-414).

The only immune gene with significantly increased expression in both the ‘cold” KRAS and
STK11 immune signatures was RORC, the gene encoding the key Th17 transcription factor
RORyT. Our validation experiments also uncovered evidence of synergistically increased

RORC expression in tumours with KRAS/STK11 mutations.

After ensuring that RORC expression was not dependent on amplification of the RORC
locus, we examined patient survival and found that low RORC expression was associated

with poor OS.

We lastly deeply examined the relationship between RORC expression KRAS and STK11
mutations and found that high RORC expression is linked with two mutational hotspots of

the LKB1 protein with functional importance.

Work throughout this Chapter poses two key questions. The first being does this
relationship between RORC expression tumours with KRAS and STK11 mutations extend to
RORyYT protein expression, which was not profiled by TCGA. Whilst the second addresses
the nature of performing transcriptomics on heterogeneous bulk tumours: which cells are

expressing RORC? Work in Chapter 4 set out to answer these questions.
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4. Characterising RORyT Expression in KRAS and STK11 Driven

Lung Cancer

4.1 Introduction

We previously found that mRNA expression of the RORyT gene (RORC) is increased in
TCGA patient LUAD tumours with KRAS and STK11 mutations and is potentially

synergistically increased in KRAS/STK11 mutant LUADs.

Whilst TCGA data is a useful resource, we were unable to determine from our analyses in
Chapter 3 whether increased RORC mRNA expression resulted in higher RORyT protein
expression in tumours harbouring these mutations. This a problem because there is a
common disconnect between mRNA and protein expression, with increased expression of
one not always correlated to increased expression of the other (435, 436). Furthermore,
as transcriptomic data represents a combination of all cells present in tumours, we were

not able to establish which cells are expressing RORC in the TME.

The only previous study examining RORC/RORyT expression in NSCLC patient tumour
resections was work by Huang et al (437). By performing RORyT IHC on the tumour
resections they found that most cells expressing RORyT were tumour cells, although this
tumour cell IHC staining was weak and cytoplasmic. The authors did not examine 1g21.3
amplifications or profile these tumours for cancer gene mutations, but found a positive
correlation between RORyT and IL-17A expression in NSCLC tumours and suggested that

RORyT is expressed by NSCLC cell lines using western blots and flow cytometry (437).
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However, one of the defining features of the different subsets of CD4* T cells is the
expression of distinct transcription factors that support their differentiation from naive T
cells and drive their functionality. The transcription factor RORyT is an important
transcription factor for the Th17 subset of CD4* T cells (245-248). Therefore, it is possible

that raised RORC expression reflects greater infiltration of RORyT* immune cells.

To answer these questions surrounding RORyT protein expression, we sourced a valuable
cohort of NSCLC tumour resections from patients in the TRACERx and SMP2 studies.
Although tumours are not normally screened for KRAS or STK11 mutations in normal
clinical practice, both studies sequenced tumour cells from these resections to classify
presence or absence of KRAS and STK11 mutations (359, 360). By IHC staining these
resections we would be able to establish which cells were expressing nuclear RORyT in
NSCLC tumours; and determine whether there are increased abundances of RORyT" cells

in patient tumours with KRAS and STK11 mutations.

As much of the previous work profiling RORyT protein expression is focused on murine
cells and human work mainly examines RORC2 mRNA expression by PCR, not many studies
have utilised monoclonal antibodies against human RORyT for IHC (221, 222, 226, 232,
248, 254, 259, 264, 269, 278, 281, 290, 438-442). We therefore purchased several RORyT
monoclonal antibodies and performed a series of validations to determine which antibody

could best detect RORyT protein.
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4.2 Results

4.2.1 Validating and Optimising RORyT Monoclonal Antibodies for
Immunohistochemistry

To be confident that a range of commercially available monoclonal RORyT antibodies
could detect the RORyT protein in IHC, we firstly designed a plasmid transfection system
using a plasmid expressing GFP-tagged RORC2 encoded RORyT protein made by Sino
Biological. This RORC2 plasmid was transfected into HEK293T cells to investigate antibody
sensitivity. After transforming and selecting E. coli colonies by antibiotic resistance we
confirmed plasmid DNA sequence by Sanger sequencing. Experimental HEK293Ts were
then transfected overnight and control HEK293Ts were not transfected overnight. The
following day HEK293Ts were split three ways: cell for PCR confirmation, cells for flow

cytometric confirmation and cells for pelleting and fixation.

Firstly, mRNA was extracted and a qPCR performed using RORC specific primers. Table 4.1
shows relative quantification of RORC in the control and transfected cell lines using the
housekeeping gene GAPDH as reference. There was no difference in expression of GAPDH
between Parental HEK293Ts which had not been exposed to any transfection reagents and
Mock Transfected HEK293Ts which had been exposed to the ‘mock transfection reagent’
cocktail of DMEM, polyethylenimine and H,0, without plasmid. As expected, no RORC
amplification occurred in Parental or Mock cells. However, large negative changes in AACr
(< -20) when comparing RORC2 Transfected HEK293Ts vs Parental HEK293Ts and vs Mock
Transfected HEK293Ts indicated high positive RORC expression upon transfection (Table

4.1).
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Cells from the same cultures used in the qPCR experiment were also processed for flow
cytometry to detect GFP expression as an indicator of a successful transfection. As
expected, both the Parental HEK293Ts and the Mock Transfected HEK293Ts were GFP’,
whilst 22.79% of the RORC2 Transfected HEK293T cells were GFP* (Figure 4.1). The DNA
sequence confirmation, detection of RORC2 by qPCR and GFP expression by flow
cytometry convinced us that the transfection model was applicable for RORyT antibody

validation.
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SSC-A

Condition AC;
Parental HEK293Ts 16.08 :l AAC:: -0.31

AAC:: -20.72
Mock Transfected HEK293Ts 15.77

FC:1.24 — AAC:-20.41
:I FC: 1.73x106

RORC2 Transfected HEK293Ts  -4.64 FC: 1.39x10°

Table 4.1 RORC2 qPCR relative quantification and gene expression changes between transfection
conditions using AAC

RNA were extracted from Parental HEK293Ts, Mock Transfected HEK293Ts and RORC Transfected
HEK293Ts and were subject to DNAse digestions before reverse transcription to cDNA (Chapter
2.4.4). After qPCR validations with no-reverse transcriptase controls which did not give any
amplification, gPCR reactions (Chapter 2.4.5) were performed on the cDNA. Undetermined low Cy
values were changed to Cr values of 40 for this analysis. Normalised ACr values were calculated as
the change between the average triplicate RORC2 Cr and the average triplicate GAPDH Cr (average
RORC2 Cr — average GAPDH Cr). AACr values were calculated as the change between ACr in the two
conditions being compared (e.g. ACr Mock Transfected HEK293Ts — ACy RORC2 Transfected
HEK293Ts). The expression fold change (FC) is 272ACT,

Parental HEK293Ts Mock Transfected HEK293Ts RORC2 Transfected HEK293Ts

1000 10004 1000

GFP' . GFP' GFP'

600

400

00 rE

GFP

Figure 4.1 RORyT-GFP expression in transfected HEK293T cells by flow cytometry

HEK293Ts were gated to the stoppage gate as shown in Figure 2.4. The GFP* gate was set using the
Parental HEK293T cells.

We next used the fixed HEK293T cell pellets from this transfection system to evaluate
whether the three RORyT monoclonal antibodies were able to detect overexpressed
RORyT protein by IHC (Figure 4.2a). The antibodies purchased from eBioscience and Merck

were able to detect nuclear RORyT in the RORC2 Transfected HEK293Ts and showed no
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evidence of staining in the negative Parental and Mock HEK293T samples. In contrast, the
antibody from Novus Biologicals did not detect RORyT in the RORC2 Transfected HEK293Ts

and was discarded from subsequent experiments.

Having successfully detected RORyT protein in this artificial transfection system, we then
looked for evidence of nuclear RORyT staining in lymphocytes in human tissue sections.
After titrating both antibodies using the HEK293T cell pellets, we IHC stained human tonsil
and found that both antibodies stained the nuclei of lymphocyte sized cells located
outside of the B cell dominated follicles in the interfollicular regions (Figure 4.2b). To
ensure there was no non-specific staining from the anti-rat and anti-mouse secondary
antibodies, we omitted the primary RORyT antibodies (eBioscience RORyT raised in rat
and Merck RORyT raised in mouse) and found no evidence of non-specific secondary
antibody staining. Though both antibodies worked well on human sections and detected
RORyT expression in lymphocytes, we decided to take the RORyT antibody from Merck

forward in our experiments due to its superior staining strength in tonsil.
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Figure 4.2 RORyT expression in transfected cells and in tonsil by IHC

a) Sectioned pelleted HEK293T cells were IHC stained (Chapter 2.5.1) using three different RORyT
monoclonal antibodies: ‘Novus Biologicals RORyT’, ‘eBioscience RORyT’ and ‘Merck RORyT'.
Images are at 40X. b) Sectioned tonsil were IHC stained using the eBioscience RORyT antibody and
the Merck RORyT antibody. Secondary only control staining used the anti-rat secondary antibody
for the eBioscience RORyT antibody and the anti-mouse secondary antibody for the Merck RORyT
antibody. The 10X and 20X Tonsil images for both RORyT antibodies in this Figure were taken from
different regions to show the prevalence and localisation of RORyT"* cells.

Having identified a RORyT IHC antibody which can sensitively detect RORyT* lymphocytes
in human tonsil sections, we were interested in testing whether this unconjugated
antibody could also work in flow cytometry for future in vitro experiments. As the Merck
RORyT is not currently available in a conjugated form for flow cytometry we therefore
conjugated it to the AF647 fluorophore using a commercial kit. Figure 4.3a shows that the
newly conjugated RORyT-AF647 can successfully stain RORC2 Transfected HEK293Ts in
flow cytometry, showing double positive GFP*/RORyT* HEK293Ts from the RORC2

Transfected condition with no staining in the Mock Transfected cells.

To find out if the RORYT-AF647 antibody could work outside of the transfection system,
we stimulated ex vivo PBMCs with PMA/iono and co-stained with antibodies from a Th17
flow cytometry panel to identify Th17 cells, an IL-17 secreting T cell subset that express
the RORyT transcription factor (Figure 4.3b). Using fluorescence minus one (FMO) controls
we saw no positive staining in the absence of antibodies of interest. Comparing the
staining with the ‘RORyT-AF647 FMOQ’ and the full panel of antibodies (‘Donor 1 Staining’)
there was clear detection of RORyT* CD3*/CD4* T cells with the addition of RORyT-AF647.
Importantly, within this CD3*/CD4* T cell population we could detect Th17s which express

both RORyT and secrete IL-17A (0.26%).
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As this AF647 fluorophore can dissociate from the RORyT antibody, we followed
recommendations from the manufacturer and conjugated a fresh aliquot of antibody
every two weeks. Each time this was done we repeated the staining on PBMCs to confirm
successful conjugation. Broad functional populations are retained between conjugations,
though the shape of the RORyT*/IL-17A population varies between conjugations (Figure
4.3b ‘Donor 1 Staining’, ‘Repeat Conjugation Donor 1 Staining” and ‘Donor 2 Staining’). The
frequency of RORyT*/IL-17A* T cells also differs between donors, as shown between
Donors 1 and 2. Our flow cytometry findings show that the RORyT-AF647 conjugated
Merck IHC antibody can detect RORyT* Th17s from PBMCs in flow cytometry, which will be
of use in this thesis but also for the wider community as a RORyT antibody for flow
cytometry. We therefore decided that if this antibody could stain NSCLC sections by IHC it

would be confirmed as appropriate for our study.
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Figure 4.3 RORyT-AF647 conjugated antibody multi-colour flow cytometry validation using
transfected HEK293T cells and PBMCs

a) HEK293Ts were gated to the stoppage gate (Figure 2.4). Compensation bead controls for the
FITC (GFP) and APC (AF647) channels were used to compensate this experiment (Chapter 2.6.2). b)
PBMCs were stained using the Th17 flow cytometry antibody panel (Chapters 2.6.3 and 2.6.4) and
were gated to the CD3*/CD4* lymphocytes as shown in Figure 2.4. Compensation bead controls for
all the fluorophores used in the Th17 flow cytometry antibody panel were used. The RORyT/IL-
17A" gate was set using the unstained control PBMCs. The RORyT*/IL-17A" and RORyT*/IL-17A*
gates were set using the RORyT-AF647 FMO control PBMCs which are PBMCs stained with all Th17
antibodies except the RORyT-AF647 antibody.
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The aim of the final antibody validation experiment was to check whether the Merck
RORyT antibody can stain RORyT* cells in human NSCLC tissue sections. After titrating the
RORyT antibody by using IHC staining on NSCLC tissue in a similar fashion to the tonsil
titration, we achieved the optimised staining demonstrated in Figure 4.4. The control
images in the 20X Tonsil’ column show expected control staining and encouragingly the
images in the ‘10X NSCLC’ and ‘20X NSCLC’ columns show cells expressing nuclear RORyT.
These RORyT" cells appear as lymphocytes and are a similar size to the tonsillar
lymphocytes. As the secondary only controls did not show any background staining in
NSCLC, we were confident that this Merck IHC antibody was able to detect RORyT
expressing cells in NSCLC without any contribution from a non-specific secondary

antibody, and we decided to use this antibody in our subsequent experiments.
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Figure 4.4 RORyT IHC staining NSCLC tumour tissue

Sectioned NSCLC tumour and tonsil were IHC stained by the Merck RORyT antibody (Chapter 2.5.1). Secondary only control staining used the anti-
mouse secondary antibody.
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4.2.2 Cells Expressing RORyT Protein in Non-Small-Cell Lung Cancer

Having validated and optimised a monoclonal antibody to detect RORyT expression by
IHC, we sought to continue the work described in Chapter 3 and investigate whether
increased RORC mRNA expression translates into increased RORyT protein expression in
KRAS and STK11 mutated tumours. Before this investigation we set out to determine
which cell type in NSCLC resections are predominantly expressing the RORyT protein. We
were particularly interested in interrogating the findings by Huang et al. (437), who
reported that NSCLC tumour cells express RORyT and suggest that these tumour cells may

imitate the behaviour of RORyT* lymphocytes.

To assess which cells are expressing RORyT, we stained the cohort of NSCLC resections
with the newly validated IHC antibody and images from four different NSCLC cases are
shown in Figure 4.5. We found evidence of RORyT tumour cell expression in 25/28 cases,
with the arrows on the three images labelled ‘RORyT* Tumour Cells LUAD’ showing
examples of positive tumour cell staining. This tumour cell staining was very variable
between cases and was often very weak; yet pathology review by Dr Abeer Shaaban
verified that this staining appeared to be genuine. The pathologist also confirmed that the
majority of cells strongly expressing RORyT in NSCLC were lymphocytes, as can be seen

throughout Figure 4.5.

This weak positive RORyT tumour cell staining might be as a result of 1g21.3 amplifications
as described in Chapter 3. Although the SMP2 study did not profile CNAs, these data were

available as part of the TRACERX study. 15/23 TRACERx cases had whole genome
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duplications, however we were unable to determine whether any cases had focal 1g21.3

amplifications using the TRACERx copy number analysis methodology.

Another way of understanding the cases with RORyT* tumour cells is to look at the three
cases without tumour cell expression. All three of these cases were of LUAD histology as
represented by the Figure 4.5 image labelled ‘RORyT  Tumour Cell LUAD’. However, as
22/28 cases are LUAD, histology is unlikely to be a connecting factor. It is important to
note that 2/3 cases without tumour cell expression had been sectioned from the tumour
blocks a few weeks prior to staining, whereas the 23 TRACERx cases with tumour cell
expression had been sectioned and stored for over two years. These data suggest that
many LUAD tumour cells express RORyT, although this was very weak in comparison to
infiltrating lymphocytes. Nevertheless, as the majority of RORyT expression in the NSCLC
sections was of lymphocyte origin, we decided to investigate this in the context of KRAS

and STK11 cancer gene mutations.
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Figure 4.5 RORyT expression in tumour cells and lymphocytes

Sectioned LUAD tumour were IHC stained by RORyT antibody (Chapter 2.5.1). Each 20X image is of
a different case. The black arrows highlight RORyT* tumour cells.

4.2.3 Quantifying RORyT Lymphocyte Expression in Mutational Subtypes of Non-Small-
Cell Lung Cancer

Our key finding from the previous Chapter was that RORC mRNA expression was
upregulated in patients with cancer gene mutations in KRAS or STK11 and patients with
concomitant KRAS/STK11 mutations. As there is not always a positive linear relationship
between gene and protein expression (435, 436), we set out to quantify RORyT protein
positive cells in the cohort of TRACERx and SMP2 resections, focusing on the strong

lymphocyte RORyT expression seen by IHC. We collected sections from 10 patients with
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KRAS mutations, 4 patients with STK11 mutations, 5 patients with KRAS/STK11 mutations
and 9 WT patients without mutations in these two cancer genes. We used a digital
pathology approach using supervised machine learning performed in the inForm software

to quantify RORyT* lymphocytes.

The first challenge in this analysis was training the software algorithm to recognise the
matte black anthracotic pigment which naturally accumulates in the lung from the
environment and is highlighted by the box in the KRAS/STK11 case in Figure 4.6a.
Preliminary versions of this algorithm recognised this pigment as being DAB positive cells,
so we successfully trained a classifier to identify this pigment and omit it from the analysis.
This is shown in the phenotype maps on the right panel of each case in Figure 4.6a as
white dots. The algorithm was then trained to phenotype RORyT* lymphocytes (red dots),
and all other cells (green dots) which included RORyT* tumour cells. All the images in
Figure 4.6a are phenotype exports from this RORyT IHC Quantification Algorithm, showing

representative quantification regions from each mutation group.

Comparing RORyT* lymphocyte abundance between the WT group and the MT group
(which contained all cases with KRAS and STK11 mutations) showed a significantly higher
abundance of RORyT* lymphocytes in the MT group (p = 0.0248) (Figure 4.6b). This
appeared to be driven by the KRAS mutation group, which alone had a significantly higher
abundance of RORyT* lymphocytes vs the WT group (p = 0.0101). Whilst having higher
median RORyT* lymphocyte abundances compared to the WT group, neither the STK11

nor KRAS/STK11 groups reached significance. This may be due to the lower number of
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resection samples in these groups (n = 4 and n = 5 respectively) compared to the KRAS

mutation group (n = 10).

The groups with KRAS and STK11 mutations displayed notable heterogeneity in their
RORyT* lymphocyte abundances. A few highly positive samples had more than 100 RORyT*
lymphocytes/10,000 cells and interestingly all these patient tumours were linked by an
absence of whole genome duplications (square points on the Figure). Furthermore, cases
with low RORyT* lymphocyte abundance were of non-LUAD histology (triangle points). 5/6
of these non-LUAD cases were SqCC and the last case was a mixed adenosquamous
carcinoma. These data show that there is a link between KRAS and STK11 cancer gene
mutations and higher RORyT* lymphocyte abundance, and that intra-group heterogeneity

can be explained by whole genome duplication events.

Using a similar approach to the RORC mRNA survival analysis in Figure 3.10, patient
tumours were grouped into quartiles based on the number of RORyT* lymphocytes/10,000
cells. Patients in the ‘RORyT High’ group (quartile one) had a significantly reduced OS
compared to patients in the quartiles two and three grouped as ‘RORyT Other’ (p =
0.0169) (Figure 4.6c). Moreover, there was significant difference in OS when further
separating out the lowest quartile in the right-hand plot in Figure 4.6¢ (p = 0.0210), with
the ‘RORyT Low’ (quartile four) group having the most favourable Kaplan-Meier curve.
Altogether, there is an increased abundance of RORyT* lymphocytes in patient tumours
with KRAS and STK11 mutations and having high abundances of these cells is linked to a

worse OS.
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Figure 4.6 RORyT* lymphocyte quantification in patient tumours with KRAS and STK11 mutations
and survival analysis

a) Export images from inForm software using the RORyT IHC Quantification Algorithm (Chapter
2.5.2) from four different patients of differing KRAS and STK11 mutational subtypes. Left-hand
images show RORyT IHC stained tumour. Right-hand images show the matched export
phenotyping image in which red dots signify RORyT* lymphocytes, green dots signify all other cells,
and white dots signify anthracotic pigment. The box in the KRAS/STK11 case highlights anthracotic
pigment identified by the algorithm. b) RORyT* lymphocytes from 30% of the 10X scanned regions
(randomly selected) shown as RORyT* lymphocytes/10,000 cells for each patient tumour. Patients
are group by presence or absence of KRAS and STK11 mutations (WT n=9, MT n=19, KRASMTn =
10, STK11 MT n =4, KRAS/STK11 MTs n = 5). The key shows the histology and whole genome
doubling status of each tumour. Statistical comparisons between groups were by unpaired two-
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sample Wilcoxon tests. c) Kaplan-Meier curves of patients divided into quartiles based on RORyT*
lymphocytes/10,000 cells. The ‘RORyT High’ group represents patients with RORyT*
lymphocytes/10,000 cells abundances in the 1% quartile, the ‘RORyT Other’ group represents
patients in the 2" and 3™ quartiles, and the ‘RORyT Low’ group represents patients in the 4"
quartile. OS was calculated from cancer diagnosis to death or last follow up at relapse and plotted
as Kaplan-Meier curves then statistically compared using Mantel-Cox tests.

4.2.4 Spatially Evaluating RORyT* Lymphocytes in Mutational Subtypes of Non-Small-Cell
Lung Cancer

Having identified RORyT* lymphocytes in tumours, we wanted to assess whether these
lymphocytes were localised in particular regions of the tumour tissue. Before training the
inForm algorithm to segment and quantify within tissue segmentation categories, we
performed several IHC stains under the advice of a pathologist to determine which tissue

types were present in each tumour and where they were.

The H&E image in Figure 4.7a shows four major structures within NSCLC tumours. Region
1 highlights a group of stained lymphocytes. The fibrotic Region 2 contains stromal
fibroblasts with their branched cytoplasm. Region 3 shows a NSCLC tumour nest with a

cribriform pattern and Region 4 is a densely eosin-stained layer of connective tissue.

To further affirm the tumour nests (Region 3), we stained the sections with an in vitro
diagnostic IHC antibody against CK7 which is used clinically to distinguish between primary
NSCLC and lung metastases. No staining was observed in the negative tonsil control or in
areas of resected normal lung peripheral to the bulk tumour (Figure 4.7b). As expected,

the tumour compartment of our NSCLC cases stained CK7".

Effective adaptive immune responses to cancer are often generated in structures called

tertiary lymphoid structures (TLS). Though B and T cell phenotyping is required to confirm
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TLS presence, we firstly chose to probe for the anti-apoptotic protein Bcl-2 which can be
present in both cell types in the tumour. Collectives of Bcl-2* lymphocytes signify lymphoid
aggregates. Running a secondary antibody only control showed no non-specific secondary
antibody staining of the positive tonsil control tissue (Figure 4.7c). Furthermore, Bcl-2
staining the secondary lymphoid organ controls (tonsil and pulmonary lymph node)
showed strong nuclear membrane and weak cytoplasm staining in interfollicular
lymphocytes and largely negative germinal centres. The final image from Figure 4.7c
shows that this antibody can stain lymphocytes in NSCLC and can effectively highlight

tumour associated lymphoid aggregates.
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Figure 4.7 H&E and IHC staining structures of interest in NSCLC

a) H&E NSCLC staining was kindly performed by the Thoracic Research Team at University
Hospitals Birmingham Heartlands Hospital NHS Foundation Trust. b) CK7 IHC staining on tonsil and
NSCLC resections were performed as outlined in Chapter 2.5.1. The CK7 staining imaged in ‘CK7
Stained Peripheral Normal Lung’ and ‘CK7 Stained NSCLC’ are images from different regions of the
same patient resection. c) Bcl-2 IHC staining on tonsil, NSCLC and lymph node resections were
performed as outlined in Chapter 2.5.1. The ‘Secondary Only Tonsil’ is control staining using the
anti-mouse secondary antibody used in the Bcl-2 IHC staining. All images are at 10X magnification.

Based on knowledge gained from the staining in Figure 4.7, we trained the RORyT IHC
Quantification Algorithm with the help of a pathologist to segment the tissue into tumour
nest, stroma and lymphoid aggregates, to enable the quantification of RORyT*
lymphocytes in these compartments. An example tissue segmentation can be seen in
Figure 4.8a, in which the red zones highlight tumour, the blue zones highlight stroma, and

the yellow zones highlight lymphoid aggregates.

We proceeded to spatially quantify RORyT* lymphocyte abundances, finding near
significant higher abundances in tumour, stroma and lymphoid aggregates in patients with
MTs compared to WT (Figure 4.8b). When looking at specific mutation groups, the largest
KRAS group was the only group with a significant difference (Figure 4.8c). We found a
significantly higher abundance of RORyT* lymphocytes in lymphoid aggregates in patients
with KRAS mutations compared to WT lymphoid aggregates (p = 0.0435), and nearly
significant higher RORyT* lymphocyte abundances in the tumour and stroma
compartments of KRAS mutant tumours compared to WT (p = 0.0653 and p = 0.0503

respectively).
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Similar to Figure 4.6b, Figures 4.8b to 4.8e show that the patient samples without whole
genome duplications consistently have higher RORyT* lymphocyte abundances in the

three compartments examined than those with genome duplications.

Though both the STK11 and KRAS/STK11 groups were not significantly different to WT
alone, there was a tendency for increased RORyT* lymphocyte abundances in lymphoid
aggregates from these groups compared to WT lymphoid aggregates (Figures 4.8d and
4.8e). However, greater number of samples are required to confirm these findings.
Overall, RORyT* lymphocytes are not localised solely to one compartment, but many of
these lymphocytes in tumours with KRAS and STK11 mutations can be found within
lymphoid aggregates and stroma, in addition to those infiltrating into tumour nests

themselves.
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Figure 4.8 Spatial RORyT* lymphocyte quantification in patient tumours with KRAS and STK11
mutations

a) Export images from inForm software showing tissue segmentation using the RORyT IHC
Quantification Algorithm, RORyT IHC (left) and matched export segmented image (right). Red
regions = tumour, blue = stroma, yellow = lymphoid aggregates. The red dots on the segmentation
image show RORyT* lymphocytes. b) — e) RORyT* lymphocytes/10,000 cells as described in Figure
4.6 except showing abundances in each segmented tissue region as described in part a). RORyT+
lymphocytes/10,000 cells in each segmented region (tumour, stroma, and lymphoid aggregates)
are compared between WT (grey, n = 9) and, b) MT (red, n = 19), c¢) KRAS MT (orange, n = 10), d)
STK11 MT (gold, n = 4), d) KRAS/STK11 MT (purple, n = 5). Abundances in the same segmented
regions were compared between mutation groups using unpaired two-sample Wilcoxon tests. The
key shows the histology and whole genome doubling status of each tumour.

RORyT* lymphocytes are associated with IL-17A expression, which we previously
demonstrated in Figure 4.3. We therefore decided to screen the NSCLC cases for IL-17A
expression. Using tonsil sections as a positive control, IL-17A* cells were found in the
interfollicular zone as expected, and the secondary only controls both on tonsil and NSCLC
did not show evidence of non-specific secondary antibody staining (Figure 4.9). Staining
NSCLC sections showed nuclear and cytoplasmic staining as well as secreted IL-17A
surrounding cells including lymphocytes. Figure 4.9 importantly shows that IL-17A*

lymphocytes are found in both stromal regions and lymphoid aggregates.
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Figure 4.9 IL-17A expression in NSCLC tumours

IHC staining for IL-17A was performed as outlined in Chapter 2.5.1. The secondary only control
staining on tonsil and NSCLC used the anti-goat secondary antibody for the IL-17A antibody. All
images in this Figure were taken at 20X magnification.

4.2.5 Phenotyping RORyT* Lymphocytes by Multiplex Fluorescent
Immunohistochemistry

We worked closely with the University of Birmingham’s Human Bioresources Centre to
design a lymphocyte phenotyping panel including the Merck RORyT antibody (Table 4.2).
To investigate hypoxic regions, we included the hypoxia inducible gene CA9 into this

panel, but only two cases expressed CA9 both showing high levels of expression.

To validate the panel, we used two known RORyT positive tissues, tonsil and CRC. The
staining in Figures 4.10a and 4.10b show successful RORyT nuclear staining compatible

with the multiplex panel. This nuclear RORyT staining was present in CD3*/CD4* T cells, as
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well asin T cell lineage marker negative cells in both tissues. After confirming the panel
worked using tonsil and CRC sections we stained the NSCLC sections. Figures 4.10c and
4.10d show that RORyT* lymphocytes are found around lymphoid aggregates containing T
cells and CD20* B cells confirming the localisation in Figure 4.8, moreover some of these
lymphocytes are CD3*/CD4*/RORyT* Th17 cells. Furthermore, RORyT*/CD37/CD4
lymphocytes are also present. Our initial findings with this panel therefore demonstrated
that we can identify CD3*/CD4*/RORyT* Th17s in NSCLC and that not all RORyT*
lymphocytes are CD3*/CD4* Th17s. It also demonstrated that the lymphoid aggregates
found throughout the cohort of NSCLC tumours are comprised of CD20* B cells and CD3* T

cells.
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Marker Opal Fluorophore

DAPI N/A
RORyT Opal 520
CD4 Opal 570
CA9 Opal 620
CD3 Opal 650
CD20 Opal 690

Table 4.2 Multiplex fluorescent IHC antibody immunophenotyping panel
Antibody panel and corresponding Opal fluorophore. DAPI was counterstaining after panel

staining. See Chapter 2.5.4 and Figure 2.2 for further details on the panel antibodies and the
protocol.
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CRC Staining

NSCLC Staining

CDh4 CD20

Figure 4.10 Multiplex fluorescent immunophenotyping validation staining and NSCLC staining

Positive validation control tonsil a), CRC tumour b), and NSCLC tumour c) d) sections were stained
using the multiplex fluorescent immunophenotyping panel (Chapter 2.5.4). CD3*/CD4*/RORyT* and
RORyT*/CD37/CD4 lymphocytes, as confirmed by a pathologist, are highlighted. The key shows the
artificial colours of the panel markers. All images are at 20X magnification.

We next wanted to establish whether the tumour associated lymphoid aggregates seen
are TLSs. Though there are various definitions for what constitutes a true TLS in the

literature (153, 154, 163, 164, 173), one major consistent feature is that they contain
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organised B and T cells. Figure 4.11a shows that we can match Bcl-2* and multiplex stained
lymphoid aggregates. The comparative 2X multiplex staining image was only available as a
spectrally mixed overview image in which fluorescent spillover is still present. The yellow
staining shows CD4* T cells and the red staining predominantly shows CD20* B cells.
Staining from Figure 4.10c and 4.10d show that lymphoid aggregates clearly contain CD4*
T cells and CD20* B cells suggesting that these are TLSs. Most TLSs in Figure 4.11a have

follicular-like structures characterised by presence of CD20* B cells and Bcl-2 negativity.

Considering the data from these two stains, we enumerated all Bcl-2* TLS in the NSCLC
sections and calculated TLS density. We found no significant difference in TLS density
between WT and MT tumours with KRAS and STK11 mutations (Figure 4.11b). This
suggests that the near significant increased RORyT* lymphocyte abundance in lymphoid
aggregates from patient tumours with KRAS and STK11 mutations from Figure 4.8 is not
because of an increased TLS burden. Rather, the differences seen are due to altered TLS

composition and an increased number of RORyT* lymphocytes per TLS.
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Figure 4.11 Confirmation and quantification of NSCLC TLSs

a) Both images are 2X scans from the same tumour: left-hand image shows Bcl-2 IHC staining,
right-hand image shows multiplex fluorescent immunophenotyping panel staining. The ‘Mixed
Multiplex Staining’ overview image (Phenochart software) shows the CY3 (yellow, showing CD4*
cells) and CY5 (red, showing CD20* cells and some CD3* cells due to spillover from Texas Red)
channels. Squares highlight examples of TLSs. b) TLS were defined as Bcl-2* structures with Band T
cells and a diameter of at least 100um. TLS in each tumour were counted and divided by the
tumour area to give TLS/mm?2. Patient tumours were grouped by KRAS and STK11 mutation (MT, n
=19) or lack of these mutations (WT, n = 8). TLS densities were compared by unpaired two-sample
Wilcoxon test.

We were next interested in unbiasedly establishing which cells expressed RORyT in TLSs.
To do this we trained new inForm machine learning algorithms that detect cells positive

for single markers. These data were then processed by the phenoptr R package which also
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performed an unbiased marker co-expression analysis that determined the immune

phenotypes shown in Figure 4.12c.

Before training the ‘Single Phenotyping’ algorithms which detect only a single marker at a
time, we firstly extensively trained a ‘Full Phenotyping’ algorithm that could recognise all
possible single marker positive to triple marker positive phenotypes (e.g. from CD3* to
CD3*/CD4*/RORyT*) which is shown here as a reference for the training of the ‘Single
Phenotyping’ algorithms (Figure 4.12a). The ‘Unmixed Multiplex Staining’ image shows
multiplex immunophenotyping panel staining without any computationally classified

cellular phenotypes from either the ‘Full Phenotyping’ or ‘Single Phenotyping’ algorithms.

We then proceeded to train five ‘Single Phenotyping’ algorithms to detect each marker
individually. Figure 4.12a shows all the ‘Single Phenotyping’ algorithms of interest and
how these algorithms classify cellular phenotypes within the same stroma region. For
example, the ‘CD3 Single Phenotyping’ algorithm classified cells as either ‘CD3* or ‘Other’
(CD3). Figure 4.12b similarly profiles TLS. Spatial data exported from all images containing
TLSs profiled by the ‘Single Phenotyping’ algorithms were used to consolidated and

unbiasedly report phenotypes as shown in Figure 4.12c.

Figure 4.12c shows results from the unbiased co-expression analysis using the ‘Single
Phenotyping’ algorithms. ‘Intersection size’ refers to the number of cells expressing each
combination of markers, representing different cellular phenotypes. As expected, most of
the cells counted by in TLSs were CD20"* B cells, followed by CD3* and CD4* T cells.
Moreover, CD20 and CD3 were most often expressed without any marker co-expression,

indicating that B cells and CD4" T cells were of high abundance.
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The most commonly co-expressed markers from our panel were CD3/CD4, which highlight
CD4* T cells (Figure 4.12c). This analysis also highlights rarer phenotypes which would
require further confirmation by investigating a larger number of TLSs. One such rarer

potential phenotype are CD20* cells co-expressing CD3 and/or CD4.

RORyT expressing phenotypes are highlighted in Figure 4.12c by red boxes. RORyT is most
frequently expressed alone in TLSs (intersection size of 2108), followed by co-expression
with the T cell markers CD3 and CD4 (total intersection size of 2026 from
CD3*/CD4*/RORyT*, CD3*/RORyT* and CD4*/RORyT* phenotypes). These findings
demonstrate that NSCLC TLSs are dominated by B and T cells, and that RORyT* cells found
in these regions co-express T cell lineage markers, yet T cell lineage marker negative

RORyT* cells are also present.
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Figure 4.12 Immune phenotyping inForm algorithms and unbiased marker co-expression analysis
a) b) Images of a 20X scanned NSCLC stained by the multiplex fluorescent immunophenotyping
panel (Chapter 2.5.4). The ‘Unmixed Multiplex Staining’ is spectrally unmixed and shows staining
before application of the phenotyping algorithms. All other images are following phenotyping
classification and descriptions of the different ‘Phenotyping’ algorithms can be found in-text and in
Chapter 2.5.5. Cell phenotypes are represented by coloured dots as in the key. a) shows a stroma
region and b) shows a TLS. c) All TLS regions (4 regions/NSCLC resection, n = 28 resections) were
phenotyped using the 5 ‘Single Phenotyping Multiplex Algorithms’ (including the ‘CA9 Single
Phenotyping Multiplex Algorithm’), then processed and analysed using the phenoptr R package.
‘Phenotype Count’ represents the total number of marker positive phenotypes classified by these
algorithms. Co-expressed markers are shown by joined up dots. Red rectangles highlight the major
RORyT" phenotypes.

4.2.6 Exploring the Characteristics of RORyT* Lymphocytes

Our key finding from the multiplex IHC phenotyping was that cells expressing RORyT in
TLSs fell into two major categories, T cell marker positive or negative. We next sought to
examine spatial relationships between RORyT* cells and other cells within a TLS to
determine whether there were any positional differences between the two major

subtypes of RORyT" cells: CD3*/CD4*/RORyT" cells (Th17s) and RORyT*/CD37/CD4 cells.

To spatially quantify cells, we used ‘count within’ which is a measure of the number of

cells within a particular radius originating from the nucleus of the cell in question. We
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chose to count the phenotypes of cells within 15um of each cell to enumerate the most
proximal cells. We also examined the median distances between cellular phenotypes as a

second measure of proximity.

Count within analysis in Figure 4.13a shows that Th17s have significantly higher average
numbers of CD3*/CD4 (p < 0.0001) and CD3*/CD4* (p < 0.0001) T cells within 15um
compared to RORyT*/CD37/CD4 cells. In contrast, RORyT*/CD3/CD4" have significantly
more CD20* B cells within 15um compared to Th17s (p < 0.0001). These findings are
corroborated by inter-phenotype distance analysis, in which Th17s have significantly lower
median distances to CD3*/CD4" (p < 0.0001) and CD3*/CD4* (p < 0.0001) T cells compared
to RORyT*/CD37/CD4 cells (Figure 4.13b). Likewise, RORyT*/CD3/CD4" have significantly

lower distances to CD20* B cells compared to Th17s (p = 0.0003).

We next grouped tumours by KRAS and STK11 mutation status then examined the spatial
relationships between RORyT" cells of the same phenotype. There were significantly
higher average numbers of other Th17s within 15um of each Th17 in TLSs from tumours
with KRAS mutations, STK11 mutations and all MTs (all p £0.0001 compared to WT group)
(Figure 4.13c). Though this was not the case for patients with concomitant KRAS/STK11
mutations, who had significantly fewer Th17s within 15um of each Th17 in TLSs compared
to groups with single KRAS and STK11 mutations (both p £0.0001) in line with the WT

group.

Similarly, there were significantly higher average counts of other RORyT*/CD37/CD4 cells
within 15um of each RORyT*/CD37/CD4 in TLSs from tumours in the MT group and the

KRAS mutation group (both p < 0.0001 vs WT group), and significantly fewer RORyT*/CD3"
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/CD4 cells within 15um in the STK11 group and KRAS/STK11 group compared to the high

KRAS mutation group (p = 0.0008 and p = 0.0003 respectively) (Figure 4.13c).

These findings were supported by a distance analysis (Figure 4.13d). The median distances
between Th17s were significantly lower in the MT, KRAS and STK11 groups vs WT group
(all p £0.0001) and higher in the KRAS/STK11 group compared to the KRAS and STK11
groups (all p £0.0001). Furthermore, the median distances between RORyT*/CD3"/CD4"
cells in TLSs were significantly lower in the MT and KRAS groups compared to the WT
group (p = 0.0040 and p = 0.0002 respectively), and significantly higher in the STK11 and

KRAS/STK11 groups compared to the KRAS group (p = 0.0053 and p = 0.0002 respectively).

Figure 4.13e visualises these described differences in intra-phenotype distances linked
with KRAS and STK11 cancer gene mutations, with smaller differences between the cell

types of interest in the MT vs WT groups visible.

These findings highlight that Th17s in TLSs are commonly found nearby other T cells and
RORyT*/CD3°/CD4 are close to B cells. Groupings by KRAS and STK11 mutations show that
RORyT" cells of the same phenotype are nearer in patient tumours with these cancer gene
mutations compared to tumours without these mutations. Phenotype proximities of
below 15um can indicate a closeness akin to cellular interaction between lymphocytes.
Though these data do not directly measure membrane co-localisation, they provide some
evidence that interactions between cells of these phenotypes may occur and elucidate

localisation within a TLS.
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Figure 4.13 Spatial relationships between Th17 cells, RORyT*/CD3°/CD4 cells, CD3*/CD4" cells,
CD3*/CD4* cells and CD20* cells

Distance analyses performed by the phenoptr package. a) The average number of CD3*/CD4,
CD3*/CD4* and CD20" cell types within 15um of each Th17 (blue bars) and RORyT*/CD37/CD4 cell
(green bars). b) The median distance from each Th17 (blue boxplots) and RORyT*/ CD37/CD4 cell
(green boxplot) to the nearest CD3*/CD4", CD3*/CD4* and CD20* cell. ¢) The number of Th17s
within 15um of each Th17 cell, and the number of RORyT*/CD37/CD4  cells within 15um of each
RORyT*/CD37/CD4 cell. Tumours were grouped/coloured by mutational subtype: WT (n=9), MT (n
=19), KRAS MT (n = 10), STK11 MT (n = 4), KRAS/STK11 MTs (n = 5). d) The median distance from
each Th17 to the nearest Th17, and from each RORyT*/ CD37/CD4 cell to the nearest RORyT*/ CD3"
/CD4 cell. Tumours were grouped/coloured by mutational subtype as shown in part c). Error bars
in a) and c) showed standard deviation, and statistical comparisons were by unpaired t tests with
Welch’s correction. Error bars in b) and d) show the maximum and minimum distances, and
statistical comparisons were by unpaired two-sample Wilcoxon tests. e) 20X export images of TLSs
stained by the multiplex panel with phenoptr next nearest phenotypes shown in WT and MT
tumours. The ‘Th17’ row images show the nearest Th17 (blue dots) to each Th17, and the same for
the ‘RORyT*/ CD37/CD4 row images (red dots). White lines link the next nearest cell of the same
phenotype to each Th17 or RORyT*/ CD37/CD4 cell. Links can be mutual.

Having identified the two main types of RORyT* cells present in NSCLC tumours and their
locations within a TLS, we were interested in investigating the T cell linage marker

negative RORyT" cells to establish whether they were ILCs; a group of lineage™ lymphocytes
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found in NSCLC tumours that may aid TLS development (172, 174). It is important to note
that the multiplex immunophenotyping algorithms were trained not to recognise weak
tumour cell RORyT expression. This led to the vast majority of RORyT*/CD37/CD4 cells
phenotyped being lymphocytes, so we decided to investigate the possibility of these cells
being ILCs. As we were unable to develop another multiplex IHC panel, we turned back to
the wealth of TCGA data and used GSEA to interrogate the data in a more subset specific

manner than can be offered by the CIBERSORT and MCP-counter approaches.

Immune subset gene sets were firstly selected from the literature. NRP1* ILC3s are a
subset of RORyT* ILCs with LTi activity that have been described in human tissue in
lymphoid structures including lung lymphoid aggregates, but not in peripheral blood by
Shikhagaie et al (443). We therefore complied a gene set based on the markers expressed
by NRP1* LTi-like ILC3 identified in this paper. We also utilised gene sets for ILC1, ILC2,
ILC3 and LTi cells collated and used by Suzuki et al (444) to profile innate immune cells in
human COPD lung tissue. For Th17 GSEA, we used a gene set validated by Castro et a/
(445) who knocked down both RORyT and RORa transcription factors in Th17s to find
differentially regulated genes, which we supplemented with additional IL-17 family genes
including IL17C and IL17RE. Finally, we used gene sets for NK cells, CD56°"8" NK cells, B

cells, Th1 cells and macrophages described in a publication by the Galon group (446).

Positive ssGSEA enrichment scores for Th17s, NRP1* LTl-like ILCs, LTis and ILC3s are
observed in the MT group vs the WT group throughout Figure 4.14a. This shows that gene
expression from all four gene signatures in Figure 4.14a are enriched compared to all

other genes profiled by RNA-Seq by TCGA. Moreover, significantly higher median ssGSEA
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enrichment scores are found in the MT group containing tumours with KRAS and STK11
mutations compared to the WT group in all subsets shown in Figure 4.14a. This again
confirms our finding of Th17 enrichment in KRAS and STK11 mutant tumours and shows

enrichment for innate immune cells with ILC3 and LTi profiles.

Importantly, this is not the case for RORyT innate immune cells (Figure 4.14b). There are
no differences between the WT and MT groups in ILC1 or ILC2 enrichment scores, showing
that the enrichment is specific for cells of RORyT* phenotypes. Significantly lower NK cell
enrichment scores are also found in the MT group compared to the WT group (p =
0.0014). Though the MT group has significantly higher enrichment scores for the

suppressive CD56°8" NK cells compared to the WT group (p = 0.0014).

This ssGSEA approach further confirmed a pattern of immune suppression which we
previously observed in tumours with KRAS and STK11 mutations in Chapter 3. Figure 4.14c
showed that MT tumours had significantly lower B cell, Th1, and macrophage enrichment
scores compared to the WT tumour group (p = 0.0052, p =0.0211 and p = 0.0026

respectively).

Overall, this GSEA analysis provides further evidence of RORyT* lymphocyte enrichment in
patient tumours with KRAS and STK11 mutations, and indicates enrichment of ILC3s and

LTis without enrichment of ILC1 and ILC2 cells.
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Figure 4.14 Gene set enrichment analysis of innate lymphoid cells and other immune subsets

a) b) c) Gene signature lists were obtained from the following publications: Shikhagaie et al (443),
Suzuki et al (444), Castro et al (445) and Bindea et al (446). We added additional IL-17 family
member genes to the Th17 gene signature from Castro et al (445). Gene lists were used by the
GSVA package to calculate ssGSEA enrichment scores from TCGA PanCancer LUAD RNA-Seq RSEM
data (Chapter 2.1.10). ssGSEA enrichment scores were grouped by patient tumours without KRAS
and STK11 mutations (WT, n = 315) and with KRAS and STK11 mutations (MT, n = 191). All groups
were compared by unpaired two-sample Wilcoxon tests.
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4.3 Discussion

Having identified elevated RORC mRNA expression in TCGA cases with KRAS and STK11
mutations, we wanted to investigate whether there was a relationship between mRNA
and RORyT protein expression as well as establish which cells within the tumour express
RORyT (435-437). To this end we sourced NSCLC resections from 28 patients from two
studies which had sequenced tumours to classify KRAS and STK11 mutations, which is not
part of routine clinical practice (359, 360). Using this rare cohort of tumour resections, we
were able to address these questions using IHC and importantly study RORyT* cells in the
TME, investigating the spatial distribution of these cells in relation to other immune cells

and their locations within the tumour.

4.3.1 Validating and Optimising a RORyT Monoclonal Antibody

We firstly compared several RORyT monoclonal antibodies for IHC, deciding on a Merck
antibody that most clearly stained RORC2 transfected HEK293T cells as well as
lymphocytes in human tonsil and NSCLC sections (Figures 4.1, 4.2 and 4.4). This antibody
has also been previously used in the literature to quantify Th17s in CRC (442), but has not
been used for other applications. Additionally, we demonstrated that this antibody can be
used in flow cytometry following in-house conjugation with AF647 fluorophore. We
optimised its use to identify CD3*/CD4*/RORyT*/IL-17A* Th17s from PBMCs (Figure 4.3),

and integrated it into our Th17 flow cytometry antibody panel for use in Chapter 5.
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We then used the optimised RORyT antibody in IHC to stain sections from 10 tumours
with KRAS mutations, 4 tumours with STK11 mutations, 5 tumours with KRAS/STK11

mutations and 9 tumours without either of these mutations.

4.3.2 Identifying and Quantifying RORyT Expressing Lymphocyte in Patient Tumours
Earlier IHC by Huang et al (437) had shown weak staining of RORyT in NSCLC tumour cells,
and the authors suggested that the majority of RORyT expression in NSCLC is tumoural.
Although we also observed weak RORyT tumour cell staining, confirmed by pathologist Dr
Abeer Shaaban, RORyT was predominantly expressed in lymphocytes within NSCLC
tumours. One explanation for the weak RORyT staining in tumour cells may be the
relatively common amplification of chromosome 1g21.3 (377-385, 417). Unfortunately,
we were unable to assess 1g21.3 amplifications in our patient tumour cohort. RORy and
RORyT tumour cell expression has also been observed in other cancers and has been
linked with circadian and metabolic perturbations that aid growth, and metastatic

stemness (447-451).

We then designed an algorithm to identify and quantify RORyT* lymphocytes and we
found a significantly higher abundance of RORyT* lymphocytes in tumours from NSCLC
patients with KRAS and/or STK11 mutations as well as KRAS mutations alone compared to
WT patients (Figure 4.6). The STK11 and KRAS/STK11 groups were not significantly

different to WT tumours, which may be due to low numbers of samples in these groups.

Interestingly, we found that SqCC resections had low RORyT* lymphocyte abundances.

This agrees with findings from the literature that RORC expression is generally higher in
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LUAD tumours than SqCC tumours, and that Th17s are more common in LUAD compared
to SqCC (158, 452). In contrast, other studies have shown no difference in RORC
expression or Th17 cell frequencies when analysing PBMCs from LUAD patients. This
suggests that the increase in RORyT" cells is specifically seen inside LUAD tumours and
supports findings that KRAS/STK11 mutant NSCLC tumours with different histologies are

associated with different immune infiltrates (269, 281, 453, 454).

We also observed that tumours without whole genome duplications had high RORyT*
lymphocyte abundances. Genome duplications from replication fork stalling occur early
during oncogenesis to protect tumours by preserving WT copies of essential genes that
might be deleted during increasing genomic instability (455, 456). High genomic instability
is intrinsically linked with high TMB and increased numbers of immunoreactive
neoantigens. These tumours suppress TIL function by chronic neoantigen exposure-
induced exhaustion, increased IL-4 and IL-10 secretion and are associated with decreased
TIL numbers (158, 166, 456). Our results show that like other TILs, RORyT* lymphocytes
are excluded from tumours with whole genome duplications, though the reason why is
unclear. RORyT* lymphocytes therefore might be abundant before genome duplications.
This is difficult to investigate as most resections are performed on early-stage NSCLC
which may have already duplicated its genome; therefore, we would have to examine

subclinical NSCLC tumours which is not feasible.

In contrast to our findings assessing the impact of RORC expression on survival of TCGA
patients in Figure 3.10, in our cohort of NSCLC patient tumour sections we found that

having high intratumoural RORyT* lymphocyte abundance was linked with poor OS (Figure
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4.6¢). These seemingly opposing findings may be explained by different methods of
analysis; TCGA patients were grouped by levels of total RORC tumour mRNA expression,
whereas the patients from whom we had sections were grouped more specifically by
abundances of RORyT* lymphocytes. This latter analysis more accurately assesses OS in
relation to presence of RORyT* lymphocytes and it is not influenced by RORyT expression

in any other cells.

We next investigated the spatial distribution of the RORyT* lymphocytes and showed that
most RORyT* lymphocytes are located within the stroma and in lymphoid aggregates
(Figure 4.8). This was supported by detection of IL-17A expression in these same regions
(Figure 4.9). Our findings are supported by many reports of intratumoural IL-17A mRNA

and protein expression (278, 280, 288, 291, 414, 437, 457).

4.3.3 Phenotyping and Characterising RORyT Expressing Lymphocytes Within Non-Small-
Cell Lung Cancer Tertiary Lymphoid Structures

To further investigate the lymphoid aggregates seen and to phenotype the RORyT*
lymphocytes we designed and validated a multiplex fluorescent panel of IHC antibodies.
Although this panel included the HIF1a-inducible protein CA9 to explore the relationship
between Th17 cells and hypoxia (458), surprisingly only two cases showed evidence of CA9
expression, therefore this was not further investigated. This might be due to high degrees
of hypoxia heterogeneity in NSCLC and could be resolved in future studies by multi-
regional tumour sectioning to identify hypoxic regions (459). The remaining markers were

present in multiple sections and multiplex IHC confirmed that lymphoid aggregates were
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TLS consisting of CD4* T cells and CD20* B cells, in which the different proportions of CD4*
T cells and CD20" B cells present represent different states of TLS maturation (Figure 4.11)
(153). Many TLS had Bcl-2" B cell follicles which are likely to be mature TLS with a germinal
centre. This could be confirmed by Bcl-6 staining (153, 154). Likewise, more immature

NSCLC TLS lacked discrete T and B cell zones, in which all cells expressed Bcl-2 (153, 154).

When considering the mutational status of the NSCLC tumours, we found no association
between TLS burden and mutations in the KRAS and STK11 cancer genes. This was notably
similar to studies by Cabrita et al (147) and Lin et al (460) who also both found no
association of TLSs with these NSCLC mutations. This was initially surprising as we had
postulated that the increased numbers of RORyT* lymphocytes in KRAS mutant tumours
were due to higher numbers of TLSs. An alternative explanation is that tumours driven by
KRAS mutations have different TLS compositions, which was supported by Figure 4.13c

and 4.13d in which significantly greater clustering of RORyT* cells was seen.

The multiplex IHC analysis showed that RORyT is commonly expressed in CD3*/CD4* T cells
defined as Th17 cells (Figure 4.12c). Th17s are associated with a bad prognosis in NSCLC,
as IL-17A signalling activates tumour STAT3 to induce proliferation and angiogenesis, as
well as by controlling recruitment and activation of tumour-promoting myeloid cells (189,
276, 285-288, 291-294, 296-299, 304). RORyT is also expressed on its own and in different
combinations with CD3 and CD4 (Figure 4.12c). It is possible that this unbiased
computational analysis can mis-classify CD3*/CD4*/RORyT* Th17s as CD3*/RORyT* or
CD4*/RORyT* T cells due to weak staining or CD3/CD4 downregulation upon T cell

activation. However, it is also possible that these cells might be other immune subsets
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such as y817s, iNKT17s or MAITs (158, 230-232, 294, 299, 303, 440, 441, 461-465). Further

staining with subset-specific antibodies would be required to confirm their true identity.

Evidence from mouse models suggest that y617s rather than Th17s are the primary source
of IL-17A and IL-22 in NSCLC, and that y§17s are associated with KRAS driven pancreatic
cancer and KRAS/TP53 driven NSCLC (299, 303, 462, 465, 466). y617s in KRAS/TP53 driven
murine NSCLC tumours are long-lived lung resident Vy6V&1 cells, which are dependent on
the lung microflora for development and can promote TANs and tumour development
(462). Whilst there is evidence that y617s are associated with worse outcomes, y6 T cells
can express NKG2D and lyse NSCLC tumour cells in vitro (168, 169, 294, 462). iNKT17s also
depend on differentiating signals from the colonic microflora in mice and can produce IL-
17A, IL-22 and IL-23, though there is limited knowledge about their role in human NSCLC
(230, 231). RORyT* MAITs have been shown to act like inflammatory CD8* Tc17s and lung
resident MAITs can be an important source of IL-17A in paediatric pneumonia (232, 440,
441). Recent evidence has shown that non-classical MAIT-like T cells are cytotoxic and can
kill a variety of cancer cell lines including NSCLC cell lines (229). RORyT* MAITs may also

contribute to TLS-induction by LTB expression (440).

The RORyT*/CD37/CD4 cells seen are potentially lineage /CD127* ILC3 cells that are known
to express RORyT and can secrete IL-17A. ILC3s have previously been observed in NSCLC
(172, 174). This possibility is supported by GSEA of TCGA data which showed significant
enrichments of both Th17s, ILC3s and LTi cells in tumours with KRAS and/or STK11

mutations, but not RORyT ILC1 or ILC2 cells (Figure 4.14).
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In SqCC ILC1s can be directly converted to ILC3s in an IL-23 and RORyT dependent manner
and these ILC3s can be sub-grouped by NCR expression (467). NCR* ILC3s secrete higher
guantities of IL-17A and have more cytotoxic capacity, expressing granzyme B, granulysin
and IFNy (468-470). Work by Carrega et al (172) examining NSCLC tumours found that
although NCR* ILC3s could not lyse tumour cells, tumour cell recognition induced CXCL8
release. As NRP1* ILC3s and LTi cells both express NCRs and have LTi-like activities, they
may be important in inducing TLS formation (172, 443). LTi and ILC3s have been previously
shown to interact with stromal cells and CAFs to remodel the microenvironment and can

interact with CD4* T cells via MHC class Il (172, 471-474).

In addition to their roles in TLS development, ILC3s may recruit TANs and secrete IL-22

which is linked with bad outcomes in NSCLC (155, 170, 172, 241, 298-302, 443, 467).

Examining the distances between RORyT* lymphocytes and immune cells of other
phenotypes within TLSs showed that putative RORyT*/CD3°/CD4" ILC3s were nearby CD20*
B cells, and CD3*/CD4*/RORyT* Th17s were close to other T cells (Figure 4.13). Whilst we
did not find evidence of Th17s interacting with other T cells from the literature, it has
been suggested that interactions between ILC3s and B cells can occur in secondary
lymphoid organs that stimulates antibody secretion which may also occur in NSCLC TLSs

(474-476).

215



4.3.4 Summary
Overall, in this Chapter we investigated expression of the RORyT protein and found that
most nuclear RORyT staining in NSCLC tumour resections was of lymphocyte origin,

disagreeing with findings by Huang et al (437).

Quantifying RORyT* lymphocytes using IHC staining showed that increased RORC mRNA
translates to increased RORyT protein expression in tumours with KRAS and/or STK11
mutant tumours as well as tumours with KRAS mutation alone. Further quantification
using additional STK11 and KRAS/STK11 tumours might reveal an association with these
mutational subtypes. Heterogeneity in the RORyT* lymphocyte quantification data was

due to tumour histology and genome duplications.

Examining the specific impact of intratumoural RORyT* lymphocyte abundances on patient
survival showed that a high abundance of these cells was associated with poor OS, which
potentially contrasted our previous findings but supported the literature (189, 276, 285-

288, 291-294, 296-299, 304).

RORyT* lymphocytes were not specifically situated in any particular region of tumour
tissue but were often found in stromal regions or lymphoid aggregates. Phenotyping these
lymphoid aggregates revealed that they were TLSs. As we found no difference in TLS
burden between tumours of different KRAS and STK11 mutational subtypes, we
postulated that differences in RORyT* lymphocyte abundances were due to differences in

TLS composition.

Co-expression analysis showed that RORyT is predominantly expressed in Th17 cells which

were located nearby other T cells in TLSs. These analyses also highlighted a subset of
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RORyT*/CD37/CD4 cells found near B cells which we believe from algorithmic exclusion of

tumour cells, a T cell lineage™ nature, and evidence from GSEA to be ILC3 cells.
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5. Examining the Influence of KRAS and STK11 Mutant Lung

Cancer Cells on T Cell Phenotype

5.1 Introduction

Plasticity of CD4* T cells allows what were previously believed to be lineage committed T
cells to respond to a changing situation by adjusting their phenotypic functions dependent
on microenvironmental cues. Having described raised RORyT* immune cells in NSCLC
tumours with KRAS and STK11 alterations, we were interested to further investigate the
mechanisms that might lead to this association using in vitro assays. Specifically, we aimed
to determine whether soluble factors released from NSCLC cell lines with these alterations
could induce T cell plasticity and alter the Th17/iTreg balance. To do this we developed an
in vitro assay in which PBMCs were cultured in media conditioned by NSCLC and control

cell lines, and examined whether this led to polarisation of CD4* T cells towards Th17s.

We therefore designed a Th17 flow cytometry phenotyping panel including the following
markers: CD3, CD4, CCR6, CD127, RORyT, IL-17A, IFNy and TNFa. This enabled analysis of
RORyT and IL-17A in CD3*/CD4* T cells, and also the chemokine receptor CCR6 which is
expressed on Th17s, Tregs and neutrophils, and binds the ligand CCL20 (477). CD127 is
expressed on long-lasting memory cells, including Thls and Th17s that use IL-7 over IL-2
for their maintenance, and CD127 downregulation can be used to identify Tregs (266, 478-
480). Treating Th17s with IL-7 upregulates the receptor for IL-1p to aid differentiation, and
IL-7 is also linked with high CCR6, TNFa secretion and surface LTa/B expression (481, 482).

TNFa can be co-produced with IL-17A and has the effect of stimulating IL-18, IL-6, CXCL8
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and GM-CSF production (483, 484). Lastly, IFNy is associated with cytotoxic Thl, Thl-like
Th17 and CD8 responses and importantly upregulates cell surface HLA class | and Il (228,

245, 485).
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5.2 Results

5.2.1 High Dimensional Analysis of Flow Cytometry Stained Ex Vivo T Cells

The aim of this Chapter was to investigate whether media conditioned by NSCLC cell lines
with and without KRAS and STK11 mutations could induce T cell polarisation in vitro. As
the central experiment described in this Chapter would generate complex
multidimensional data from 68 conditions, we wanted to use the UMAP dimension
reduction technique to identify quantifiable patterns in these data. To validate the
application of high dimensional analysis for data generated by the Th17 flow cytometry
panel (Table 2.8) we first examined the effect of PMA/iono stimulation on ex vivo

CD3*/CD4* T cells.

Ex vivo PBMCs from four age and gender matched donors were split into two test tubes.
PBMCs in one tube did not receive stimulation by PMA/iono and PBMCs in the second
tube received PMA/iono stimulation. At the time of stimulation, all PBMCs were treated
with Brefeldin A which prevents transport through the golgi apparatus and stops
extracellular cytokine secretion. The cells were then incubated at 37°C/5% CO, for four
hours to allow cytokine accumulation. Following this, PBMCs were washed and stained
with the Th17 flow cytometry panel of extracellular and intracellular fluorophore
conjugated antibodies, and data were collected using a flow cytometer (full methods
available: Chapters 2.6.3, 2.6.4 and 2.6.5). After flow cytometric acquisition, PBMCs from
all donors were gated on single live CD147/CD19°/CD3*/CD4* lymphocytes (Figure 2.4) —
henceforth referred to as CD3*/CD4* T cells — and these gated CD3*/CD4* T cell data from

the 4 donors were concatenated based on the two PMA/iono stimulation conditions. The
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two resultant concatenations were downsampled and markers were subject to a logicle

transformation and UMAP dimension reduction was performed (Figure 5.1) (371-373).

The UMAP in Figure 5.1a shows the combined ex vivo CD3*/CD4"* T cell data from both
tubes from all 4 donors, both stimulated with PMA/iono and without stimulation.
Whereas Figure 5.1b shows the concatenated data from only the ex vivo CD3*/CD4* T cells
that did not receive PMA/iono stimulation, and Figure 5.1c shows the concatenated data
from only ex vivo CD3*/CD4" T cells that received PMA/iono stimulation. Overall, Figure
5.1 shows that this high dimensional approach can distinguish between CD3*/CD4"* T cells
that have been treated with PMA/iono and those that have not been treated with
PMA/iono. The line splitting the two islands in Figure 5.1a delineate T cells that 1) have
not been stimulated with PMA/iono and 2) have been stimulated with PMA/iono. These
separate islands can clearly be seen when the data is filtered to show only unstimulated
(Figure 5.1b) and stimulated (Figure 5.1c) T cells. This pilot analysis confirmed that
analysing flow cytometry data using a high dimensional approach can distinguish between
unstimulated and PMA/iono stimulated CD3*/CD4* T cells and was therefore suitable for

analysis of the experimental data.
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Figure 5.1 Validating a high dimensional data analysis approach by assessing the effect of
PMA/iono stimulation on ex vivo CD3*/CD4" T cells

Ex vivo PBMCs from four donors were either PMA/iono stimulated or not stimulated, stained with
the Th17 flow cytometry panel and gated on CD3*/CD4* T cells, as described in-text and in
Chapters 2.3.10, 2.6.3, 2.6.4, 2.6.5 and 2.6.6. CD3*/CD4" T cells were concatenated based on
stimulation (‘PMA/iono Stimulation’) or not (‘No PMA/iono Stimulation’). 10,000 T cells were
downsampled, then transformation and UMAP dimension reduction was performed on all features
except Viability Dye-APC-Cy7, CD14-APC-Cy7 and CD19-APC-Cy7 as in Chapter 2.6.6. a) Density
UMAP showing T cells from both conditions. b) The same data is filtered to show only
downsampled T cell concatenations that have not been stimulated by PMA/iono. ¢) The same data
is filtered to show only downsampled T cell concatenations that have been stimulated by
PMA/iono.

5.2.2 An Approach to Culturing Peripheral Blood Mononuclear Cells in Cell Line
Conditioned Media
To investigate whether tumour conditioned media (TCM) from NSCLC cell lines with

different mutations can differentially alter the phenotype of CD3*/CD4* T cells, we
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sourced appropriate cell lines with either KRAS, STK11 or concurrent KRAS/STK11
mutations, or with no mutations in these genes. To this end, we used KRAS and STK11
mutation and CNA data from the ‘Catalogue of Somatic Mutations in Cancer Cell Lines
Project’ and the ‘canSAR’ databases, alongside data from the literature, to select
appropriate NSCLC cell lines for use (Table 5.1) (361-365). After purchasing these cell lines
from reliable sources, cell line conditioned media were collected from low passage cells
(full method in Chapter 2.3.9). All cell lines that did not usually use RPMI as a culture
medium were first weaned onto RPMI for consistency, and conditioned media were
collected at a low cell line passage number when cell lines were 70% confluent, or after a
maximum of three days culture. All conditioned media were filtered and frozen at -80°C
before use. Table 5.1 shows an overview of the different controls and NSCLC cell lines
used in this experiment, as well as their KRAS and STK11 mutation status. Fresh RPMI was
used as a ‘Culture Media Control’, and conditioned media collected from non-cancerous

HEK293T foetal kidney epithelial cells acted as a ‘Non-NSCLC Epithelial Cell Control’.
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Mutational Subtype or Control Number of Cell Lines Cell Lines
Culture Media Control 0 RPMI Control
Non-NSCLC Epithelial Cell Control 1 HEK293T

CALU-3, H292, HCC78, H1299,
WT 5

H2110
KRAS MT 2 CALU-6, H441
STK11 MT 4 CAL-12T, H1755, Chago-K-1, H1563
KRAS/STK11 MTs 4 A549, A427, H460, H1734

Table 5.1 NSCLC cell lines and their KRAS and STK11 mutational subtypes

Overview of the cell lines and controls from which TCM or conditioned media were collected. A
detailed table with cell line sources, descriptions and specific KRAS and STK11 mutations can be
found in Table 2.3 in Chapter 2.3.3.

Figure 5.2a shows the laboratory workflow for this experiment and Figure 5.2b outlines
how the data were processed and analysed. The dosages of anti-CD3/CD28 were not
optimised before this experiment. Nor was the timing of the PMA/iono restimulation, and
we did not determine whether this step was necessary following the initial anti-CD3/CD28
activation. To draw firm conclusions from future experiments it will be essential to
optimise this experiment and perform time courses to determine the window of cytokine

production for each cytokine investigated, as well as to optimise the downstream analysis.

Firstly, PBMCs were again isolated from the four healthy donors and cryopreserved until
the day of each experiment. PBMCs were revived and seeded at 1x10® PBMCs/well into 48
well plates, each resuspended in a different cell line conditioned media or RPMI control
media, as shown previously in Table 5.1. At this time, a T cell activation cocktail of 0.5ug
anti-CD3 and 1pug anti-CD28 antibodies was added to each experimental condition to

stimulate the PBMCs. PBMC seeding and activation was performed at the end of each
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working day, which was called Day 0, and plates were incubated overnight at 37°C/5%

COs.

The following day (Day 1) PBMCs were washed to remove the anti-CD3 and anti-CD28
antibodies, then re-seeded in an unused well with fresh conditioned or control media as
appropriate. PBMCs were then cultured for two days until phenotypic and functional
testing on Day 3. At this time, half of the PBMCs from each condition were transferred to a
‘Restimulated’ test tube and the other half were transferred to a ‘Not Restimulated’ test
tube. The ‘Restimulated’ condition PBMCs were stimulated, for a second time, with
PMA/iono for four hours in the presence of Brefeldin A to induce cytokine production and
accumulation. The ‘Not Restimulated’ condition PBMCs were not restimulated with
PMA/iono on Day 3 and only received the initial stimulation with the T cell activation
cocktail on Day 0. The PBMCs were washed then stained with the Th17 flow cytometry

panel as described previously (Figure 5.1).

After flow cytometric acquisition, the data were gated on CD3*/CD4" T cells and processed
as shown in Figure 5.1b. CD3*/CD4"* T cells from the four donors that had been cultured
under the same condition and subject to the same PMA/iono stimulation (either
‘Restimulated’ with PMA/iono or ‘Not Restimulated’ with PMA/iono) were concatenated
together. For example, all CD3*/CD4* T cells from PBMCs that were cultured in A549 TCM
and ‘Restimulated’ with PMA/iono from the four donors were concatenated. Each
concatenation was then downsampled to 10,000 T cells and imported into the cytofkit2
package for dimension reduction and FlowSOM clustering. To aid cluster phenotypic

definition, MEMmod was also completed.
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Figure 5.2 Culturing PBMCs in conditioned media experimental and analytic workflows

a) Laboratory experiment workflow. This example workflow shows the experiment for one donor,
culturing PBMCs in the ‘RPMI control’, ‘A549 TCM’ and ‘A427 TCM’ conditions. A full detailed
method can be found in Chapter 2.3.11. A 24 well culture plate is shown here for illustrative
purposes but 48 well plates were used in this experiment. b) Analysis workflow after data
collection by flow cytometry. This example workflow shows concatenations for the ‘RPMI control’,
‘A549 TCM’ and ‘A427 TCM’ conditions. For the ‘PMA/iono restimulation’ row, ‘+’ denotes
‘Restimulated’ and ‘-‘ denotes ‘Not Restimulated’. Full detailed method in Chapter 2.6.6.

5.2.3 High Dimensional Analysis of Flow Cytometry Stained Cultured T Cells

Having shown that a high dimensional approach can distinguish between PMA/iono
unstimulated and stimulated ex vivo CD3*/CD4* T cells, we examined if this approach
could distinguish between PMA/iono ‘Not Restimulated’ and PMA/iono ‘Restimulated’
CD3*/CD4* T cells following three days of culture (Figure 5.3). The UMAPs for the
CD3*/CD4* T cells cultured in RPMI and TCM were generated in the same dimension
reduction run as the ex vivo CD3*/CD4* T cells in Figure 5.1, which are shown again in

Figure 5.3a and 5.3b for comparison.

Similarly to the ex vivo CD3*/CD4* T cell data, the cultured CD3*/CD4"* T cells shown in
Figures 5.3c to 5.3f are also clearly delineated by PMA/iono as expected. The Th17 panel
largely investigates cytokine release, which is low in cells that have not been recently
stimulated and high in those that have. Based on visual assessment of the distribution of
CD3*/CD4* T cells in the density UMAP, the CD3*/CD4" T cells from the RPMI and
conditioned media conditions (Figures 5.3c to 5.3f) appear to be more phenotypically alike
than the ex vivo CD3*/CD4* T cells (Figures 5.3a and 5.3b) both with and without
restimulation. There are smaller differences between the RPMI and conditioned media

conditions. These data show that this approach can distinguish between PMA/iono
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‘Restimulated’ and ‘Not Restimulated’ CD3*/CD4* T cells, and also demonstrate the

differences between ex vivo and three-day cultured CD3*/CD4* T cells.
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Figure 5.3 Examining differences between CD3*/CD4" T cells from ex vivo PBMCs and from
cultured PBMCs using a high dimensional approach

Density UMAPs of CD3*/CD4* T cells filtered by no stimulation (left panels) or stimulation (right
panels). a) b) Show ex vivo PBMC data from Figure 5.1 for comparison. c) — e) Show similarly
filtered data from PBMCs that have been cultured for three days (Chapter 2.3.11), restimulated
with PMA/iono or not (Chapter 2.3.10), then: stained, gated, concatenated, downsampled,
transformed and dimension reduction performed as described in Figure 5.1. c) d) Show data from
PBMCs cultured in RPMI control media. e) f) Show data from PBMCs cultured in all the different
conditioned media.
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We were next interested in examining our overarching experimental question, whether
culturing PBMCs in TCM from NSCLC cell lines with KRAS, STK11 and KRAS/STK11
mutations led to differences in CD3*/CD4* T cell phenotypes, with a particular interest in

Th17 polarisation.

To determine whether any phenotypic differences were already apparent after three days
culture or could only be seen upon PMA/iono restimulation of cultured CD3*/CD4* T cells,
we decided to examine ‘Not Restimulated’ and ‘Restimulated’ cultured CD3*/CD4*T cells
in different UMAP runs (Figures 5.4a and 5.4b respectively). These analyses used the

concatenation strategy from Figure 5.2b.

All the data shown in Figure 5.4 are concatenated and downsampled based on individual
conditions (e.g. ‘A549 Not Restimulated’ or ‘A549 Restimulated’) then filtered to give
UMAPs showing cultured T cells grouped by TCM mutation groups. There are therefore
differences in the total numbers of CD3*/CD4" T cells per UMAP owing to the different
numbers of cell lines and therefore TCM in each mutation group. The ‘RPMI Control’ and
‘HEK293T Control’ conditions only show concatenated T cells downsampled at 10,000 cells

from these individual conditions.

Upon visual analysis, the ‘Not Restimulated’ CD3*/CD4* T cell density UMAP plots in Figure
5.4a show clear differences in distribution of cells between the ‘RPMI Control’ condition
and CD3*/CD4* T cells cultured in TCM from the NSCLC cell lines. The ‘KRAS MT TCM’ plot
appears similar to the ‘WT TCM’ plot in terms of cell distribution. The ‘STK11 MT TCM’ and
‘KRAS/STK11 MTs TCM’ plots are similar to each other, and the distribution of cells shares

similarities to the ‘HEK293T Control’. These data suggest that there are differences in cell
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phenotype following three days of culture in TCM that are apparent without restimulation

of CD3*/CD4* T cells.

As expected, the distribution of cells in the PMA/iono ‘Restimulated’” UMAPs shown in
Figure 5.4b were generally visually different to the ‘Not Restimulated” UMAPs in Figure
5.4a, as these also reflect cytokine production following restimulation. In Figure 5.4b, the
‘STK11 MT TCM’ and ‘KRAS/STK11 MTs TCM’ UMAP plots are again visually similar and are
also similar to the ‘HEK293T Control’ and ‘WT TCM’ plots. The ‘KRAS MT TCM’ plot is most

distinct from the other plots in Figure 5.4b.

This experiment shows that culturing PBMCs in conditioned media from different cell lines
influences CD3*/CD4" T cell phenotype. It also suggests that these differences might also
be linked to NSCLC tumour cell line mutation. These observations therefore warranted

further investigation and quantification to allow statistical comparisons.
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Figure 5.4 CD3*/CD4" T cell densities filtered by KRAS and STK11 mutational subtypes

PBMCs from four donors were cultured in the different conditioned media or RPMI control media from the cell lines shown in Table 5.1, using the
method shown in Figure 5.2a. Cultured PBMCs were either restimulated by PMA/iono or not, then: stained using the Th17 flow cytometry panel and
gated to CD3*/CD4* T cells before concatenation, downsampling of 10,000 T cells and dimension reduction analysis using all features except Viability
Dye-APC-Cy7, CD14-APC-Cy7 and CD19-APC-Cy7 as in Figure 5.2b. The UMAPs are filtered by mutational subtype (Note that ‘WT TCM’ are filtered on
the CALU-3, H292, HCC78, H1299 and H2110 TCM, plot T cell n = 50,000. ‘KRAS MT TCM’ are filtered on the CALU-6 and H441 TCM, plot T cell n =
20,000. ‘STK11 MT TCM’ are filtered on the CAL-12T, H1755, Chago-K-1 and H1563 TCM, plot T cell n = 40,000. ‘KRAS/STK11 MT TCM’ are filtered on
the A549, A427, H460 and H1734 TCM, plot T cell n = 40,000). a) T cells in these density UMAPs were not restimulated by PMA/iono (‘Not
Restimulated’). b) T cells in these density UMAPs were restimulated by PMA/iono (‘Restimulated’).
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5.2.4 Characterising UMAP Regions from Flow Cytometry Stained Cultured T Cells

We next sought to understand and quantify the changes seen in the CD3*/CD4* T cells that
had been cultured in different TCM, grouping by the KRAS and STK11 mutation status of
the cell lines. To do this we needed to understand which markers were expressed on
CD3*/CD4* T cells in the different areas of the UMAPs. To characterise the UMAP regions
we used expression heatmaps of the markers included in the Th17 flow cytometry panel
(locally scaled centred logicle transformed marker expression values), FlowSOM clustering,
MEMmod and conventional flow cytometry gating analysis on the UMAP axes. Figure 5.5

shows these results.

To manually refine the number of FlowSOM clusters (representing different cell
populations), we used the marker expression heatmaps and MEMmod. The MEM package
was used to perform MEMmod which calculates the enrichment of each marker in each
FlowSOM cluster compared to all other cells not in the cluster and gives a score from -10
(highly negatively enriched) to +10 (highly positively enriched) (332). If two clusters were
within +1/-1 MEMmod score for any marker and appeared similar by heatmap

examination, clusters were merged.

Figure 5.5 shows the results of the characterisation of the ‘Not Restimulated’ and
‘Restimulated’ UMAPs shown in Figure 5.4. The T cells in ‘Not Restimulated UMAP 1’
(Figure 5.5a) fall into two main populations delineated by CD127 expression. The CD127-
PE heatmap shows higher CD127 expression in the top half of this plot compared to the

bottom half. Further detail can be seen in Figure 5.5b which shows the same UMAPs
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coloured by FlowSOM clusters with key MEMmod enrichments and important UMAP

regions highlighted, including this ‘CD127"&" region.

The CD3*/CD4* T cells in the PMA/iono ‘Restimulated UMAP 2’ show cytokine driven
differences between areas of the UMAP. The protruding region that is at the top right of
the island is defined by CD3*/CD4* T cells producing TNFa, IL-17A and IFNy as shown in the
heatmaps in Figure 5.5a and is marked as being ‘Cytokine High’ in Figure 5.5b. Clusters 14
to 16 have very high MEMmod enrichments scores for IL-17A, TNFa and IFNy (Figure
5.5b), which is also visualised in Figure 5.5a. Th17 cytokine producing cells are found in
clusters 15 and 16, which have MEMmod scores of +9/+10 for IL-17A, +1/+2 for RORyT
and +1 for CCR6. Though IFNy and IL-17A production were limited to this ‘Cytokine High’
region, cells producing TNFa and expressing CD127 were distributed throughout the top of
‘Restimulated UMAP 2’ (Figure 5.5a). This indicates the presence of cells producing both

multiple and single cytokines.

The bottom left of ‘Restimulated UMAP 2’ contains ‘CD127'°% cells, with negative
MEMmod enrichments. RORyT expression is very high in the ‘Cytokine High’ region,
matching with IL-17A production from cells in these clusters, and very low in the bottom
right-hand region of the island where cytokine production is far lower (Figure 5.5b). From
the heatmaps, the distributions of cells expressing RORyT and CCR6 expression are similar.
Interestingly, the RORyYT heatmap also shows T cells which express RORyT in the centre of

the UMAP that do not produce any of the cytokines analysed.

To confirm the marker expression patterns shown by dimension reduction using FlowSOM

and MEMmod analyses, we applied conventional manual test gating to different regions of
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the UMAPs to analyse expression using two-dimensional dot plots (Figure 5.5c). Two
regions were selected from ‘Not Restimulated UMAP 1’ which varied in their expression of
CD127, and this was visualised in a dot plot vs the other surface marker in the Th17 panel
CCR6. CD3*/CD4" T cells falling into ‘Gate 1’ showed higher CD127 expression than those

in ‘Gate 2’, confirming that the cells in the top of this UMAP express CD127.

Similarly, three regions were selected from ‘Restimulated UMAP 2’ which varied in RORyT
and IL-17A expression. ‘Gate 1’ was drawn in the ‘Cytokine High’ region to capture
CD3*/CD4* T cells expressing IL-17A and RORyT, ‘Gate 2’ captured IL-17A" CD3*/CD4* T
cells with intermediate RORyT expression and ‘Gate 3’ captured CD3*/CD4" T cells that did
not express either IL-17A or RORyT. Dot plot visualisation in Figure 5.5c confirms that
CD3*/CD4* T cells in Gates ‘1’ and ‘2’ have higher RORyT expression and the CD3*/CD4* T
cells in ‘Gate 1’ emerge from the main population in an IL-17A* cloud. This two-
dimensional analysis therefore confirms the UMAP populations identified using dimension

reduction.
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Figure 5.5 Characterising the regions of UMAPs performed on ‘Not Restimulated’ and
‘Restimulated’ CD3*/CD4* T cells

The data for Not Restimulated UMAP 1’ were processed as outlined in Figure 5.4a and the data for
‘Restimulated UMAP 2’ were processed as outlined in Figure 5.4b. a) Top UMAPs show heatmaps
of Th17 flow cytometry panel marker expression without restimulation (‘Not Restimulated UMAP
1’); bottom heatmaps (‘Restimulated UMAP 2’) show marker expression following restimulation.
The logicle transformed marker expression data were scaled locally for each marker and these
data were centred around 0. b) Data coloured by FlowSOM clusters. FlowSOM clustering was
performed (Chapter 2.6.6), k = 15 for ‘Not Restimulated UMAP 1’ and k = 17 for ‘Restimulated
UMAP 2’. The cytofkit2 export data were merged and MEMmod was performed (Chapter 2.6.6).
The MEMmod enrichment scores for each cluster are annotated (e.g. ‘C2’ represents FlowSOM
cluster 2, and ‘RORyT +1’ represents a positive +1 MEMmod enrichment score for RORyT). The
‘CD127"e" (‘Not Restimulated UMAP 1’), ‘Cytokine High’ and ‘CD127"" (‘Restimulated UMAP 2’)
regions were manually annotated based expression levels. ¢) Data were imported into FlowlJo.
CD3*/CD4" T cells from selected UMAP regions were analysed for their expression of CD127 vs
CCR6 (‘Not Restimulated UMAP 1’) and RORyT vs IL-17A (‘Restimulated UMAP 2’) using bivariate
plots to confirm the patterns of marker expression defined by the heatmap, FlowSOM and
MEMmod analyses.

5.2.5 Quantifying UMAP Gated Cultured T Cells by Conditioned Media Cancer Gene
Mutations

We next wanted to quantify the different phenotypes of CD3*/CD4* T cells in the different
regions of the two UMAPs. To do this we gated on different UMAP regions and analysed

the percentages of CD3*/CD4* T cells within these populations. The gates on Figure 5.6
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were drawn on pseudocolour density plots but are shown on red coloured Zebra plots in

Figure 5.6 for greater visibility.

In ‘Not Restimulated UMAP 1’ CD127 expression is a key delineating marker, so we
therefore gated the ‘CD127"&" and ‘CD127'°% CD3*/CD4* T cell populations (Figure 5.6a).
CD127'°% CD3*/CD4* T cells may represent iTregs in this UMAP, although to confirm this
we would need to expand the Th17 flow cytometry panel to also profile other Treg

markers and repeat these experiments.

As CD3*/CD4* T cells in ‘Restimulated UMAP 2’ show cytokine driven differences, we gated
cells falling into the previously mentioned ‘Cytokine High’ region (Figure 5.6b). To
investigate Th17s we gated two populations based on expression of RORyT and
production of IL-17A. The ‘RORyT*/IL-17A* population represents canonical Th17s that
can produce IL-17A. A second ‘RORyT*/IL-17A™ population represent either Th17s that are
unable to produce IL-17A, or potentially a subgroup of Th17s with regulatory features that
do not express CD127 (217, 220, 241, 486, 487). Like the gating in ‘Not Restimulated
UMAP 1’, we also gated ‘CD127"&" and ‘CD127'"°% CD3*/CD4* T cell populations in

‘Restimulated UMAP 2’ (Figure 5.6b).

We examined RORyT expression using logicle transformed MFI values to confirm the
differences in RORyT expression between the two Th17 populations in the right-hand plot
in Figure 5.6b. This shows that Th17s that produce IL-17A (RORyT*/IL-17A*) have
significantly higher RORyT expression than Th17s that do not produce IL-17A (RORyT*/IL-
17A°). CD127"eM and Cytokine High gated T cells also have significantly higher RORyT

expression compared to the RORyT*/IL-17A Th17s, as the high expressing RORyT*/IL-17A*
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Th17s are included in these gates. RORyT*/IL-17A  Th17s had higher RORyT expression

compared to CD127'°% putative iTregs (Figure 5.6b).

There was no difference between RORyT expression between the CD127"8" and CD127'°%

T cells in the right-hand plot in Figure 5.6a.
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Figure 5.6 Gating UMAP populations of CD3*/CD4"* T cells

Positional and marker expression cytofkit2 export data from all CD3*/CD4* T cells from all
conditions were imported into FlowlJo, and gates were drawn (left-hand UMAP plots). These gates
were copied onto the UMAPs for each individual condition concatenation except the RPMI control
(e.g. ‘Not Restimulated A549 TCM’ or ‘Not Restimulated H1563 TCM’), and logicle transformed
RORyT MFI values were calculated for the T cells in each gate in each condition. These MFI values
were grouped by gates (n = 16 conditions per gate group, right-hand boxplots). All statistical
comparisons by unpaired two-sample Wilcoxon tests. a) The data for ‘Not Restimulated UMAP 1’
were processed as outlined in Figure 5.4a. CD127"&" and CD127"°" gates were drawn. b) The data
for ‘Restimulated UMAP 2’ were processed as outlined in Figure 5.4b. CD127"e", CD127'"Y,
Cytokine High, RORyT*/IL-17A* and RORyT*/IL-17A" gates were drawn.

The populations gated in ‘'UMAP 1’ and ‘UMAP 2’ were subsequently quantified and

compared by grouping by TCM cell line mutations to investigate whether culturing T cells

242



in TCM from NSCLC cell lines with KRAS and/or STK11 mutations led to differences in T cell

polarisation.

Figure 5.7 shows the data analysed from both the ‘Not Restimulated’ condition and the
PMA/iono ‘Restimulated’ condition sub-divided into mutation subgroup. Although we did
not find any significant differences with the small number of cell lines available, we did
observe some interesting trends for further future investigation with a greater number of

cell lines.

Figure 5.7a shows a non-significant increase in RORyT*/IL-17A Th17 cells cultured for
three-days in TCM from cell lines with KRAS/STK11 mutations compared to those cultured
in TCM from WT cell lines (p = 0.1905). There were no differences in the percentages of
CD3*/CD4* T cells within the RORyT*/IL-17A* and Cytokine High gates between the

different mutation groups.

Figure 5.7b shows a similar non-significant increase in the percentages of CD127'°%
CD3*/CD4* T cells, which potentially represent iTregs, cultured in TCM from cell lines with
KRAS/STK11 mutations compared to those cultured in TCM from WT (Not Restimulated).
Although this was not seen following PMA/iono restimulation. Conversely, there were
non-significant decreases in the percentages of CD127"&" CD3*/CD4* T cells cultured in
TCM from KRAS/STK11 mutant cell lines (Not Restimulated and Restimulated) and STK11

mutant cell lines (Restimulated) compared to culturing in WT TCM.

Overall, these findings potentially show both an increase in RORyT*/IL-17A" Th17s and
CD127"% iTregs from PBMCs cultured in TCM derived from cell lines with KRAS/STK11

mutations. However, such experiments need repeating with larger numbers of cell
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lines/group to determine whether these observations are significant, and Treg markers
should be incorporated into the Th17 flow cytometry phenotyping panel to verify

increased iTregs.
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Figure 5.7 Comparing percentages of gated CD3*/CD4* T cell populations grouped by NSCLC cell
line mutational subtypes

Data were processed

as outlined in Figure 5.4 and gated as described in Figure 5.6. Gates were

copied onto the UMAPs for each TCM individual condition concatenation. The percentages of
gated CD3*/CD4*T cells from the individual conditions were grouped by KRAS and STK11
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mutational subtypes (WT n =5 grey coloured boxes, MT n = 10 red boxes, KRAS MT n = 2 orange
boxes, STK11 MT n = 4 gold boxes, KRAS/STK11 MTs n = 4 purple boxes) and statistically compared
by unpaired two-sample Wilcoxon tests. p values for WT vs MT comparisons are shown
throughout this Figure, and p values for other comparisons are only shown if <0.2. a) Data from
‘Restimulated UMAP 2’. b) Data labelled ‘Not Restimulated’ is from ‘Not Restimulated UMAP 1’,
and data labelled ‘Restimulated’ is from ‘Restimulated UMAP 2’.

5.2.6 Profiling Cell Line Conditioned Media for Type 17 Immunity Related Cytokines and
Chemokines

To assess whether NSCLC cell lines with different mutations may release soluble factors
such as cytokines and chemokines that may drive T cell polarisation, we designed a
Luminex immunoassay multiplex panel to quantify 21 cytokines and chemokines related to
different aspects of type 17 immunity. This was used to profile TCM collected from all the
cell lines alongside the RPMI ‘Culture Media Control’, a diluent blank control and HEK293T
conditioned media. As a control for cytokine detection in the Luminex assay, we also
included media collected from ex vivo PBMCs that had been stimulated to produce

cytokines.

The ‘PBMC Stim’ control was subject to a four-hour PMA/iono stimulation without the
addition of Brefeldin A to allow for extracellular cytokine release, then the PBMCs were
pelleted and the cytokine rich supernatant extracted as a positive control. The ‘PBMC
Unstim’ control was simultaneously generated by leaving PBMCs in culture media for the
four-hour incubation but without PMA/iono stimulation or Brefeldin A. To confirm that
this stimulation had worked we treated two more tubes of PBMCs in parallel, this time
adding Brefeldin A, and stained the cells using the Th17 flow cytometry panel to detect
IFNy, IL-17A and TNFa production. Figure 5.8a shows that this stimulation method was

successful and these cytokines were clearly produced by the stimulated PBMCs.
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We then performed the Luminex experiment with the TCM, control culture media and ex
vivo PBMC media, and measured analyte concentrations against analyte standard curves.
Figures 5.8b to 5.8e show the analyte quantification with each point on the plot
representing a different control or conditioned media which have been grouped by cell
line mutation. All analytes were successfully detected in either the controls or conditioned
media, except for IL-12p70 which was only detected in the standards. IL-1pB, IL-10, IL-17A,
TNFa, IFNy and IL-21 are shaded as these cytokines were only detected in the PBMC
controls and were not found in any conditioned media. Although cytokines and
chemokines were clearly detected in TCM, we found no associations between the
presence of specific analytes and mutational groups of cell lines. Nevertheless, Figures 5.8f
and 5.8g show that IL-6 and CXCL8, which are associated with Th17 polarisation and
neutrophil recruitment respectively, are secreted by the majority of the NSCLC cell lines.
IL-6 can be found in especially high concentrations in TCM from two cell lines with STK11
mutations (green bars) and two with KRAS/STK11 mutations (orange bars). The
concentrations of IL-6 in TCM from these 2/4 cell lines with STK11 mutations and 2/4 cell
lines with KRAS/STK11 mutations were higher than the highest assay standard (marked by
an ‘x’) (Figure 5.8f). CXCL8 is found in very high concentrations in most TCM from NSCLC
cell lines, and these concentrations are higher than the highest stand for 7/12 TCM with

detectable CXCL8 (Figure 5.8g).
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Figure 5.8 Quantifying type 17 immunity related cytokines and chemokines in TCM

a) PBMCs were stimulated for cytokine release (in parallel with the Luminex ‘PBMC Stim’ control),
stained with the Th17 flow cytometry panel and gated to the ‘Lymphocytes Gate’ (Figure 2.4). b) —
e) Luminex quantification of type 17 immunity related analytes was performed on control media
(RPMI, PBMC Unstim, PBMC Stim or HEK293T) and TCM from WT b), KRAS MT c), STK11 MT d),
KRAS/STK11 MTs e) cell lines as described in Chapter 2.7.2. These plots show the concentrations of
the different analytes which are coloured/annotated by TCM mutational status or control media.
The analytes greyed out were only detected in PBMC supernatant. f) same as b) — e) except this
plot shows the IL-6 concentration detected in each sample (WT = blue bars, KRAS MT = red bars,
STK11 MT = green bars, KRAS/STK11 MTs = orange bars). g) same as f) except shows CXCL8
concentrations.

Although the Luminex experiment did not highlight any cytokines or chemokines that
were associated with cell lines with KRAS and STK11 NSCLC cancer gene mutations, we
were interested in elucidating any patterns of coordinated analyte expression that could
link the cell lines. We therefore performed PCA on the quantified analyte concentrations

to find cell lines with similar cytokine/chemokine profiles.

The PCA plot in Figure 5.9a was generated from the conditioned media from all the NSCLC
cell lines and the HEK293T cells. The PC1 and PC2 principal components accounted for the
majority of variance in the dataset (all other principal components each accounted for
<11% of the variance in the dataset). Of the two main principal components, PC1

accounted for 46.5% of the variance and this was ascertained to be overall analyte
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concentration. The cell lines that secreted the high concentrations of most cytokines and
chemokines had lower PC1 scores and those that secreted lower concentrations or less
cytokines and chemokines had higher PC1 scores. We were unable to confidently
determine the reason for variance in PC2. The cell line conditioned media marked on
Figure 5.9a clearly associate into two groups, termed ‘PCA Group 1’ and ‘PCA Group 2.
Interestingly, 4/5 conditioned media from the cell lines in both PCA Group 1 and PCA
Group 2 have KRAS and STK11 mutations. Typically, the TCM from WT cell lines were not
found within these groups and only two TCM from cell lines with mutations (CALU-6 and

H460 cells, KRAS and KRAS/STK11 mutations, respectively) did not fall within these groups.

We then re-examined the analyte quantification data to determine which analytes were
linked with PCA Group 1 and PCA Group 2. We detected CCL2 expression in 2/5 of the
conditioned media in PCA Group 1 and 0/5 of the TCM in PCA Group 2, whereas we
detected GM-CSF expression in 5/5 of the TCM in PCA Group 2 and 0/5 conditioned media
in PCA Group 1 (Figure 5.9b). Statistical analysis in Figure 5.9b shows that the TCM in PCA
Group 2 have significantly higher concentrations of GM-CSF, IL-6, CXCL8, IL-23 and CCL20,

as well as CXCL1 and IL-2, compared to the conditioned media in PCA Group 1.

Having found two groups of cell lines with KRAS and STK11 mutations which secrete and
do not secrete type 17 immunity related cytokines and chemokines (PCA Groups 2 and 1
respectively), we were interested in whether the cytokines present in the TCM may have a
greater effect on T cell polarisation than the mutational subtype of the cell lines alone. We

therefore re-grouped the data from the previous experiment culturing PBMCs in
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conditioned media, this time considering whether the cell lines did or did not secrete type

17 immunity related cytokines and chemokines.

Although this comparison showed no significant differences in CD3*/CD4* T cell
phenotypes between PBMCs cultured in TCM from cell lines in PCA Group 1 vs 2 (Figure
5.9¢), the percentages of CD3*/CD4* T cells in the RORyT*/IL-17A" gate was higher in PCA

Group 1 then in PCA Group 2. However, this failed to reach significance (p = 0.1508).

Overall, we did not see a difference in the concentrations of type 17 immunity related
cytokines and chemokines present in TCM conditioned by NSCLC cell lines of different
mutational subtypes. Nevertheless, PCA did uncover a potential added layer of
heterogeneity with regard to cytokine/chemokine production from NSCLC cells with KRAS
and STK11 mutations. Thus, the cell lines grouped in PCA Group 2 secrete more type 17
immunity related cytokines and chemokines compared to those group in PCA Group 1,

and these are also found at significantly higher concentrations.
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Figure 5.9 Grouping conditioned media by patterns of cytokine and chemokine expression and
examining the T cell phenotypes associated with culturing in PCA groups of conditioned media

a) PCA generated from analyte concentrations from the Luminex experiment (Figure 5.8). Data
from non-zero features (CCL2, CCL20, CXCL2, GM-CSF, IL-6, IL-22, VEGF-D, CCL4, CXCL1, G-CSF, IL-2,
CXCLS, IL-23 and VEGF-A) were passed to the prcomp() function (stats package), then were
centred and scaled to give a normal distribution (mean = 0, variance = 1) and PCA was performed.
Loading plot arrows were shown. Conditioned media were coloured by cell line mutational
subtype and two PCA groups were manually annotated. b) Analyte concentrations were plotted,
and points were coloured by the two PCA groups defined in part a) (PCA Group 1 red, PCA Group 2
blue). Analyte concentrations were compared between the two PCA groups by unpaired two-
sample Wilcoxon tests and p values were annotated if a difference was significant. c) Boxplots
showing the flow cytometry data from the PBMCs cultured in different conditioned media that had
been restimulated with PMA/iono (‘Restimulated UMAP 2’, processed as described in Figure 5.4b
and gated as described in Figure 5.6b), grouped based on whether individual conditioned media
from that cell line were classified as PCA Group 1 or PCA Group 2 in the Luminex PCA analysis from
part a). Differences in percentage gated CD3*/CD4"* T cells were statistically compared between the
two PCA groups using unpaired two-sample Wilcoxon tests.
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5.3 Discussion

Understanding the mechanisms that drive distinct immune microenvironments in tumours
carrying different genetic mutations is important to inform the development of therapies
that can manipulate these mechanisms to encourage anti-tumour responses and

discourage pro-tumour responses.

In earlier work (Chapters 3 and 4) we demonstrated increased frequencies of RORyT*
lymphocytes in LUAD tumours with KRAS and/or STK11 mutations compared to tumours
without these mutations. T cell plasticity between the Th17/iTreg balance is known to be
skewed by cytokines or secreted factors (215, 237-239, 246, 253, 260, 261). Chapter 4 also
identified that ILC3s might be an important subset of RORyT* lymphocytes in LUAD
tumours, but we were unable to investigate ILC3s as our Th17 flow cytometry did not
include all the required markers to gate lineage™ cells. To investigate ILC3s we would have
to repeat these experiments with a revised flow cytometry panel. Concentrating on Th17s,
we therefore developed an in vitro assay culturing PBMCs in conditioned media from
NSCLC cell lines as a first step in investigating whether soluble factors preferentially
released by tumour cells carrying mutations in the KRAS or STK11 genes could cause T cell

polarisation.

To our knowledge, studying how T cell phenotypes change after culture in TCM from
NSCLC cell lines with different cancer mutations has not previously been examined in the

literature.
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5.3.1 Characterising UMAP Regions and Quantifying Populations of Cultured T Cells by
KRAS and STK11 Tumour Conditioned Media Mutational Subtypes

We firstly optimised a Th17 focused multicolour flow cytometry panel and validated a high
dimensional approach to analyse the data, using ex vivo PBMCs stimulated with
PMA/iono. This method clearly distinguished phenotypic differences between

unstimulated and stimulated PBMCs, largely driven by induction of cytokine production.

This was then applied to PBMCs that had been previously stimulated with anti-CD3 and
anti-CD28 and cultured for three days in conditioned media harvested from fifteen NSCLC
cell lines of varied KRAS and STK11 mutational status, one control epithelial cell line and
control media. Although the anti-CD3 and anti-CD28 T cell activation cocktail has a
substantial impact on T cell phenotype (488), its use was necessary for T cell survival
during the three-day culture which was consistent across all conditions. We chose to
culture PBMCs instead of a purified CD3*/CD4* T cell population so not to exclude any
interactions with APCs including DCs, monocytes or B cells that may be important for T cell
polarisation. These PBMCs were then restimulated or not restimulated after the three-day

culture.

It should noted that PMA/iono stimulation potently induces secretion of IFNy, TNFa, IL-2,
IL-6 and IL-17A, but not Treg cytokines such as IL-4 and IL-10 (489-491). Care should
therefore be taken when comparing PMA/iono cytokine secretion findings to other

stimulation systems.

Nevertheless, using this system, we found that CD3*/CD4* T cells from PBMCs cultured for

three days in TCM were phenotypically different to ex vivo CD3*/CD4* T cells and to
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CD3*/CDA4* T cells cultured in control media, both with and without restimulation with

PMA/iono (Figure 5.3).

Changes in T cell phenotype were not unexpected as previous studies have shown that
culturing leukocytes in TCM can induce T cell IFNy secretion and TIM-3 expression and
polarise macrophages to an M2 phenotype (492, 493). Voigt et al (213) showed that TCM

from breast and NSCLC cell lines stimulated IL-22 release from T cells via AHR and RORyT.

Upon further analysis, we saw visual differences in the distributions of CD3*/CD4* T cells
on the UMAPs filtered into subgroups based on the KRAS and STK11 mutational status of
the NSCLC cell lines (Figure 5.4). This was independent of PMA/iono restimulation as

differences were seen purely following culture in the ‘Not Restimulated’ cells.

To quantify these differences between mutational subgroups of NSCLC cell lines, we
characterised the expression of markers from the Th17 flow cytometry panel within
different regions of the UMAPs. Regions of marker expression were initially identified
from the UMAPs of the total concatenated data from the three-day cultured cells (Figure

5.5).

We found that CD127 (IL-7R) expression was clearly differentially expressed between
different regions of both UMAPs generated from cells that were either not restimulated
(UMAP 1) or from cells that were restimulated with PMA/iono (UMAP 2) (Figure 5.5). As
CD127 is negatively correlated with FoxP3 expression (266), this also provides an
estimation of the position of Treg populations on the UMAP axes although inclusion of
further markers such as CD25 and FoxP3 would be required to fully define Treg

populations. Defining clear cut RORyT* T cell populations to allow comparison between
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the two UMAPs was more difficult, largely because PMA/iono stimulation increased the

expression of Th17 panel markers including RORyT.

With regard to cytokine expression, as expected, this was generally very low in the
cultured CD3*/CD4* T cells that had not been restimulated with PMA/iono shown in UMAP
1 (Figure 5.5a). The local marker scaling unfortunately exaggerates expression which is low
across the board. Furthermore, it is likely that low level cytokine expression is a result of
residual activation from the initial anti-CD3 and anti-CD28 T cell activation cocktail at the

start of the experiment.

Considering cytokine and CD127 expression from the PMA/iono restimulated CD3*/CD4* T
cells, we defined three important regions within UMAP 2 (Figure 5.5b). This included a
‘CD127"°" region which might represent FoxP3* iTregs (265, 266, 494). We also defined a
focused ‘RORyT*/IL-17A* region encompassing cells that highly express RORyT and
produce IL-17A, characteristic of the Th17 subset of CD4* T cells. These cells were also
CD127*, supporting a previously reported relationship between CD127 and the production
of Th17-related cytokines, especially IL17A and TNFa (479-482, 495, 496). Interestingly we
also identified another region of cells with weaker RORyT expression that did not express

CD127 or produce IL-17A, termed ‘RORyT*/IL-17A".

This RORyT*/IL-17A" population may represent suppressed Th17s which are unable to
produce Th17 cytokines and do not express CD127 or could potentially be one of the novel
RORyT* Treg populations described in the literature (217, 220-223, 226, 241, 486, 487).
One such population are Tr17s that co-express FoxP3 and RORyT and express CCR6 have

been observed in mice and humans, including in NSCLC patient blood (226). Tr17s secrete
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lower quantities of IL-10 and have been suggested to be less immunosuppressive
compared to conventional Tregs (221, 223, 226). However, Tr17 cells have also been
reported to secrete IL-17A (221-223, 226). The other major FoxP3*/RORyT* Treg
population RORyT* Tregs are more suppressive than Tr17s. RORyT* Tregs express CCR6
and are CD127'°% but do not secrete IL-17A (217, 220, 241, 486, 487). This better matches
our observed phenotype following TCM culture, however this experiment would need to

be repeated to include FoxP3 profiling to make this conclusion.

We then applied these regions to the UMAPs filtered by KRAS and STK11 mutational
subtypes, to investigate differences in CD3*/CD4* T cell phenotypes following culture in
TCM from NSCLC cell lines with different mutations. Although the results of these analyses
were not statistically significant with the small number of cell lines available per group, we
did see some interesting trends that warrant further investigation with larger numbers of

cell lines.

The key observations were that culturing T cells in TCM from KRAS/STK11 mutant cell lines
was associated with higher percentages of CD3*/CD4* T cells in both the ‘RORyT*/IL-17A”
and ‘CD127'°% gates, with an associated decrease of ‘CD127"&" T cells (Figure 5.7). This
indicates that there is likely a greater fraction of suppressed or potentially regulatory
Th17s and iTregs following culture in KRAS/STK11 TCM. Single-cell RNA-Seq at different
timepoints during T cell polarisation shows that it takes 5 days for full polarisation to Th17
or Treg phenotypes but that measurable transcriptional changes occur after 16 hours
(488). Whether our three-day experiment is long enough for Th17/iTreg

transdifferentiation to fully occur is not known. Alternatively, there could be better
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maintenance of particular T cell subsets in KRAS/STK11 TCM. Further investigations are
required both to confirm these changes in T cell subsets and to formally identify the cell

types involved.

With further confirmation, these findings would support a long-standing association of
increased Tregs in tumours with KRAS/STK11 mutations in studies on both humans and
mice (115, 183, 189). Furthermore, mouse lung tumours with KRAS mutations have higher
numbers of RORyT expressing Tregs compared to WT tumours, and depleting these cells
reduced tumour burden, suppressed M2 macrophages, upregulated MHC class Il and
increased cytotoxic lymphocyte infiltrates (497). However, it is not clear whether the Tregs
investigated in this previously mentioned study are RORyT* Tregs or Tr17s, which are also

associated with KRAS driven lung cancer mouse models (498).

5.3.2 Profiling Tumour Conditioned Media-Derived Cytokines and Chemokines by KRAS
and STK11 Tumour Conditioned Media Mutational Subtypes

We next investigated the presence of soluble factors such as cytokines/chemokines in the
NSCLC cell line derived TCM that may lead to CD3*/CD4* T cell polarisation (157, 250, 260,

488).

We found that NSCLC TCM do not contain IL-1B, IL-10, IL-12p70, IL-17A, IL-21, TNFa and
IFNy (Figure 5.8), and contain variable concentrations of most other cytokines but with no

link to KRAS and/or STK11 mutational status.

Of interest, we found high concentrations of the Th17 polarising cytokine IL-6 and the

neutrophil chemoattractant CXCL8 in TCM from most NSCLC cells lines, but especially in
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TCM from cell lines with STK11 and KRAS/STK11 mutations (Figure 5.8). In the literature,
constitutive secretion of IL-6 and CXLC8 has been reported from several different cancer
cell lines, including NSCLC (492, 499, 500). However, this has not been previously linked to
the genetic mutational profile of the cell lines. Regarding a potential mechanism, IL-6 and
CXCL8 production might be regulated by STAT3 and MEK signalling driven by KRAS/STK11
mutations. Dysregulated mTORC1 signalling resulting in STAT3 hyperactivation has been
shown to induce /L6 and CXCL8 transcription, as has KRAS driven MEK pathway activation,
and NF-kB signalling in the case of CXCL8 expression. Autocrine IL-6 signalling can further
activate STAT3 and stimulate IL-6 production (98, 205, 421-427). Moreover, MEK signalling
intermediates can cause IL-6R shedding, thereby allowing IL-6 trans-signalling in other
cells via IL-6R complexing with the ubiquitously expressed glycoprotein 130 (422, 428-
430). In addition to their roles in Th17 differentiation and neutrophil recruitment, IL-6 and
CXCL8 autocrine signalling can induce IL-17RA expression, potentiating additional IL-17-

mediated STAT3 activation and inflammatory effects (457, 501).

5.3.3 Uncovering Heterogeneity in the Secretion of Cytokines and Chemokines from
Non-Small-Cell Lung Cancer Cell Lines with KRAS and STK11 Mutations

Finally, we performed PCA on the TCM Luminex quantification data to further investigate
any potential patterns of cytokine/chemokine expression that could link the cell lines. This
gave two tight PCA groups both associated with KRAS and STK11 mutations, whilst TCM
from control cell lines without these mutations were distributed through the PCA plot

(Figure 5.9). PCA Group 2 expressed significantly higher levels of type 17 immunity related
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cytokines/chemokines compared to PCA Group 1. An interesting difference between these
PCA groups is the nature of the specific KRAS mutations in the cell lines. This may provide
a mechanism for the differential levels of cytokine/chemokine production seen. Smith et
al (76) compared the transcriptional signatures of MEFs transfected with KRAS genes with
different mutations, finding that G12 mutations and G13 mutations cluster differently. An
explanation for this is that specific KRAS mutations have differences in KRAS GTPase

kinetics (72).

We found that A549 cells with the G12S mutation group with A427 cells with the G12D
mutation in PCA Group 1, whilst H1734 and H441 with G13C and G12V respectively fall in
PCA Group 2. Although the grouping of H441 (G12V) with H1734 (G13C) rather than the
other cell lines with G12 mutations initially appears unexpected, this may not be the case.
Stolze et al (72) showed that G12V, G13C and G12C mutations all have a greater affinity
for GTP compared to other codon 12 and 13 mutations, such as those found in A549 and
A427. Interestingly, the two cell lines with KRAS mutations that do not group with either
PCA Group 1 or 2, H460 and CALU-6, harbour Q61H and Q61K mutations. Q61 mutations
were shown to have the highest GTP affinity and slowest hydrolysis speed, indicating high
levels of KRAS signalling in cells with these mutations (68, 72). This suggests that
differential KRAS GTPase signalling activity may influence NSCLC cell line

cytokine/chemokine secretion.

Supporting this notion, the H441 and H1734 cell lines in PCA Group 2 are addicted to KRAS
signalling and are dependent on KRAS for growth, whilst A549s and A427s (PCA Group 1)

are not (53).
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Rather, another study showed that KRAS mutant NSCLCs that are KRAS independent are
instead dependent on STK11 and KEAP1 mutations and are reliant on antioxidative
glucose rewiring (102, 502). These KRAS independent A549 and A427 cell lines are reliant
on glutathione production via the TCA cycle from glutamine and a-ketoglutarate, and have
undetectable expression of STING (15, 90, 119, 126). Despite this, LKB1 loss may not be
the only delineating factor as 3/5 PCA Group 2 cell lines also have LKB1 loss compared to

4/5 PCA Group 1 cell lines.

Given the higher concentrations of Th17 polarising cytokines in the TCM from PCA Group
2 cell lines, it could be expected that increased ‘RORyT*/IL-17A* Th17s would be present
following PBMC culture. However, this was not the case. Interestingly, we did find
increased ‘RORyT*/IL-17A” Th17 cells following culture in conditioned media from PCA

Group 1 cell lines compared to PCA Group 2, but this was not significant (Figure 5.9c).

A lack of type 17 immunity related cytokines and chemokines in the TCM from this group
suggests that the presence of these ‘RORyT*/IL-17A” Th17s is not due to any of our
screened secreted factors. Alternatively, this could be due to different dosages of our
profiled secreted factors, other unprofiled signalling molecules like TGFB which we could

not include into our Luminex panel, or an unmeasured metabolite.

5.3.4 Summary
Overall, in this Chapter we investigated whether soluble factors in TCM collected from
NSCLC cell lines with KRAS and STK11 mutations can induce T cell polarisation. Whilst we

did not observe significant polarising differences in gated T cell populations cultured in
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KRAS and STK11 mutational subtypes of TCM, we found increases in RORyT*/IL-17A T cells
— which might represent suppressed Th17s or RORyT* Tregs — and CD127'"°" putative iTregs

associated with these mutations (216-220, 241, 486, 487).

Profiling type 17 immunity related cytokines/chemokines showed that IL-6 and CXCL8 are
ubiquitously secreted at high concentrations by NSCLC cell lines, and PCA revealed two
distinct groups both linked to KRAS and STK11 mutations, differing in their concentrations
of cytokines/chemokines revealing an added layer of complexity above mutational status
alone. Re-grouping the data from the experiment culturing T cells by these PCA groups
surprisingly showed no significant differences in T cell phenotypes between PCA groups,
but a non-significant induction in RORyT*/IL-17A" T cells in the group with lower

concentrations of the profiled cytokines/chemokines.

The mechanism behind the presence of these RORyT*/IL-17A" T cells remains unclear.
Differences in cytokine/chemokine release, KRAS dependency and GTPase activity, and
requirement for LKB1 loss indicates substantial signalling and metabolic differences
between the PCA grouped cell lines. Therefore, it is possible that RORyT*/IL-17A" T cells
are supported by an unprofiled metabolite found in TCM. Future work would confirm Treg
statuses by FoxP3 staining and focus on uncovering the reason behind this immune

phenotype by investigating unprofiled factors and metabolites.
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6. Final Discussion

Ever since researchers recognised that solid tumour immunosurveillance occurs, it has
been suggested that tumour cells — driven by oncogenic cancer gene alterations — can
invoke immunomodulation by interacting with and manipulating intratumour immune
cells. As these cancer gene alterations are the fundamental drivers of the aberrant cellular
processes that define different tumour phenotypes, it is likely that specific cancer gene
alterations are linked to distinct immune phenotypes. Thus, evidence from CRC showed
that tumours with POLE mutations were associated with expression of immune genes that
indicated high TILs, but that tumours with KRAS mutations had reduced expression of

immune genes linked with CD4* T cell responses (197).

Here we examined the relationship between LUAD cancer gene mutations and immune
gene expression, termed immune signatures. We showed similar high HLA expression in
the immune signatures for cancer genes encoding RTKs, MET and EGFR, which are subject
to gain of function mutations (11, 37). Yet, the opposite was true for KRAS mutations
which also drives downstream RTK signalling in a ligand independent manner (38).
Although it might be expected that different mutations that all ultimately activate RTK
signal transduction would elicit similar immune signatures, there is an added layer of
signalling heterogeneity. This is observed clinically, as although EGFR and KRAS mutations
are typically mutually exclusive, tumours with EGFR/KRAS mutations do not respond to
EGFR targeted therapies and inhibitors (11). These findings indicate differences in immune

contextures and further highlight the need for mutational screening of LUAD tumours in
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routine clinical practice to enable prescription of appropriate treatment regimens (360).
Altogether, better knowledge of cancer gene associated immune signatures and

understanding of the TME can inform rational immunotherapy stratification.

Like KRAS driven CRC, we provided evidence of a lack of immune gene expression in KRAS
driven LUAD, as well as STK11 mutant LUAD (49, 115, 126, 197, 316, 401, 403-405). LKB1
loss was particularly associated with a ‘cold’ immune microenvironment, and we found
that tumours with STK11 mutations have low expression of HLA genes and the genes
encoding PD-1 and PD-L1. Clinically, tumours with STK11 mutations do not benefit from
immunotherapies including PD-1/PD-L1 blockade (115). Therapies that modulate
epigenetic regulation could change this, as histone deacetylase inhibitors can restore HLA
class Il expression by upregulating CIITA expression (148, 503), and DNA methyltransferase
inhibitors can stop LKB1-mediated STING silencing (126, 403). The literature suggests that
these in combination with STING agnoists, would greatly increase PD-L1 expression and
could re-sensitise these tumours to PD-L1 blockade (126, 403). These effects might be
further augmented by chemokine therapies to increase the numbers of intratumoural T

cells and by the depletion of TANs (189, 414).

We also uncovered evidence of the previously reported mutational synergy between KRAS
and STK11 in tumours with concomitant KRAS/STK11 mutations (49, 115, 124, 125, 189,
316), regarding tumour immune infiltration and significantly increased expression of
RORC. As KEAP1 mutations can also co-occur with KRAS/STK11 mutations, which further

enhance tumour antioxidative properties and negatively regulate STING, future work
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should assess RORyT mRNA and protein expression in KRAS/STK11/KEAP1 mutant tumours

(15, 49, 102, 116-118, 504).

Performing IHC staining for RORyT protein expression supported our findings at the
transcriptional level, showing increased abundances of RORyT* lymphocytes in tumours
with KRAS and STK11 mutations. High RORyT* lymphocyte abundances were also found in
tumours without whole genome duplications. As whole genome duplications occur in
early-stage LUAD, RORyT* lymphocytes might be of an increased prevalence in very early-
stage disease and Tregs might support a late-stage suppressive TME (246). Additional
tumour resections from molecularly profiled patients with subclinical and stage Il1/1V

LUAD would allow us to investigate this.

High RORyT* lymphocyte abundances were also specifically associated with poor patient
0S. Evidence from the literature suggests that IL-17A secreted from RORyT" cells including
Th17s, y617s and iNKT17s can result in reduced patient survival, by activating STAT3,
inducing EMT as well as recruiting TANs and MDSCs (230, 231, 239, 276, 285, 287, 288,
291, 293, 294, 296, 297, 304, 432, 462). Furthermore, IL-22 is also linked to STAT3
activation, and IL-17A-induced CXCL8 also aids suppressive myeloid lineage recruitment
(245, 275, 285, 298-302). We also found potential evidence of intratumoural RORyT*
ILC3s. Whilst ILC3s are known for their LTi-like properties and their tumour localisation
may indicate a role in TLS induction/maintenance, we did not observe any differences in
TLS density in tumours with KRAS and STK11 mutations. Instead, as ILC3s are a key subset
of RORyT* lymphocytes that also secrete pathological IL-17A, IL-22 and CXCLS, it is possible

that these cells contribute to poor patient prognosis (172, 174, 443, 467-470).
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As RORyT* lymphocytes appear to perpetuate and potentially enhance hyperactive STAT3
signalling in patient tumours with KRAS and STK11 mutations, using STAT3 inhibitors or
neutralising IL-17A, IL-22 and CXCL8 may be appropriate strategies for these patients (213,
302, 505-508). RORyT antagonists are another therapeutic option, although these small
molecules have not yet been rigorously tested in humans and may not inhibit IL-22
secretion (230, 509). Furthermore, we found that NSCLC cell lines secreted high
concentrations of IL-6 which can further enhance STAT3 signalling by autocrine and
paracrine mechanisms, as well as polarise naive T cells to Th17s. Therefore, neutralising IL-
6 directly or using tocilizumab to inhibit IL-6R could be another important intervention

(189, 414, 510).

A key advantage of IHC phenotyping is the ability to pinpoint cellular localisations, albeit at
the expense of a limited number of markers and variable qualities of fixed tissue. To
improve this, new techniques such as imaging mass cytometry would offer more detailed
phenotyping of RORyT* lymphocytes from tissue sections, however this approach remains
expensive and low-quality tissue can still affect staining. An alternative approach that
would retain tissue quality is analysis of dissociated fresh ex vivo NSCLC tumours. By
designing multiple flow cytometry or cytometry by time of flight panels, future work could
phenotype Th17s, ILC3s and Tregs from tumoural suspensions from tumours with
different mutations. Whilst this was not possible in this thesis due to the lack of routine
sequencing of LUAD tumours, it will become achievable when targeted mutational
screening becomes a reality in the clinic. With reduced sequencing costs weighed against a
growing need for stratification, the availability of fresh NSCLC tumours with biopsy

confirmed KRAS and STK11 mutations will increase.
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In the absence of TCM from fresh tumours with KRAS and STK11 mutations, we developed
an in vitro system to study potential T cell polarisation in which we cultured PBMCs in TCM
derived from NSCLC cell lines carrying alterations in different cancer genes. As Th17 cells
display plasticity with Tregs, we were interested in whether Th17 phenotype is influenced

by soluble factors in TCM.

After three-day culture in KRAS and STK11 mutant TCM, we observed an increase in
CD127'"v putative iTregs, although future staining for FoxP3 and other Treg markers is
needed to formally confirm the identity of these cells. In previous literature, Tregs are
associated with KRAS and KRAS/STK11 driven murine models of NSCLC, but it is not known
whether Tregs preferentially migrate into these tumours, are maintained in these
tumours, or are a result of polarisation or plasticity (183, 189). This could be resolved by in
vivo Treg tracking, and by performing similar in vitro culture experiments to our own using
ex vivo mouse tumour tissue. We also observed increased RORyT*/IL-17A° CD3*/CD4* T
cells associated with LKB1 cell line loss. These T cells could be suppressed Th17s unable to
produce IL-17A, or RORyT* Tregs which might reflect Th17/iTreg plasticity (217, 220, 241,
486, 487), however again further characterisation is required. As it is not clear whether
these T cells can produce other cytokines such as IL-22, IL-17F and IL-10, designing new
flow cytometry panels and repeating these experiments using cell line and fresh tumour

culture systems would enable us to assess phenotype and functionality.

There are many unprofiled soluble factors which might be mechanistically responsible for
the differences in T cell phenotypes seen following culture with TCM. As the Th17/iTreg

balance is responsive to metabolites, we would look to immunometabolically profile TCM
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from fresh tumour and NSCLC cell lines (271). This future work would investigate the
following with links to KRAS/STK11 driven LUAD: glucose, glutamine, glutamate, branched-
chained amino acids, phenylalanine, lipids, triglycerides, fatty acids, and phospholipids

(15, 90, 102, 120, 123, 255, 439, 511-517).

It would also be interesting to investigate tumour-derived exosomes which contain a
variety of instructional proteins, nucleic acids, and metabolites. Interestingly, KRAS
mutated exosomal DNA from NSCLC patient sera can polarise Tregs (518), and CRC
exosomes promoted Th17s and increased RORyT expression (519). Despite findings of
reduced TGFB1 expression in tumours with STK11 mutations (520), which is supported by
our own finding of a significant reduction in the STK11 immune signature, we would also
examine TGFB which is an important in polarisation and plasticity in the Th17/iTreg axis

(260, 263).

Together, this body of work demonstrates that RORyT* lymphocytes are an important
subset of TILs in LUADs (but not SqCCs) with KRAS and STK11 mutations specifically and
are associated with reduced patient survival. By adopting a novel stratified approach, this
work enabled us to understand the immune contexture in tumours driven by different
mutations, focusing on an important driver of LUAD, KRAS, and its concomitant
pathological partner STK11 which causes treatment resistant progressive disease.
Molecular stratification will eventually need to become a clinical reality and the standard
of care in order to improve patient outcomes through personalised medicine. This work is
an important step forward in NSCLC tumour immunology research, which should now

consider the mutational profile of the tumour. Ultimately, this will enable accurate
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stratification of patients for immunotherapy regimens based on rational knowledge of

how tumour genetics impact intratumoural immunity.
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