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Despite recent therapeutic advances, non-small cell lung cancer (NSCLC) remains the leading
cause of cancer death worldwide. To improve survival outcomes in this disease, novel therapeutic
approaches are required. Relative to other cancers, NSCLC show low tumour purity with high
proportions of immune and stromal cell populations. Cancer-associated fibroblasts (CAFs) are the
most common stromal cell type in a range of solid tumours, where they have a number of
tumour-promoting effects and are frequently associated with poor outcome. To date, therapeutic
interventions targeting CAFs have shown largely disappointing results: this may be due in part to a

lack of understanding of the variation within the CAF population.

The aim of this work was to characterise the heterogeneity in the CAF population in NSCLC. First,
we optimised our approach for the isolation of fibroblasts from primary lung tissues, determining
that prolonged incubation with Collagenase is required. We next devised pipelines for the quality
control of single-cell RNA sequencing data, identifying low-quality droplets and transcriptomic
changes induced by prolonged enzymatic incubation. This approach was applied to 12 NSCLC and
6 patient-matched normal samples processed using the Drop-seq platform. Combining the
resulting stromal cell data with those from a NSCLC dataset published during the course of this
project identified 9 distinct populations, including 4 CAF groups. Two CAF populations showed
overlap with the commonly-described “myofibroblastic” phenotype, and may have roles in the
deposition and remodelling of extracellular matrix. Further functional characterisation requires in
vitro work: as fibroblast culture is known to impact gene expression, we used the results of the
above analyses to inform in vitro recapitulation of the identified ex vivo phenotypes. This
approach allowed partial recreation of ex vivo gene expression profiles, although to an insufficient
extent for preliminary functional analysis, and requires further refinement to allow accurate
characterisation. Such studies should facilitate the development of more specific and successful

stromal targeting strategies in NSCLC.
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FACS Fluorescence-activated cell sorting
FAP-a Fibroblast activation protein alpha
FCS Foetal calf serum
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GSEA
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NES

nGene
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NiF

NOX4

NSCLC

OR
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PBS

PC

PCA

PCR

PDAC

XX

False discovery rate

Fibroblast-specific protein-1

Family-wise error rate

Gene set enrichment analysis

Head and neck squamous carcinoma

Hazard ratio

Lung adenocarcinoma

Lung squamous cell carcinoma

Median absolute deviation

Matrix metalloprotease-2

Multivariate

Normalised enrichment score

Number of genes

Number of unique molecular identifiers

Fibroblast from non-involved lung

NAD(P)H oxidase 4

Non-small cell lung cancer

Odds ratio

Overall survival

Phosphate-buffered saline

Principal component

Principal component analysis

Polymerase chain reaction

Pancreatic ductal adenocarcinoma
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RT

SAM
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scRNA-seq

SEM

Shh

STAMP

RT-PCR

TCP

TGF-B,

tSNE

uv

VSMC

Platelet-derived growth factor receptor

Progression-free survival

Quality control

Reverse transcription

Sequence Alignment Map

Senescence-associated secretory phenotype

Small cell lung cancer

Single-cell RNA sequencing

Standard error of the mean

Sonic hedgehog

Single-cell transcriptome attached to microparticle

Real-time PCR

Tissue culture plastic

Transforming growth factor beta 1

t-distributed stochastic neighbour embedding

Univariate

Vascular smooth muscle cell
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Chapter1 Introduction

1.1 Introduction

Lung carcinoma remains the leading cause of cancer death globally®. This disease is divided into
two categories according to histological appearance: small cell (SCLC) and non-small cell (NSCLC),
accounting for approximately 15% and 85% of cases, respectively®>. NSCLC is further sub-
classified into adenocarcinoma, squamous cell carcinoma, and large cell carcinoma (representing
40%, 25-30% and 5-10% of all lung cancers®). Despite more recent therapeutic advances, there
has been no significant improvement in survival: outcomes remain dismal, with a 10-year survival
of only 5%*. This is due, at least in part, to the advanced disease stage at presentation in the
majority of patients: surgical resection offers the best curative potential, but fewer than one-fifth
of patients are deemed suitable for this intervention at the time of diagnosis>*. Non-surgical
management options appear to be ineffective at inducing long-term remission, with conventional
chemotherapy regimens conferring a reported median overall survival of 8-10 months>?; targeted
and immunotherapies benefit only a subset of patients, and have yet to improve long-term

. 9
outcomes in treated cohorts”.

Relative to other cancers, NSCLC tumours show a particularly low degree of purity, with high

. . . 10 . . .
proportions of both stromal and immune cell populations™. The tumour microenvironment is now

11,12

widely accepted to impact both tumour progression and response to therapy . However, the

main focus of research in this area to date has been profiling of the immune landscape and its

13-15

associated implications for immunotherapies . Stromal populations, including fibroblasts,

remain less well-characterised.

Fibroblasts are cells of mesenchymal origin and are almost ubiquitous in human tissues. Under
normal conditions, they are considered quiescent, with no notable transcriptomic or metabolic
activity'®. In response to tissue wounding, fibroblasts can transdifferentiate into myofibroblasts®®;
cells with a contractile, a-SMA-positive phenotype. Myofibroblasts have pivotal roles in the
formation of granulation tissue and completion of wound healing, synthesising and secreting

17,18

extracellular matrix (ECM) components and remodelling enzymes™""". Myofibroblasts are largely

. 17,19
absent from normal tissues™"”

, and at the resolution of wound healing, either revert to the
quiescent fibroblast phenotype or are removed by apoptosis'’. Failure of this process is associated

with pathologies including scarring and tissue fibrosis*®.

Fibroblasts are the most common cell type in the stroma of a number of solid tumours**?%?,

where they are referred to as cancer-associated fibroblasts (CAFs). A desmoplastic stroma, rich in
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23,24

CAFs, is frequently associated with poor prognosis®™“". Similar to fibroblasts in tissue wounding,

CAFs are key in ECM remodelling®’: they are main source of ECM-degrading enzymes and

20,22,25

connective tissue ECM components, including collagen . CAFs are associated with a number

of the hallmarks of malignancy?*%®: through both direct and indirect effects, CAFs promote

21,27,28

tumour growth, angiogenesis and chemoresistance . They also have a number of

immunomodulatory functions, including prevention of tumour penetration by immune cells and

. . . 17,29,30
induction of T-cell hyporesponsiveness™ """,

Given these tumour-promoting effects, and their genetic stability relative to cancer cells®, it is

unsurprising that fibroblasts are an attractive therapeutic target. However, clinical trials targeting

31,32

CAFs have so far yielded disappointing results® <. This may, in part, be due to variation within the

fibroblast population: these cells are known to be heterogeneous in both normal and disease

16,17,21,33

states , and remain a poorly-characterised cell type. It is likely that a particular fibroblast

population is composed of discrete phenotypes with distinct functions®***, but it is not yet clear
how many subtypes are present within a given tumour type or the nature of any functional

21,22,36

differences between groups . The phenotypic, functional and molecular variation seen in

fibroblast populations may be attributable to a number of factors including diverse differentiation

stimuli and cells of origin, or subtype- or context-dependent function'®?%?’.

The definition of CAF sub-populations has been hampered by multiple factors. First, the
terminology used in this area is variable. The terms “cancer-associated fibroblast”, “activated
fibroblast” and “myofibroblast” are often used interchangeably in the literature. However,
although CAFs are most commonly described as a-SMA-positive “myofibroblastic” cells, not all

Ill

CAFs have this phenotype (and indeed, not all “myofibroblastic” cells are CAFs). CAFs may also be

referred to as “peritumoural” or “tumour-associated” fibroblasts, or more generally as “reactive

»l7

stroma”~’. Thus, it is not always evident whether authors are referring to CAFs as a whole, or

specifically those with an a-SMA-positive phenotype.

Secondly, there is no marker specific for CAFs'®, and no single molecular marker that will reliably
identify all CAFs*®*®3° There are also no well-defined markers to distinguish normal from cancer-
associated fibroblasts®®. These limitations have prevented specific isolation of CAFs (or any
subpopulations thereof) by for example, flow cytometry, or accurate assessment of their spatial
distributions and relationships with other cell types by immunohistochemical staining. Groups
have often studied CAFs based on one or a few markers of interest®, although some have

.. . . 34,40,41
additionally examined overlap between multiple markers™ ™",
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Novel therapeutic approaches may improve survival in NSCLC: stromal targeting has the potential

42,43

to augment the response to current therapies . To date, the data regarding the prognostic

446 and there have been few studies examining the

impact of CAFs in NSCLC are conflicting
phenotypic and functional heterogeneity in this population. Identification and characterisation of
pro-tumorigenic CAF phenotypes will facilitate development of appropriate stromal targeting

strategies.

1.2 Fibroblast heterogeneity in normal tissues

It is well-established that fibroblasts in normal tissues show considerable variability between, and
even with, anatomical sites*’. The skin is currently the best-characterised model of normal

fibroblast heterogeneity, with three distinct populations described: those of the papillary dermis,

48,49

those of the reticular dermis and those associated with hair follicles™ ™. These populations show

50,51
*. For example,

differential gene expression, origin lineage (in animal models) and function
fibroblasts in the papillary dermis have roles in follicle development, whereas those of the
reticular dermis are key in initial dermal repair following injury®. In keeping with this, these

49,52

populations show variation in their production of collagen and procollagen mRNAs™™>“. Dermal

fibroblasts from distinct anatomical sites show differences in their proliferative capacity, baseline

expression of TGF-B and contractile response to the same stimulus*®*3.

Similar variation has been observed in lung fibroblasts. Fibroblasts of the proximal airways show
distinct morphology, gene expression and synthetic and secretory profiles when compared to

%% Lung fibroblasts, along with those of the myometrium and orbit,

their distal counterparts
have been divided into distinct groups based on expression of CD90 (Thy-1, a glycoprotein found
of the surface of a number of cell types>’). This stratifies fibroblasts as “myofibroblastic” (CD90-
positive) or “lipofibroblastic” (CD90-negative): these populations differ in their morphology,

. . . 47,57-60
secretory profile and response to cytokine stimulus™>"™".

Surface marker expression has also been used to separate fibroblast populations in the
myocardium and colon. Staining for fibroblast-specific protein-1 (FSP-1) and a-SMA identifies two
distinct groups of myocardial fibroblasts®*®%; in the colon, distinct populations of fibroblasts
expressing either a-SMA or PDGFR-a have been described. Fibroblasts from both the myocardium
and colon show heterogeneous morphology. The relationship between surface marker

expression, morphology and function has yet to be clearly defined in these tissues'*®*.

Although intra-organ fibroblast heterogeneity is well-described, relatively few studies have
directly compared the variation between fibroblast populations in different organs. Both

similarities and differences in transcriptome and protein expression have been observed between

3
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the organs of the gastrointestinal system. In the series mentioned above, the distinct populations
of a-SMA- and PDGFR-a-positive populations present in the colon were also identified in the
oesophagus, stomach and small intestine®. In contrast, sub-epithelial and sub-peritoneal
fibroblasts show transcriptional differences in the stomach, ileum and colon, but not the

65
duodenum or oesophagus™.

Human cardiac, dermal and pulmonary fibroblasts have been reported to show organ-specific
proliferation rates and expression of key ECM genes (e.g. MMP1, encoding a matrix
metalloprotease)®; fibroblasts from the human lung and nasopharynx show differential induction
of protein synthesis in response to TGF-B®’. Together, the above observations may be reflective of

functional differences; this remains to be fully explored.

1.3 Definitions and origins

Fibroblasts are usually defined by their spindle cell morphology and ability to adhere to tissue

16,20,26,33

culture surfaces . As a result of a paucity of markers (described above), fibroblasts are

19,48,68

often defined by the absence of expression of other cell lineage markers . In the context of

malignancy, fibroblasts may be defined as all the non-neoplastic, non-vascular, non-epithelial,

. L 38
non-inflammatory cells within a tumour™.

Heterogeneity within the CAF population may be partly explained by their diverse origins*®®>°.

CAF origin studies in vitro and in animal models indicate that only a fraction arise from a single cell
type*. For example, using a panel of markers in in vitro breast cancer models, Rgnnov-Jessen et
al. observed that the majority of recruited CAFs were derived from the local fibroblast population.
However, a smaller proportion originated from vascular smooth muscle cells and, to a lesser
extent, pericytes’’. Data from similar human studies remain sparse®, due to the difficulties

associated with fate-mapping in humans. However, there is evidence that CAFs may arise from

21,28,38

multiple sources and that this is site-dependent . The majority of CAFs are usually derived

. . . 26,28,33,71,72 .
from the resident fibroblast population®™>>>"~"<, but may arise from a number of other sources.

17,22

In the liver and pancreas, stellate cells differentiate to CAFs and may form the primary source

30 . 24,28,73
for these cells™. Bone-marrow derived cells are also known to be a source of CAFs”"“*": these

cells can be identified in the stroma of mouse models of colorectal and gastric carcinomas

24,74

following transplantation®"". In the latter model, it was reported that at least 20% of CAFs

originated from the bone marrow?*. Further reported CAF differentiation mechanisms include

epithelial-, endothelial- and mesenchymal-mesenchymal (e.g. pericytes and adipocytes)

18,26,28,38,73

transition . The relative contribution of each source to the CAF population is likely to vary
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by tissue and has yet to be fully determined, but it is likely that the diverse origins of CAF

contribute to the observed molecular heterogeneity.

The diverse range of CAF phenotypes may also be due to differences in differentiation stimuli.
Although TGF-B; has traditionally been seen as the major driver of CAF differentiation, there is
evidence that this process may also be mediated by other stimuli, including cellular senescence
(discussed below in Section 1.4). Recent work from our group has shown that the differentiation
of fibroblasts to myofibroblasts is dependent on generation of reactive oxygen species by the
NAD(P)H oxidase 4 (NOX4) enzyme. Inhibition of NOX4 by genetic or pharmacological means
reverted the a-SMA CAF phenotype in vitro, and reduced the accumulation of “myofibroblastic”
CAFs in vivo”. NOX4-dependent myofibroblast differentiation was observed across multiple
cancer types and differentiation stimuli, suggesting that this may represent a common mechanism
for “myofibroblastic” CAF differentiation. This is in keeping with previous data indicative of redox
regulation of CAF differentiation: administration of anti-oxidants prevents CAF formation and

. . . 76
abolishes the secretion of matrix metalloproteases™.

1.4 o-SMA and the “myofibroblastic” CAF

To date, the a-SMA-positive, “activated myofibroblast” phenotype is the most commonly

17,26,39
d

describe , with the majority of reported CAF functions attributable to this population®®.

“Myofibroblastic” CAFs have a contractile, smooth muscle-like phenotype®®, secrete growth

18,77

factors and ECM-remodelling enzymes and are associated with a poor prognosis in a range of

cancers®®?***7® This population promote many of the hallmarks of malignancy, including tumour

79-82

invasion and metastasis, angiogenesis and immune evasion . However, there is increasing

evidence that there is context-dependent heterogeneity even within the a.-SMA-positive CAF

17,37

population ">, For example, this marker will identify the functionally distinct “myofibroblastic”

and “senescent” subsets® and in human lung adenocarcinoma, the level of a-SMA expression

increases with the degree of malignancy®.

85,86

Senescence is the irreversible growth arrest of damaged or ageing cells™", and is believed to act

as a barrier to malignancy in epithelial cells®’. However, senescent CAFs (which are largely a-SMA-

positive) exhibit a characteristic secretome, known as the senescence-associated secretory

phenotype (SASP): this has documented pro-tumorigenic and immunomodulatory functions®>%%.

Senescent CAFs support ECM remodelling®, promote carcinoma cell epithelial-mesenchymal

76,85,88

transition (leading to a more motile, proteolytic phenotype ) and stimulate proliferation and

38,87,88

invasion of carcinoma cells in culture, as well as tumour development in vivo . Many

components of the SASP are pro-inflammatory (e.g. IL-6, IL-8) and it has previously been
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86,88,89
*%%2 However, the

suggested that senescent CAFs can be considered pro-inflammatory cells
SASP is a diverse mixture of cytokines and chemokines, and it is also likely that some elements

may in fact suppress the inflammatory response®®.

Despite both populations showing a-SMA expression and having tumour-promoting functions,
“myofibroblastic” and “senescent” CAFs show transcriptomic differences, particularly in genes
associated with the deposition and organisation of ECM®. Collagen fibre organisation correlates

with poor prognosis, and thus these two populations show differential prognostic impact®.

Data from pancreatic ductal adenocarcinoma (PDAC) suggest that the functions of a-SMA-positive
CAFs are disease-dependent. Some human and murine PDAC studies suggest that, in contrast to
the majority of solid tumours, high levels of stromal a.-SMA expression correlate with improved
survival. Ozdemir et al. observed that in mice, pancreatic a-SMA depletion at either the in situ or
invasive stages of PDAC resulted in reduced survival secondary to enhanced tumour invasion and
suppression of immune surveillance®’. These same authors reported that in human PDAC, low
stromal a-SMA staining correlated with shorter survival. Together, these results are indicative of a
beneficial role for “myofibroblastic” CAFs in PDAC, and further support the notion that it is not

possible to determine CAF function on the basis of a.-SMA expression alone.

1.5 Alternative CAF subtypes and markers

Not all CAFs are identified by a-SMA®%. The next most frequently-studied groups with respect to
the relationship between surface marker and function are CAFs expressing fibroblast activation
protein alpha (FAP-a), fibroblast-specific protein 1 (FSP1) or members of the platelet-derived

growth factor receptor (PDGFR) family®**

. Other commonly-described CAF markers include
podoplanin, Thy-1 (CD90), periostin and NG2?>”2. The extent to which the expression of these

markers overlaps with that of a-SMA is discussed below.

Part of the S-100 superfamily, FSP-1 is also known as S100A4%%. FSP-1 is associated with the
regulation of cell shape and motility, promotes angiogenesis and induces the release of cytokines

(including granulocyte colony stimulating factor 1)

. Due to its expression by numerous cell
types (including macrophages and malignant epithelial cells®), it is difficult to attribute the
functions of FSP-1 to a specific population. In mouse models of breast cancer, reports of stromal
FSP-1 depletion are somewhat conflicting, with both a reduction in tumour development and

metastasis”®, and a reduction in metastasis with no effect on the primary tumour®®, described.

FSP-1-positive fibroblasts have immunomodulatory roles, stimulating the infiltration of T-cells and

macrophages into tumours in mouse models, whereas FSP-1-negative fibroblasts do not®**. The
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effect of FSP-1-positive cells on macrophage recruitment is mediated at least in part through
monocyte chemotactic protein-1 release: in a squamous skin carcinoma model, antibodies to this
protein abolish the chemoattractant effect™. The FSP-1-positive fibroblasts in this series did not
express high levels of a-SMA, with the authors commenting that CAFs do not need to be

“myofibroblastic” to be tumorigenic®™.

FAP-a is a serine protease (belonging to the dipeptidyl peptidase family), although little is
currently known about its substrate specificity®. It is not usually expressed in normal tissues
outside wound healing®®, but is highly expressed in CAFs in a range of cancers, including lung,
breast and pancreas®. Expression of FAP-o. is correlated with tumour recurrence and poor
outcome in multiple tumours®, although has been associated with improved prognosis in breast

cancer”, potentially indicative of disease-dependent CAF functions.

Similar to FSP-1-positive fibroblasts, FAP-a-positive fibroblasts have been demonstrated to have
predominantly immunomodulatory functions. In non-small cell lung cancer patients, a high
percentage of FAP-a expression in the stroma is associated with an increased neutrophil to
lymphocyte ratio in peripheral blood, suggestive of an impaired T-cell response®. In keeping with
this, in a murine PDAC model, FAP-a-positive CAFs were found to mediate T cell exclusion through
secretion of CXCL12 (also known as stromal-derived factor 1%); CXCL12 and its receptor CXCR4 are
associated with immune evasion and promotion of tumour growth and metastasis in a number of
malignanciesgg. In this PDAC model, inhibition of CXCR4 induced T cell infiltration of tumours,
acting synergistically with anti-PD-L1 therapy to induce cancer cell death®. FAP-a-positive CAFs
may further modulate the immune response by recruiting myeloid-derived suppressor cells
through STAT3/CCL2 signalling'®, and can affect the response to therapy: the CXCL12/CXCR4 axis

. . . . . . . 101
confers gemcitabine resistance to pancreatic carcinoma cells in vitro™ .

The final group for which there is a frequently-described relationship between surface marker and
function are CAFs positive for PDGFR-a or -B. PDGFR-a is expressed by fibroblasts under normal
conditions, during wound healing, and by up to 90% of these cells in the stroma of solid
tumours®’. These cells support tumour growth and angiogenesis, at least in part through the

29,39,102 . . 103
*>7° and may mediate chemoresistance™ .

secretion of growth factors such as FGF-2 and FGF-7
PDGFR-a-positive CAFs are also pro-inflammatory, expressing a gene signature which includes
pro-inflammatory cytokines and chemokines responsible for recruitment of neutrophils and
macrophages”. However, similar to other CAF populations, the effects of PDGFR-a-positive CAFs

appear to disease-dependent: high stromal PDGFR-a expression correlates with improved

.. 104
prognosis in non-small cell lung cancer™ .
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In normal tissues, PDGFR-[3 is expressed by vascular smooth muscle cells and pericytes®®, and is

105

important in mesenchymal cell differentiation™ . PDGFR-[-positive CAFs promote formation of

39,106 . . . .
=", and are associated with shorter survival in a number of

both tumours and reactive stroma
malignancies, including breast, prostate, colorectal and serous ovarian carcinomas®>'%’. The
glycoprotein STC1 appears to be a key mediator of pro-tumorigenic effects mediated through
PDGFR-J signalling: in an orthotopic model, co-injection of PDGFR-B-positive STC1-/- fibroblasts
reduced tumour cell proliferation and metastasis when compared with wild-type fibroblasts®.
Interestingly, tumour cells co-injected with STC1 +/+ fibroblasts showed higher rates of epithelial-

mesenchymal transition (EMT): this phenomenon may be at least partially responsible for the

observed effect of STC1 on metastasis.

Podoplanin is a glycoprotein normally expressed by lymphatic endothelial cells, and podoplanin-
positive CAFs are associated with increased lymphatic density’®. The prognostic impact of
podoplanin-positive CAFs again appears to vary with disease, being associated with improved

. . . . 109-111 .
outcome in outcome in colorectal, cervical and small cell lung carcinoma , but with the

108,112-115

opposite effect in head and neck squamous carcinoma and NSCLC . There is a possibility

that the roles of podoplanin-positive CAFs are subtype-dependent in non-small cell lung cancer,

although the current evidence is not conclusive; there are reports that high stromal podoplanin

108,114,115

expression correlates with shorter patient survival in adenocarcinoma . The data regarding

squamous cell carcinoma are less clear, with different groups reporting both a negative prognostic

. . 108,113
impact and no effect on survival™"".

Podoplanin-positive fibroblasts have multiple documented pro-tumorigenic effects, including ECM

. . . . . .. 116,117
remodelling and enhancing tumour formation, invasion and metastasis in NSCLC models™ ",

This population also appear to mediate resistance to targeted tyrosine kinase therapies in this

22,118

disease through direct stromal-tumour cell contact . In small cell lung cancer, in keeping with

their positive prognostic impact, podoplanin-positive CAFs significantly reduce the proliferation

. ‘s . . 111
and viability of carcinoma cells in co-culture models compared to control CAFs™".

The surface marker CD90 has been used to identify and stratify functionally distinct fibroblast

. . . . . . . ..47,58,60
populations in a range of normal tissues, including the skin, lung, myometrium and orbit™">*>".

CD90-high prostate CAFs in vitro show higher expression of tumour-promoting genes (including
TGF-P and angiogenic factors) and increase epithelial cell expression of CXCR4 (known to mediate

119

multiple pro-malignant effects as described above®), than do CD90-low CAFs'*®. However, other

data regarding the roles of CD90-positive fibroblasts in the context of cancer are sparse.
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1.6 Overlap between markers
Although a number of studies have commented on the overlap between fibroblast markers, any

associations between the functions of these populations remain relatively poorly-described. The

current data in this area are summarised in Table 1.1.

Marker 1 | Marker 2 Overlap Independent expression
o-SMA FAP-q, pancreas™?, Lewis lung’®, NSscLc*
breast™
a-SMA FSP-1 breast, pancreas, skin34409
a-SMA NG2 breast, pancreas®
o-SMA PDGFR-a squamous skin?’, melanoma®
a-SMA PDGFR-B breast, pancreas®**** ovarian serous carcinoma'”’
a-SMA Podoplanin lung, breast, kidney108
FAP-o IGFBP7 colorectum, NSCLC, pancreas,
ovary, breast®

Table 1.1 Reported overlap between described fibroblast markers

Expression of a-SMA has been reported to show overlap with a number of other described
fibroblast markers, including FAP-a, FSP-1 and PDGFR-q, in a variety of tissues. In keeping with
the tissue-dependent functional heterogeneity described above, there is some evidence that
surface marker overlap varies by site. For example, although expression of a-SMA and PDGFR-f3
show overlap in breast and pancreatic cancer models, these markers identify distinct populations
in human ovarian serous carcinoma'?’. In a direct comparison in mouse models, 43.5% of the FSP-
1-positive breast CAF population were also positive for a-SMA, compared to only 10.9% in the
pancreas>*. Species-specific differences have also been described: although o-SMA and FAP-a
staining overlap in mouse lung cancer models, their expression is mutually exclusive in sections

44,79
from human non-small cell lung cancer™"".
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In mouse squamous skin carcinoma, a subset of PDGFR-a-positive skin CAFs were found to co-
express a-SMA?. Staining for a-SMA, PDGFR-a and FSP-1 in a murine melanoma model identified
three fibroblast sub-populations with differential spatial distributions*. One group, found at the
tumour core, were positive for FSP-1 only. The second group, located at the tumour edge, only
expressed PDGFR-a.. The third sub-population were FSP-1-positive but also expressed low levels
of PDGFR-a and were found in the tumour’s edge and surrounding capsule. All three groups

showed expression of a-SMA.

Together, these data further underline the difficulties in assigning CAF functions based on surface
marker expression: although a number of groups have described overlap between the expression
of a-SMA and other fibroblast markers, few have assessed the differential spatial distributions or
any variation in the functions of the identified subtypes. One such study identified four subtypes
of human breast CAF based on their relative expression of six markers: CD29, FAP-a, FSP-1, a-
SMA, PDGFR-f and CAV1'™. These subsets showed differential spatial expression and
accumulation across breast carcinoma subtypes. One population, expressing high levels of both
FAP-a and a-SMA, enhanced the differentiation of regulatory T cells though secretion of CXCL12
(the known immunomodulatory properties of FAP-a-positive CAF are discussed in Section 1.5),
whereas tumours enriched for a second population (a-SMA-high, FAP-a-negative) showed

increased CD8" T cell infiltration.

Differential marker co-expression and function have also been reported in both murine and
human PDAC. Ohlund et al. observed that although the majority of CAFs showed co-expression of
FAP with low levels of a-SMA, a subset expressed FAP and high levels of a-SMA™°. These CAFs
showed distinct spatial distributions according to their a-SMA expression: a-SMA-high fibroblasts
were seen adjacent to carcinoma cells, whereas those with low a-SMA levels were located more
distally. Furthermore, these sub-populations also appear to be functionally distinct. a-SMA-high
CAF showed behaviour typical of “myofibroblastic” CAFs, inducing desmoplasia in vitro. The a.-

SMA-low population showed a more inflammatory phenotype, secreting IL-6 and other cytokines.

1.7 Population-based analysis of fibroblast gene expression profiles

Initial studies of CAF gene expression profiles focused largely on defining and examining the
prognostic value of stromal signatures from ex vivo or laser capture microdissected samples.
These studies showed a consistent link between stromal changes and poor survival in solid
tumours, and provided insight into the inter-tumour heterogeneity of CAF gene expression

profiles. For example, a CAF-specific gene expression signature has been reported in human skin

10
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basal cell carcinoma: this same signature was absent from skin squamous cell, prostate, and colon

carcinoma*?.

Primary CAFs originating from HER2-positive breast cancers show significant differences in their
gene expression profile when compared to those from oestrogen receptor-positive and triple-
negative carcinomas®. In this series, the authors suggested that the upregulated genes (in
particular, those in pathways associated with integrin signalling and the cytoskeleton) in the
HER2-positive CAF population likely contributed to the enhanced cancer cell migration induced by
this population in vitro, and could confer a negative prognostic impact®. Aside from this variation
between subtypes, breast CAFs also show heterogeneity in gene expression between patients

with the same subtype'® and perhaps unsurprisingly, between different cohorts®*?*.

A pro-inflammatory gene signature has been identified in CAFs in a murine model of squamous
. . . 29 .. . . .

skin carcinogenesis™. This signature was also present in murine breast and pancreatic models,

and in human squamous skin and pancreatic ductal adenocarcinoma tissues, but not in a mouse

. . 29
cervical carcinoma model*”.

Data from these studies are indeed indicative of disease-specific variation in CAF gene expression.
The evidence in this area is likely to be augmented by recent developments in techniques such as
single-cell RNA sequencing (scRNA-seq), allowing profiling of fibroblast populations at an

. .. 125-127
individual cell level .

The studies noted above have used a variety of approaches for gene expression profiling; either

. . 69,123,124
microarray analysis of cultured of laser-captured stromal cells® >

or analysis of fluorescence-
activated cell sorted populations (FACS)?. Each of these methods generates slightly different
information: array analysis of laser-captured stroma can be used to analyse multiple separate
areas of stroma from a single patient, allowing comparisons between different foci within one
patient and between patients or different tumour types. However, data acquired using this
technique are at a population rather than single-cell level, so distinct subtypes within a given area
would not be identified. Use of cultured fibroblasts yields similar information and poses some of
the same problems. In addition, comparison of different regions within the same tumour is less

practical (requiring fibroblast cultures from multiple distinct areas), and such data will be

impacted by the alteration in fibroblast phenotype caused by cell culture in vitro*®.

Expression profiling of FACS-sorted stromal cells has also been used to give information at a

population level®”®, and can also be used for isolation of individual cells for input to some scRNA-

128

seq platforms (e.g. Smart-seq2~""). However, use of FACS sorting depends on having a robust

11
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marker which identifies the entire target population: as discussed previously, such a marker is

. 28,38,39
currently lacking™>>",

1.8 Single-cell RNA sequencing for transcriptomic characterisation

Single-cell RNA sequencing is a relatively novel technology which allows characterisation of the
heterogeneity within cell types for an individual tumour, as well as between patients within a
cohort. In addition, scRNA-seq of whole tumours generates data for multiple different cell types,

facilitating investigation of the relationships and interactions between these populations.

All methods for scRNA-seq require cell lysis for RNA isolation and reverse transcription, with

129,130

amplification of the resulting cDNA to generate a sequencing library . As a result of the

minute starting quantities of RNA, these processes can result in significant technical variation'%.

A number of scRNA-seq platforms are currently available; these differ in their sensitivity, accuracy

130

and cost-effectiveness™". Of these, Smart-seq2 and droplet-based platforms have been

125-127

particularly prominent in recent studies . Smart-seq2 applies full-length sequencing to FACS-

128

sorted individual cells™". This approach yields the highest number of genes per cell with high

. . . 130
accuracy, although is one of the more expensive platforms currently available™.

Drop-seq, an open source droplet-based scRNA-seq platform, and its’ commercial counterpart,

. - . . . . 127,131-133
the 10x Genomics Chromium pipeline, are in widespread use™"

. These technologies capture
single cells in individual droplets, labelling each read with a droplet-specific barcode. This allows
bioinformatic reconstruction of transcriptomes at a single cell level using short-read
sequencing™'. Drop-seq in particular provides a similar accuracy to Smart-seq2, although with a
lower number of genes per cell than some other platforms. However, Drop-seq is among the most

cost-effective of the scRNA-seq platforms, particularly when sequencing large numbers of cells**.

Regardless of the method used, scRNA-seq of primary tissues requires the generation of single-
cell suspension. Both mechanical and enzymatic approaches may not accurately mirror the tissue
of origin. Enzymatic methods can affect cell viability, yield and surface marker expression;
mechanical disaggregation gives lower viability and yield, but does not alter surface epitopes™*
138 Bacterial collagenases in particular have been implicated in alteration of surface marker
expression, although the current data in this area are mixed. There have been reports of both
superior preservation (relative to trypsin®*’), and indiscriminate cleavage of surface markers,

136

leading to reduced surface epitope detection by FACS™". Furthermore, prolonged or over-

. . . . . 138 . . .
vigorous disaggregation may alter gene expression profiles™". Generating a single-cell suspension
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may therefore impact expression of both genes and surface markers, with the potential to

influence downstream analysis and create artificial cell populations.

Some populations, such as stromal and epithelial cells have been relatively under-represented in

previous scRNA-seq datasets'”’

. Fibroblasts, embedded within ECM, are particularly difficult to
isolate. In order to characterise accurately ex vivo fibroblast phenotypes, optimisation of the
approach used to isolate these cells from primary tissues is needed. The effects of this process on

cellular transcriptomes will also require characterisation.

1.9 CAF gene expression profiling by single-cell RNA sequencing

The platforms detailed above have been used to identify fibroblast populations in a number of
tissues including melanoma'®, head and neck carcinoma®®® and, in a dataset published during the

127

course of this project, NSCLC™’. Fibroblasts could be grouped independently of their tumour or

patient of origin in all three datasets.

In head and neck squamous carcinoma (HNSCC), three fibroblast populations were identified. One
showed expression of classical myofibroblast markers (e.g. ACTA2); a second, “activated CAF”,
population showed increased expression of ECM genes such as FAP and PDPN (this group was
further sub-divided into two phenotypes based on expression of e.g. ECM genes). The third group
was not enriched for myofibroblast or CAF markers, and was therefore designated “non-activated

resting” fibroblasts'?®.

Single-cell RNA sequencing of fibroblasts from 8 NSCLC patients revealed 5 distinct subtypes*?’.
These populations showed differential expression of multiple collagen genes, e.g. COL4A1 and
COL10A1, suggestive of functional differences. One cluster showed increased expression of a
myogenic transcription factor (MEF2C), and downregulation of an inhibitor of myogenesis (MSC),
and was therefore labelled as a “myogenic” phenotype. A second population showed
upregulation of transcription factors promoting ECM genes, and was therefore assigned an
“extracellular matrix” phenotype. The remaining three clusters did not receive putative functional
labels. The five fibroblast clusters showed differential enrichment for a number of gene sets,
including those associated with TGF-f3 signalling, angiogenesis and hypoxia: this may indicate

differences in differentiation stimuli, function and metabolism®?’.

In melanoma, Tirosh et al. inferred relationships between the CAF population and both immune
cells and malignant melanoma cells, identifying CAF genes with an effect on T cell accumulation
(e.g. CXCL12, discussed above), and melanoma cell expression profiles associated with CAF

abundance’®. Interactions between CAF and malignant cells were also apparent in HNSCC: CAF
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expressed a significantly higher number of tumour receptor ligands than other cell types, such as
T cells and macrophages; tumour cells located adjacent to CAFs showed a distinct “partial EMT”
gene expression program™2°. However, phenotypic characterisation of CAF in the above studies

was largely performed in silico, without any in vitro functional assessment.

1.10 CAFs as a therapeutic target

As discussed in the preceding sections, CAF promote a number of the hallmarks of malignancy and
are genetically stable relative to carcinoma cells: this population are therefore an attractive
therapeutic target. Although data from pre-clinical animal models have shown some therapeutic
promise, the results from clinical trials of CAF targeting in humans have been disappointing. The
results of pre-clinical and clinical CAF-targeting studies with associated outcomes are listed in

Table 1.2.

Most CAF-targeting studies to date have focused on FAP-a, and the results are largely in keeping
with the known immunomodulatory effects of this population. For example, direct ablation of
FAP-a-positive cells in mouse models resulted in immunological control of tumours (an effect
mediated by interferon-y and TNF-a), although whether this translates into a significant survival
benefit was not reported’”. As discussed previously, the expression of FAP-a is widespread in
adult tissues, and targeting of this marker is not without issue. Non-selective depletion in animal
models results in cachexia (weight loss has also been reported in murine a-SMA targeting®') and

139140 These difficulties have translated into

fatal bone toxicity, with limited anti-tumour effects
disappointing outcomes in human stromal targeting. In phase Il clinical trials in metastatic
colorectal cancer, inhibition of FAP did not induce remission (the majority of patients showed

. . . 31,32
disease progression) or affect metastasis™*.

Relatively few groups have reported clinical or survival outcomes for other stromal targets.
Depletion of stromal a-SMA in a murine PDAC appeared to impair the immune response to
tumour®’. However, PDA is an extremely CAF-rich tumour, and is possible that this disease
represents a unique scenario: in contrast to most other solid tumours, there are reports that high
a-SMA expression correlates with improved survival***. Targeting of both PDGFR-f3- and FSP-1-
positive stromal cells has been associated with improved experimental outcomes in animal

90,94,106
models™”™

. Other groups have sought to target pro-fibrotic or anti-apoptotic signalling by CAF.
Inhibition of sonic hedgehog (Shh) signalling (a modulator of “myofibroblastic” CAF
differentiation'*’) and anti-apoptotic signalling in CAF improve survival in pre-clinical mouse

143,145
models™™ ™,
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response

Outcome measure Target Model Result
Reduce tumour FAP-o Murine lung, colon*** Success
growth . 106
PDGFR-B Murine colon xenograft Success
FSP-1 Murine breast® Success
NOX4 Murine HNSCC, Iung75 Success
Improve response to | FAP-a Murine breast ** Success
therapy . . . 143
Shh signalling Murine PDAC Success
Induce remission or | FAP-a Murine breast, colon*** Success
prolong survival 2 ]
FAP-a Human colon Failure
a-SMA Murine PDAC* Failure
FSP-1 Murine breast™ Success
Anti-apoptotic Murine cholangiocarcinoma145 Success
signalling
Reduce metastasis | FAP-q, Human colon®" Failure
Improve immune FAP-a Murine lung, PDAC”® Success

Table 1.2 Results of previous CAF-targeting studies with a described clinical or survival outcome

Shh: sonic hedgehog, HNSCC: head and neck squamous carcinoma, NOX4: NAD(P)H

oxidase 4. Entries highlighted in bold denote clinical trials in man

Recent work from our group has shown that targeting of NOF-CAF transdifferentiation

mechanisms yields successful outcomes’. We identified that the generation of reactive oxygen

species through the NOX4 enzyme is a key mediator of myofibroblastic CAF differentiation in

multiple human carcinomas. Pharmacological inhibition using an anti-fibrotic compound or

genetic targeting of this enzyme reduced tumour growth in murine models of lung and head and

. 75
neck squamous carcinoma .

Although stromal targeting in clinical trials has been disappointing, there is yet hope in this area.

The current data suggest that targeting stromal surface markers would likely be more successful

as adjunctive therapy (for example, FAP-a depletion or inhibition may be expected to improve the
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efficacy of immunotherapy) rather than in isolation. Furthermore, disruption of CAF
transdifferentiation or survival signalling, even in established tumours, shows promising results.
Characterisation of the CAF subtypes present within a given cancer should facilitate more stromal

specific targeting.

1.11 CAFs in non-small cell lung cancer

Although CAFs confer a negative prognostic effect in a range of malignancies’, the picture in
NSCLC is less established. The prognostic impact of CAF seems to vary with the marker examined
44,45,

and, in some cases, is contradictory (e.g. FAP™™™; Fig. 1.1, further data in Table A.1): this in itself

may imply functional diversity within this population.
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Figure 1.1 The relationship between surface marker expression and prognostic effect for CAFs in

NSCLC

The impact on prognosis is expressed as log(p value) for the given survival statistic;
significance thresholds of p < 0.05 are indicated in red. Full survival data are listed in

Table Al1.1

High expression of podoplanin (the most frequently-studied CAF surface marker in NSCLC), is

consistently reported as having a significant negative prognostic impact'%®!*11>148

. High stromal
matrix metalloprotease-2 (MMP-2) expression correlates with reduced survival'®, although one
study reported that this effect was subtype-specific, holding true for squamous cell carcinoma

150
only™".
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Although high o.-SMA expression is associated with shorter survival across all NSCLC™*

, the effect
of a-SMA is less well-studied in comparison to other tissues; a non-significant correlation with
improved outcome has been reported in squamous cell carcinoma®. Subtype-dependent
associations with survival have also been reported for podoplanin, FAP, GLUT1 and MCT-4, and
versican**1%132133, however, some authors have examined marker effects in one subtype in

. . 113-115,148
isolation ’

and others consider all NSCLC subtypes together (e.g. Edlund et al., 2012, Liao et
al., 2013). Further complicating interpretation and comparison of these findings, the current data
in this area encompass a variety of survival analysis approaches and metrics (e.g. overall survival,

disease-specific survival and disease-free survival), and cohort sizes vary, with some comprising

relatively few patients.

Relatively few studies have assessed the co-expression of surface markers in NSCLC CAF. Staining
for both CD99 and podoplanin overlaps with that for a-SMA'®***; there is no correlation between
a-SMA and FAP expression in squamous cell carcinoma®. In keeping with other tissues, FAP-o.-
CAF appear to have immunomodulatory roles in the lung: high expression levels were associated
with an elevated neutrophil to lymphocyte ratio (proposed as an indicator of an impaired immune
response) in a clinical cohort®. Depletion of CAF expressing FAP-a. or enzymatic FAP-o. inhibition
is associated with reduced tumour growth and angiogenesis, and induction of immune-mediated

79,141
tumour cell death™

. Targeting of stromal PDGFRa in @ murine lung carcinoma model also
inhibits tumour growth and angiogenesis (independent of carcinoma cell PDGFRa. expression),
implying a role for this population in these processes'®. Finally, a-SMA-positive CAF appear to
modulate therapeutic response in lung cancer: this population reduce tumour cell response to a

MEK inhibitor in vitro®.

There are multiple other reports of CAF in NSCLC reducing tumour cell response to therapies,
although these have not been correlated with expression of particular surface markers. Lung CAF
show differential modulation of response to chemotherapy in vitro, inducing anti-apoptotic
effects in carcinoma cell lines after treatment with paclitaxel, but not cisplatin®. These cells

appear to induce resistance to tyrosine kinase inhibition in EGFR-mutant cell lines through a

156 157

variety of mechanisms, including Shh-mediated induction of EMT™", upregulation of HGF™" and

increased Aurora-A kinase®”. Consistent with pro-tumorigenic functions in other cancers, lung CAF

158,159

. .s . . . - 160 .
increase tumour growth, motility and invasion and promote angiogenesis™ - and recruitment

. 161
of monocytes in culture™".

There are some gene expression profiling data suggestive of functionally-distinct CAF populations
in NSCLC: recently, Hao et al. categorised CAF as “high desmoplasia” or “low desmoplasia”

. . . . 162 . . .
depending on extent of stromal response in tumour of origin™~. Microarray expression profiling
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revealed thirteen genes showing differential expression between the two groups. These
transcriptomic differences were suggestive of functional heterogeneity: ST8SIA2, the gene
showing the highest differential upregulation in “high desmoplasia” CAFs, was associated with
increased tumour cell invasion in vitro. Single-cell transcriptomic analysis of primary human

127
. These

NSCLC tissues has identified five distinct fibroblast populations (discussed in Section 1.9)
populations showed differential expression of, for example, multiple collagen genes, which may
indicate functional differences. However, such characterisation, and associated histological

validation, are yet to be performed.

1.12 Discussion

Despite recent therapeutic advances, lung carcinoma remains the leading cause of cancer death
worldwide'. Non-small cell lung cancer, which accounts for 85% of cases, shows a high abundance
of CAFs>*'®, CAFs are a heterogeneous population associated with a number of the hallmarks of
cancer’®%. Despite their frequency in solid tumour stroma, they remain poorly-characterised,
with a lack of data linking phenotype to function. The lack of CAF definition at a sub-population

level is a current barrier to therapeutic targeting: functional characterisation is needed to

facilitate the development of more refined targeting strategies.

Although a high proportion of cancer-associated fibroblasts confers a poor prognosis in a number

23,24

of solid tumours~™“", the picture in NSCLC is mixed: data linking fibroblast surface marker to

outcome show variable results depending on the marker examined'®**3***1% No single surface
marker will reliably identify all CAF?®*°; many groups examining CAF function, particularly in
NSCLC, have focused on expression of one marker alone. Although there are some data linking
surface marker to function in this disease®’#*%11%¢ few have examined the co-expression of
markers, or comprehensively defined fibroblast phenotypes. It appears possible that fibroblast

44,108,113-115,148,150,152,153

populations show NSCLC subtype-dependent prognostic impact , although

few studies have examined this directly.

Given their roles in promoting the hallmarks of malignancy, and their genomic stability relative to
carcinoma cells, it is unsurprising that CAFs are an attractive therapeutic target. Although some

79,106,142,144

results from pre-clinical animal models have shown promise , this has failed to translate

31,32

into survival benefit in clinical trials in man’~>*. This is likely, at least in part, due to the poor

characterisation of CAF thus far, rendering previous targeting strategies non-specific.

To date, there have been relatively few gene expression profiling studies of CAF in NSCLC. Recent
microarray expression profiling of CAF from “high desmoplasia” and “low desmoplasia” NSCLC

tumours identified transcriptomic differences suggestive of functional heterogeneity’®. Some of
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these findings were validated in vitro, although as these experiments were performed at a bulk
level, it is not clear whether “high desmoplasia” and “low desmoplasia” CAFs represent two

distinct functional entities, or are composed of multiple sub-populations.

Data from scRNA-seq of NSCLC has indicated the presence of multiple fibroblast populations™?’.
These groups show differential expression of genes and gene sets, indicating likely functional

differences: in this series, some populations were assigned putative phenotypes based on their
gene expression profiles. Examination of such differences in these data was somewhat limited,
and performed exclusively in silico, with no in vitro functional characterisation of the identified

populations.

Current therapeutic strategies in NSCLC are ineffective in the majority of patients, leading to poor
survival outcomes. CAFs remain an attractive therapeutic target, despite the disappointing results
of previous clinical trials. Characterisation of CAF subtypes using single-cell RNA sequencing will

facilitate identification of pro-malignant subtypes and the molecular mechanisms regulating their

accumulation: this will allow identification of potential stromal targeting approaches.

1.13 Aims and objectives

The aim of this work is to characterise the phenotypic and functional heterogeneity in CAF in
NSCLC. To identify and characterise distinct CAF subpopulations, we have defined three
objectives. First, we shall identify the CAF groups present in NSCLC, using Drop-seq to enable
scRNA-seq. The resulting data will be interrogated using bioinformatic analysis packages in R to
perform dimensionality reduction and clustering and identify distinct CAF subtypes. As part of
this, we shall optimise our approach for the isolation of fibroblasts from primary lung tissues and
the quality control of scRNA-seq data. Secondly, we shall use this data to identify potential
functions and differentiation stimuli for each subpopulation. The scRNA-seq data will be used to
generate gene expression profiles for each CAF subgroup. Gene set enrichment and trajectory
analyses will then be performed using these genes to determine the putative roles and molecular
drivers for these populations. Finally, we shall perform in vitro functional characterisation of the
identified phenotypes. The trajectory analysis findings will inform in vitro recapitulation of the ex
vivo phenotypes. These fibroblasts will be used in functional assays to determine populations with

pro-tumorigenic potential and identify possible future therapeutic targets.
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Chapter2  Methods

2.1 Cell culture

211 Cell culture principles

All routine cell culture was performed in class Il mycoplasma-clean laminar flow hoods. Cells
(Table 2.1) were cultured in their preferred growth medium (Table 2.2). Cells were routinely
cultured in 75 or 175 cm? flasks (Corning) at 5% CO, and 37 °C. Fibroblast and

adenocarcinoma cell growth medium was changed twice weekly.

For adherent cells, when the cell monolayer reached 100% confluence, cells were washed
with phosphate-buffered saline (PBS) before detachment using trypsin-EDTA (Sigma-Aldrich)
and collection in fresh growth medium. For maintenance of cells in culture, fibroblasts and
adenocarcinoma cells were split 1:4 and 1:5, respectively. Absence of Mycoplasma

contamination in fibroblast cell lines was routinely verified using Mycoplasma PCR (Section

2.1.5).
Cell name Source Growth medium
H441 Lung adenocarcinoma cell line 10% DMEM
HFFF2 Human foetal foreskin fibroblast cell line 10% DMEM
HUVEC Human umbilical vein endothelial cell line 10% DMEM
IMR-90 Human foetal lung fibroblast cell line 10% DMEM
NiF and CAF Primary lung fibroblasts; see Section 2.1.6 “Complete” DMEM

Table 2.1 Origins of cells used in this study and their preferred growth media

DMEM, Dulbecco’s modified Eagle medium; NiF, fibroblasts from non-involved lung; CAF,

fibroblasts isolated from tumour samples
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Growth medium Reagent Supplier
DMEM Sigma
“Serum-free” DMEM
L-glutamine (2 mM) Sigma
DMEM Sigma
“Empty” DMEM L-glutamine (2 mM) Sigma
1% penicillin-streptomycin Sigma
DMEM Sigma
“Low serum” DMEM 1% FCS Biosera
L-glutamine (2 mM) Sigma
DMEM Sigma
10% FCS Biosera
“Complete” DMEM
L-glutamine (2 mM) Sigma
1% penicillin-streptomycin Sigma
DMEM Sigma
10% DMEM 10% FCS Sigma
L-glutamine (2 mM) Sigma

Table 2.2 Growth media composition

FCS: foetal calf serum

2.1.2 Freezing cells

Cell stocks were maintained by freezing down for long-term storage. To preserve cellular
integrity, cell lines and primary fibroblasts were frozen in 10% DMEM and 100% FCS,
respectively, with 10% dimethyl sulfoxide (DMSO; Sigma-Aldrich), a cryoprotectant. Cells
were detached in the usual manner when reaching 100% confluency, before being spun at
1500 rpm for 5 minutes. The resulting pellet was re-suspended in the appropriate
preparation for freezing, aliquoted into cryovials and transferred to a Nalgene® Mr. Frosty

Cryo Freezing Container. This encases vials in isopropanol, providing a rate of cooling very
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close to 1 °C/minute. Following freezing and short-term storage at -80 °C, cells were

transferred to liquid nitrogen (-196 °C) for longer-term storage.

213 Defrosting cells for culture

To maintain maximum viability, cells were thawed as rapidly as possible: cells were
defrosted in a water bath at 37 °C before being added to 10 ml pre-warmed medium and
spun at 1500 rpm for 5 minutes, to remove the DMSO. The supernatant was discarded and
the remaining pellet re-suspended in the appropriate volume of pre-warmed medium. This

suspension was then plated to a T25 tissue culture flask (Corning).

214 Counting cells

For primary fibroblast culture, single-cell RNA sequencing (Section 2.7) and functional
assays, cells were counted using a CASY Cell Counter (Roche). Ten microlitres of cells (either
detached as in Section 2.1 or the single-cell suspension generated in Section 2.5) were
added to 10 ml of CASYton (an isotonic buffer; OMNI Life Science). To improve accuracy with
the smaller cell numbers, cell counting for migration assays (Section 2.1.10) was performed
at a 20X dilution. The CASY Cell Counter exposes cells passing through a measuring pore to a
low-voltage electrical field. A resistance signal is generated based on cell size and
conductivity: live cells have an intact plasma membrane, and give a higher resistance value.
Dead or dying cells have increased membrane permeability and therefore give a lower
resistance signal. The CASY Cell Counter is thus able to calculate cell concentration, volume

and viability.

2.1.5 Mycoplasma polymerase chain reaction (PCR)

To avoid changes in cell behaviour resulting from Mycoplasma contamination, cell lines were
confirmed Mycoplasma-free prior to use. Between 10 and 15 ml supernatant was collected
from confluent cells grown in antibiotic-free medium for at least two weeks, and centrifuged
at 1500 rpm for 10 minutes. The excess resulting supernatant was discarded, with the
remaining volume collected and spun at 13000 rpm for 5 minutes. The excess supernatant
was again discarded, and the pellet re-suspended in the remaining volume (~200 pl) for use
in the Mycoplasma PCR. This process amplifies sequences in the 165-23S spacer region in

RNA operons, common to 14 species of Mycoplasma.
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Each reaction was prepared on ice, with both negative (RNase-free water) and positive (a

5PT cell line supernatant, previously confirmed positive for Mycoplasma) controls. Two

rounds of PCR were performed, with the reaction mixtures prepared as in Table 2.3 (primers

given in Table 2.4), and the cycling conditions as given in Table 2.5. Ten microlitres of the

product from the second PCR round was run, with a 100 bp ladder (Promega), in TAE buffer

(for 1 litre: 242 g Tris-Base, 57.1 ml glacial acetic acid, 18.6 g EDTA, prepared as a 50x

solution) for 1 hour at 120 V on a 1% agarose gel with RedSafe DNA Stain (diluted 1:20 000;

Life Technologies) added. Bands were visualised using a GelDoc-It"™ Imaging System (UVP,

LLC).

Round 1: band at 720bp

Round 2: band at 145bp

Sample DNA/Supernatant (1ul) 1 pl

Forward Primer 1 (10pmol/ul) 0.1 pl
Reverse Primer (10pmol/ul) 0.1 pl
Formamide 0.3 ul

Master Mix* 18.5 ul

Round 1 PCR Product 1l
Forward Primer 2 (10pmol/ul) 0.1 pl
Reverse Primer (10pmol/ul) 0.1 pl

Master Mix* 18.8 ul

Table 2.3 Reaction preparations for rounds 1 and 2 of Mycoplasma PCR

*Master Mix: MegaMix-Blue (Microzone)

Primer Sequence

Forward 1 ACT CCT ACG GGA GGCAGCAGTA

Forward 2 CTT AAA GGA ATT GAC GGG AAC CCG

Reverse TGC ACC ATC TGT CACTCT GTT AACCTC

Table 2.4 Mycoplasma PCR primer sequences

Cycling conditions

95°C x 30s
35 cycles of:
95°C x 30s
55°C x 30s
72°Cx 1 min
72°Cx 1 min

Table 2.5 Mycoplasma PCR cycling conditions
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2.1.6 Isolation and culture of primary cells

Samples of tumour and non-involved lung were obtained from patients enrolled in the
TargetLung Study undergoing tumour resection at Southampton General Hospital (Section
2.10). Following generation of a single-cell suspension from the tissue (Section 2.5), cells
were plated to the largest possible surface area at 100 000 cells/cm?. Cells were incubated
at 37 °C for 2 hours to allow fibroblasts to adhere to the flask surface before 3 PBS washes

to remove non-adherent cells.

2.1.7 Coating culture plates

Six- and 96-well plates were coated with either gelatin (Sigma), Matrigel® Basement
Membrane Matrix (Corning) or left uncoated. To coat plates with Matrigel®, 500 pl or 25 pl
(for 6- and 96-well plates respectively) of Matrigel® at 16 ng/ul164 were added to plates and
incubated on a rocker at 4 °C for 1 hour. Plates were coated with the same respective

volumes of 0.1% gelatin before incubation at 37 °C for 30 minutes.

2.1.8 Three-dimensional cultures

Gel mixes were prepared as in Table 2.6. Confluent primary fibroblasts were detached,
counted and diluted to 10x10° cells/ml. One hundred microlitres of this suspension were
added to 400 pl of the gel master mix. Four hundred microlitres of the resulting mixture
were plated to 1 well of a 24-well plate. Gels were incubated at 37 °C for 30 minutes to
allow setting, before 1 ml of “low serum” DMEM was added to each well. Gels were
detached the following day if not already spontaneously detached. Plates were incubated at

37 °C for 1 week, with growth medium changed three times.

On day 7, 100 pl of Collagenase IV stock (10 mg/ml; Sigma-Aldrich) were added to each well.
Plates were incubated with agitation at 37 °C for 1 hour. The gel-enzyme mixture was
pipetted to disaggregate any remaining fragments before transfer to an Eppendorf. The
suspension was centrifuged at 13000 rpm for 15 seconds. The resulting pellet was washed
with PBS and stored at -20°C for RNA extraction and use in real-time PCR (RT-PCR; Section

2.3).
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Reagent Collagen-Matrigel® gel (ul)

Collagen (3 mg/ml) 250

Matrigel® 195
10x DMEM 50
0.1 M NaOH 50
FCS 5

Table 2.6 Three-dimensional gel composition (400 ul/gel)

2.1.9 Gel contraction assays

Primary fibroblasts were washed with once with PBS, detached using 500 pl trypsin-EDTA,
and collected in “serum-free” DMEM. Cells were then diluted to 2x10° cells/100 pl, with 100
ul of this suspension added for each 900 pl gel. Collagen (Corning) was used at a
concentration of 1.5 mg/ml; water was added to yield a total volume of 900 pl per gel. Gels
were prepared on ice by the stepwise addition of water, collagen and cells to 100 pl 10x
DMEM (Thermo Fisher). Nine hundred microliters of the resulting mixture were added in
triplicate to wells of a 24-well plate. Gels were set by incubation for 1 hour at 37 °C before
addition of 1 ml “serum-free” DMEM. Gels were monitored for contraction and weighed at

48 hours.

2.1.10 Migration assays

Cell migration assays were performed using Transwell® inserts (polycarbonate filters, 8um
pore size; Corning). For each condition, 200 pul of attractant was applied to triplicate wells of
a 24-well plate (Corning), and a Transwell® culture insert added. The experimental setup is
represented in Figure 2.1. Plates were incubated at 37 °C for 1 hour. A serum-negative

control was included in each experiment.
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—1 —Transwell® insert

. < . Fibroblasts in serum-free DMEM

—1 Attractant

Figure 2.1 Transwell® migration assay setup

Primary fibroblasts were detached using 500 pl trypsin-EDTA before collection in “serum-
free” DMEM. This suspension was spun at 1500 rpm for 3 minutes, and the resulting
supernatant discarded. The resulting pellet was re-suspended in 2.5 ml ‘serum-free’
medium, before dilution to 50x10” cells/ml. 100 pl of this suspension were added to the
upper chamber of each Transwell insert. Plates were incubated overnight at 37 °C. The
following day, conditioned medium was removed and the wells washed with 500 pl PBS.
Plates were incubated with 500 pl trypsin-EDTA per well at 37 °C for 1 hour, before cell

counting using the CASY Cell Counter (Section 2.1.4).

2.2 Protein analysis

2.2.1 Protein extraction and quantitation

Cells were washed once with PBS before lysis on ice using fibroblast lysis buffer (25 mM Tris-
HCl pH 7.4, 150 mM NaCl, 0.5% Triton-X, 20 mM NH,4OH) with 1% protease inhibitor cocktail
(Set 1; Calbiochem, Merck). Cells were incubated with agitation at 4 °C for 30 minutes,
before scraping and collection on ice. To remove insoluble cellular components, lysates were
centrifuged at 13000 rpm at 4 °C for 15 minutes. Total protein quantitation was then
performed using the DC™ Protein Assay Kit (Bio-Rad) according to the manufacturer’s
instructions. Sample absorbance at 750 nm was measured using the VarioSkan Flash plate

reader (Thermo Fisher).

2.2.2 Polyacrylamide gel electrophoresis

Samples were diluted to equal protein concentrations across experimental conditions and
prepared in 1x Laemmli buffer (from a 5x concentrated stock; 625mM Tris pH 6.8, 10% SDS,

25% glycerol, 0.015% bromophenol blue, 15% [-mercaptoethanol) to reduce the proteins
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and facilitate loading. Samples were then boiled at 95 °C for 5 minutes to ensure protein
denaturation, and 30-40 pg were loaded into 8% SDS-PAGE gels (Table 2.7). Gels were run in
a Mini-PROTEAN Tetra Cell (Bio-Rad) in running buffer (Table 2.8) at 100 V for 30 minutes,
then 150 V for 90 minutes.

Reagent 8% Resolving gel Stacking gel
Acrylamide/bis-acrylamide (30%/0.8%) 2.6ml 670ul
ddH,0 4.6ml 3.59ml
1.5M Tris-HCl (pH 8.8) 2.6ml N/A

1M Tris-HCl (pH 6.8) N/A 630l

10% SDS 100l 50ul

10% APS 100l 50ul
TEMED 10ul 10ul

Table 2.7 SDS-PAGE gel composition for a total volume of 10 ml resolving gel and 5 ml

stacking gel
Reagent Mass for running buffer (g) Mass for transfer buffer (g)
Trizma-Base 75g 145g
Glycine 360g 725g
SDS 25g 25g

Table 2.8 Running buffer and transfer buffer composition

Both prepared as a 5X solution in 5 litres ddH,0

2.23 Western blotting

Proteins were transferred to a methanol-activated polyvinylidene (PVDF) membrane
(Millipore) in transfer buffer (Table 2.8) at 15 V overnight using the Bio-Rad Mini-PROTEAN
Tetra Cell. Membranes were then blocked in 5% milk (Marvel) in TBS-T (10 mM Tris-HCI
pH7.5, 150 mM NaCl, 0.05% Tween® 20) for 1 hour at room temperature, before incubation
with the relevant primary antibody (in PBS with 5% BSA and 0.5% Tween; Table 2.9) for 2

hours at room temperature. Membranes underwent 3 5-minute washes, and were then
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incubated with the appropriate secondary antibody for 1 hour at room temperature.
Following 3 five-minute washes in TBS-T, proteins were visualised using Supersignal West
Pico or Femto Chemiluminescent Substrate (Thermo Fisher Scientific). This was applied to
membranes, and the signal detected using the ChemiDoc-It Imaging System (UVP, LLC).

Relative densitometry was performed using the Fiji software package.

Antibody Molecular weight (kDa) | Working dilution | Manufacturer
FN-EDA 262 1:1000 Millipore

Col | 139 1:5000 Abcam

Palladin 110 1:1000 Novus Biologicals
Hsc-70 70 1:1000 Santa Cruz
HSP-47 47 1:5000 Abcam

SMA 42 1:1000 Sigma

Polyclonal rabbit anti- mouse |N/A 1:5000 Dako, Agilent
Polyclonal swine anti-rabbit | N/A 1:5000 Dako, Agilent

Table 2.9 Antibodies used for protein detection

Target proteins are upregulated in myofibroblasts relative to normal fibroblasts

2.3 Real-time quantitative polymerase chain reaction (RT-PCR)

23.1 RNA extraction

For harvesting, cell monolayers were detached as described in Section 2.1. The resulting
suspension was spun at 13000 rpm for 15 seconds, before being washed once with PBS and
spun again. Following aspiration of the supernatant, cell pellets underwent RNA extraction
using the Reliaprep™ RNA Cell Miniprep System (Promega), including optional DNase
digestion steps, in accordance with the manufacturer’s instructions. Following extraction,
samples were kept on ice, and RNA quantitation performed using the NanoDrop

Spectrophotometer (Thermo Fisher Scientific).
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2.3.2 cDNA synthesis

One microgram of RNA was reverse transcribed in a 20 ul reaction using the High Capacity
cDNA Reverse Transcription Kit (Applied Biosystems), according the kit’s protocol. Thermal
cycling conditions were those given in the manufacturer’s instructions (25 °C for 10 minutes,
37 °C for 2 hours, 85°C for 5 minutes, hold at 4 °C). The resulting cDNA was diluted to 2 ng/pl
with ddH,0 and stored at -80 °C.

2.3.3 Quantitative real-time PCR

Real-time PCR was performed using either Power SYBR® Green Real-Time PCR Master Mix
(Thermo Fisher Scientific) or TagMan® Gene Expression Assays (Thermo Fisher Scientific).
Power SYBR® Green Real-Time PCR Master Mix was used in conjunction with the 7500 Real
Time PCR System (Applied Biosystems). SYBR® Green | is a fluorescent dye that intercalates
between nucleotides, binding the DNA complexes formed during PCR. With increasing cycle
number and cDNA amplification, the fluorescence generated by SYBR® Green | increases.
The C,, or threshold cycle, is the intersection between the cDNA amplification curve and the
fluorescence threshold line; higher target sequence concentrations will result in higher
fluorescence at a lower cycle number, and thus give a smaller C; value. The PCR system
calculates C; values for the target cDNA sequences relative to specified housekeeping genes
(B-actin for cell lines, and a combination of f—actin, B,-microglobulin and GAPDH for primary
fibroblasts, to account for varied expression of different housekeeping genes between
samples). The C; of the target is then compared to the C; of the housekeeping gene (or

genes) to determine the relative concentration of RNA present in each sample.

Real-time PCR was performed by adding 5 pl of cDNA (2 ng/ul) with a SYBR® Green—primer
mixture (Table 2.10 and Table 2.11) to a 96-well plate (STARLAB [UK] Ltd). All samples were
plated in duplicate or triplicate before running on the 7500 Real Time PCR System (50 °C for
2 minutes, 95 °C for 10 minutes, then 40 cycles of 95 °C for 15 second and 60 °C for 1

minute], followed by 95 °C for 30 seconds and 60 °C for 15 seconds).
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Product Working concentration (uLM)
ACTA2 0.05

ACTB 0.1

B2M 0.1

COL1A1 0.05

COL3A1 0.1

CTGF 0.2

GAPDH 0.05

FN 0.05

MMP2 0.1

Table 2.10 Working concentrations of primers used in RT-PCR

Reagent Volume(ul)/reaction (primer/ddH,0)

Power SYBR® Green Real-Time PCR Master Mix 12.5

0.2 uM primer 0.5/6.5
0.1 uM primer 0.25/7
0.05 uM primer 0.125/7.25

Table 2.11 Reagent volumes for each RT-PCR reaction

Similar to cDNA quantification using SYBR® Green, TagMan® Gene Expression Assays
require a target-specific primer. However, TagMan® also uses a sequence-specific probe
with a fluorescent reporter at the 5’ end a quencher at the 3’ end. When in close proximity,
the quencher prevents fluorescent emission from the reporter. During the extension phase
of PCR, the Taq polymerase enzyme liberates the reporter from the probe, separating in
from the quencher, resulting in emission of measurable fluorescence. This increases with
cycle number and cDNA amplification, and is used to determine the relative RNA

concentration of samples in the same manner as SYBR® Green.

For real-time PCR, 2 ul of cDNA (1 ng/ul) were added with 10 pul of TagMan Fast Advanced

Master Mix (Thermo Fisher Scientific), 1 ul of TagMan Gene Expression Assay and 7 pl of
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nuclease-free water to a MicroAmp™ Fast Optical 96-well plate (Applied Biosystems).
TagMan® Assays were used with the QuantStudio 7 Flex Real-Time PCR system according to
the manufacturer’s guidelines (50 °C for 2 minutes, 95 °C for 20 seconds, 95 for 20 seconds,

then 40 cycles of 95 °C for 1 second and 60 °C for 20 seconds).

For use with the Biomark platform (Fluidigm), cDNA was first pre-amplified by addition of
62.5 ng to 5 pl PreAmp Supermix (Kapa Biosystems) and 2.5 pl pooled TagMan® Assays.
Amplification was performed according to the manufacturer’s guidelines (16 cycles of 95 °C
for 3 minutes, 95 °C for 15 seconds then 48 °C for 4 minutes). TagMan Gene Expression
Assays were diluted 1:2 with Assay Loading Reagent (Fluidigm). For each reaction, 2.25 pl
pre-amplified cDNA was added to 2.5 pl TagMan Fast Advanced Master Mix and 0.25 pl
Sample Loading Reagent (Fluidigm). Assays and sample mix were loaded to a 48.48 Dynamic
Array integrated fluid circuit and the GE 48x48 Fast v1 protocol run, in accordance with the

manufacturer’s instructions.

2.4 Assessment of metabolic activity

Metabolic activity was evaluated using the CellTiter 96™ AQueous Nonradioactive Cell
Proliferation Assay Kit (MTS; Promega). This assay contains MTS, a tetrazolium compound. In
metabolically active cells, MTS is reduced by NADPH or NADH to form a coloured product.
Assays were prepared according to the manufacturer’s instructions. Reagents were diluted
1:6 in “low serum” DMEM and 100 pl of this solution was added to each well. Following
incubation at 37 °C for 2 hours, absorbance at 490 nm was measured using the VarioSkan
Flash plate reader. To account for background absorbance, the MTS assay reagents were

plated in triplicate.

2.5 Tissue disaggregation

The tissue disaggregation protocol was performed as summarised in Figure 2.2. Samples
were received fresh from patients with non-small cell lung cancer enrolled in the TargetLung
study, undergoing surgical lung resection at Southampton General Hospital. Samples of
tumour and non-involved lung were transported in 5 ml “empty” DMEM on ice. Following a
five-minute wash in PBS with Amphotericin B (Gibco) to remove excess blood, samples were
incised 10-15 times to relax the tissue. Samples were then added to 5 ml “complete” DMEM

with DNase and enzyme (Table 2.12).

32



Chapter 2

Strain through
40 micron
filter

Wash in PBS-A
for 5 minutes

Incubate at
37°C

Mechanical
disaggregation

Add to enzyme
+ DNAse

Resuspend in 10 minutes
DMEM and

count cells

Spin at 1500
rpm for 5
minutes

Resuspend in
RBC lysis
solution

Spin at 1500
rpm for 5
minutes

Figure 2.2 Overview of the tissue disaggregation pipeline

Reagent Working concentration (U/ml) Manufacturer
DNase 0.4 Sigma
Collagenase P 3 Sigma
Liberase DL/TL 0.25/1 Sigma/Roche
Liberase TM 0.25 Sigma

Table 2.12 Concentrations of enzyme and DNase tested in tissue disaggregation optimisation

Samples were agitated at 37 °C for 15 or 60 minutes, with sequential pipetting (25 ml, 10 ml
and 5 ml pipettes) at 15, 30 and 60 minutes to promote tissue disaggregation. The resulting
suspension was strained through a 40 um-pore filter (Falcon, Corning), washed with 10 ml
“empty” DMEM, and centrifuged at 1500 rpm for 5 minutes. The resulting pellet was re-
suspended in 2 ml red cell lysis buffer (for an assumed 1x10° cells; BioLegend) and incubated
at 4 °C for 10 minutes. “Complete” DMEM (10 ml) was added, and the samples centrifuged
at 1500 rpm for 5 minutes. The resulting pellet was re-suspended in 1 ml of either cell
suspension buffer (90% ddH20, 9% Optiprep (Sigma), 1% PBS with 0.1% BSA) for use in Drop-
Seq, or “complete” DMEM for fluorescence-activated cell sorting. Any cells remaining were

plated for isolation of primary cells, as described in Section 2.1.6.

2.6 Fluorescence-activated cell sorting (FACS)

Cell lines (Section 2.1.1) were used for initial antibody optimisation. FACS analysis was
performed using 1x10° cells diluted in 1 ml 10% DMEM. In order to determine the relative
proportions of cell types in the single-cell suspension, 2x10° cells were re-suspended in 1 ml

“complete” DMEM.
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All cells were first incubated with viability dye mastermix, containing 5 pl of viability dye (7-
AAD, 50 ug/ml; BioLegend) and 105 ul of FACS buffer per sample, at room temperature for
10 minutes. Samples were washed with FACS buffer, before a second, 30-minute, incubation
with the staining mastermix (Table 2.13) or equivalent volume of FACS buffer for negative
controls. Following two further washes with FACS buffer, cells were re-suspended in FACS

buffer; 1 ml per 1x10° cells.

Stained cells were analysed by flow cytometry with the FACS Canto (BD Biosciences). For all
analyses, gating was performed as follows: 7-AAD vs. forward scatter area for live cells,
forward scatter area vs. forward scatter height to exclude cell doublets, and side scatter area
vs. forward scatter area to exclude debris. Gating to identify populations positive for each
antibody was performed on populations using forward scatter area vs. the relevant antibody
(see Figure 3.3). Negative populations were taken forward for further gating, meaning that
EpCAM-positive populations were negative for CD45, CD31-positive populations were
negative for CD45 and EpCAM, and CD90-positive populations were negative for CD45,
EpCAM and CD31. For initial antibody selection and optimisation using the cell lines,
histogram overlays of control and stained cells were generated. All data were analysed using

the FlowJo software package (version 10.2; FlowJo, LLC).
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Reagent Working Clone | Fluorophore | Manufacturer | Staining
concentration | identifier mastermix
(ng/ml) (1)

Anti-CD45 10 H130 FITC BiolLegend 5
antibody

Anti-EpCAM 10 9C4 Pacific blue |BiolLegend 5
antibody

Anti-CD90 5 RPA-T4 APC BiolLegend 5
antibody

Anti-PDGFR-a 5 16A1 PE BiolLegend 5
antibody

Anti-PDGFR- 20 18.A2 PE BiolLegend 5
antibody

Anti-CD31 5 WM59 PE BiolLegend 5
antibody

FACS buffer - - - - 90

Table 2.13 FACS staining mastermix composition per 1x10° cells

2.7

2.7.1

Capturing single-cell transcriptomes

Single-cell RNA sequencing (scRNA-seq)

A single cell suspension was generated from resection specimens as described in Section 2.5,

with the resulting pellet re-suspended in cell suspension buffer. Cells were counted and

diluted to 100 cells/ul: 150 000 cells were then loaded into a 3 ml Luer tip syringe (Henke

Sass Wolf). Droplet Generation Qil (Bio-Rad) was loaded into a 5ml Luer tip syringe (Henke

Sass Wolf). Finally, barcoded beads (Chemgenes, MA, USA) were re-suspended in cell lysis

buffer (Table 2.14) to give a final concentration of 100 000 beads/ml. Beads were then

loaded, with a magnetic bead, into a 3 ml Luer tip syringe. A Multi Stirrus™ magnetic stirrer
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(set to a speed of 20, approximately 300 rpm; V & P Scientific, Inc.) was used to maintain the

suspension and even distribution of beads in the lysis buffer.

Reagent Manufacturer Volume (pl)
H,0 Millipore 500

20% Ficoll PM-400 Sigma 300

20% Sarkosyl Sigma 10

0.5 M EDTA Ambion 40

2 M TrispH 7.5 Sigma 100
1MDTT Sigma 50

Table 2.14 Cell lysis buffer composition (for 1 ml)

Syringes were loaded into syringe pumps (Centre for Hybrid Biodevices, University of
Southampton) and attached to the microfluidic device (Figure 2.3) by plastic tubing
(experimental setup shown in Figure 2.4). The device was placed on a microscope stage
(Centre for Hybrid Biodevices, University of Southampton), allowing visualisation with GTK+

UVC Viewer and Pd-extended software (both open source) on a Raspberry Pi device.

I I | I

OIL CELLS BEADS OUTFLOW

Figure 2.3 The microfluidic device used in Drop-Seq (from Macosko et al.**?)
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!

| |
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oil u Outflow (droplets)
Microscope stage

Figure 2.4 Drop-Seq experimental set-up (from Macosko et al."*")

\/

Syringe pumps were started in the order: cells, beads, oil. This prevents bead solution (cell
lysis buffer) from flowing back into the cell channel and lysing cells prior to droplet
generation. Flow rates were set at 15 000 pl/hour for oil and 4 000 pl/hour for cells and
beads. After outflow stabilisation (approximately 10-40 seconds), 0.2 pl of droplets were
collected to a Fuchs-Rosenthal haemocytometer chamber (NanoEnTek). Droplets were
visualised using a microscope to confirm uniform droplet size, and that the rate of doublets
(droplets containing two beads) was within an acceptable range (<5%). Approximately one
millilitre of aqueous flow was collected. Excess oil was removed and 30 ml of 6X SSC buffer

(Gibco, Life Technologies) and 1 ml perfluoro-octanol (Sigma-Aldrich) were added.

Droplets were broken (by 3-4 vigorous vertical shakes) to allow collection of the barcoded
beads and bound mRNA. The suspension was spun for 1 minute at 1000 g and the
supernatant removed. To remove remaining oil, 30 ml of 6X SSC was added. Following a few
seconds’ pause to allow oil to precipitate, the supernatant was transferred to a new tube
before being spun at 1000 g for 1 minute. The supernatant was removed, leaving the
precipitated beads. Beads were washed twice with 1 ml 6X SSC and once with 300 pl 5X

reverse transcription (RT) buffer (Thermo Scientific).

2.7.2 cDNA synthesis, PCR and sequencing

Reverse transcription was performed to generate cDNA from the RNA hybridised to the bead
primers. Two hundred microlitres of RT mix (Table 2.15) were added to each sample. Samples
were incubated with agitation at room temperature for 30 minutes, then at 42 °C for 90

minutes. Samples were washed once with TE-SDS (10 mM Tris pH 8.0, 1 mM EDTA, 0.5% SDS),
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once with TE-TW (10 mM Tris pH 8.0, 1 mM EDTA, 0.01% Tween-20), and once with 1 ml 10

mM Tris pH 8.0.
Reagent Volume (ul) Manufacturer
H,O 75 Millipore
5x RT buffer 40 Thermo Scientific
20% Ficoll PM-400 40 Sigma
10 mM dNTPs 20 Clontech
RNase inhibitor 5 Lucigen
50 uM Template Switch Oligo 10 Eurogentech
H- RTase 10 Thermo Scientific

Table 2.15 Reverse transcription mix (for 200 pl; one sample)

To remove bead primers which did not bind an RNA molecule, exonuclease | treatment was
then performed. Each sample was incubated with 200 pl of exonuclease mix (Table 2.16) for

45 minutes at 37 °C, before washing once with 1 ml TE-SDS, twice with 1 mlI TE-TW and once

with 1 ml H,0.

Reagent Volume (pl) Manufacturer
Exo | buffer (10x) 20 BioLabs

H,O 170 Millipore

Exo | 10 BioLabs

Table 2.16 Exonuclease mix (for 200 pul; one sample)

Beads were re-suspended in 1 ml H,O before counting using a Fuchs-Rosenthal
haemocytometer chamber. To generate a cDNA library, 2000 beads (to yield approximately
100 STAMPs; single-cell transcriptomes attached to microparticles) were added to each PCR
tube. One hundred microlitres of PCR mix (Table 2.17) were added to each tube before PCR
(95 °C for 3 minutes, 4 cycles of 98 °C for 20 seconds, 65 °C for 45 seconds, 72 °C for 3
minutes then 10 cycles of 98 °C for 20 seconds, 67 °C for 20 seconds, 72 °C for 3 minutes

then 72 °C for 5 minutes and hold at 4 °C).
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Reagent Volume (pl) Manufacturer

Water 25.6 Millipore

PCR primer 0.4 Integrated DNA Technologies
HiFi Hotstart Readymix 25 Kapa Biosystems

Table 2.17 PCR mixture (50 ul; one sample)

The cDNA library was purified according to the manufacturer’s instructions using 30 pl
AMPure XP beads (Beckman Coulter) per PCR tube. PCR amplicons bind these magnetic
beads. When PCR tubes are placed in a magnetic plate, the amplicons bound to beads are
separated from contaminants, which are removed by washing with ethanol. Purified
samples were eluted in 13 ul H,0. Library quantification was performed using a BioAnalyzer

High Sensitivity Chip (Agilent Genomics) according to the manufacturer’s instructions.

Samples were then tagmented using the NextEra XT Library Prep Kit (Illumina). This process
fragments and labels cDNA to generate a sequencing library, and allows multiplexing of
samples at sequencing. For each sample, 600 pg of purified cDONA were made up to a total
volume of 5 ml with H,0. Nextera TD buffer (5 pl) and Amplicon Tagment enzyme (5 ul)
were added to each tube. The resulting mixture was incubated at 55 °C for 5 minutes. Five
microlitres of neutralisation buffer were added before incubation at room temperature for 5
minutes. PCR mix (Table 2.18) was added to each tube before PCR was performed (95 °C for
30 seconds, 12 cycles of 95 °C for 10 seconds, 55 °C for 30 seconds, 72 °C for 30 seconds

then 72 °C for 5 minutes and hold at 4 °C).

Reagent Volume (pl) Manufacturer
Nextera PCR Mix 15 [llumina

H,O 8 Millipore

10 uM New-P5-SMART PCR hybrid oligo 1 llumina

10 uM Nextera N70X oligo 1 [llumina

Table 2.18 Library PCR mixture composition (25 pul per sample)
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The tagmented library was purified and quantified as for the cDNA library. For sequencing,
20 pl of a 3 nM library pool was prepared. To denature samples, 10 pl of the library pool
were incubated with 10 pl of 0.2M NaOH for 5 minutes. Denaturing was halted by the
addition of 980 pl of HT1 buffer (lllumina). One hundred microlitres of this solution were
added to a further 1.2 ml HT1 buffer to generate a 2.3 pM library for sequencing. Sample

libraries were loaded to a NextSeq 500 sequencer (lllumina) for paired-end read sequencing.

2.7.3 Sequence alignment, transcript identification and quantification

Raw reads from the sequencer were converted to a sorted, unmapped SAM file using Picard
[lluminaBasecallsToSam. Reads were filtered to remove all read pairs with a quality score of
less than ten. The second of the paired reads was trimmed at the 5’ end to remove adapter
sequences, and at the 3’ end to remove polyA tails. Reads were aligned to the human

185 then sorted, converged and merged to form a BAM file. Reads

genome (hg19) using STAR
were tagged with the suffix —GE to allow data extraction. Digital mRNA transcript counting
was performed using the DigitalExpression program™?, creating a digital gene expression

matrix (DGE; contains one measurement per gene per cell) for downstream analysis.

2.8 Bioinformatic analysis

2.8.1 Quality control

Bioinformatic analysis of the DGE was performed using the Seurat package'®® in R. Initial
quality control was performed to remove dead cells and doublets (cells which adhere
together or are co-isolated). Cells that are damaged or broken (equating to dead or dying
cells) are most frequently identified bioinformatically by their upregulation of

167,168

mitochondrially-encoded genes . This is believed to be indicative of loss of cytoplasmic

content: cytoplasmic mRNAs will be lost from broken cells at a greater rate than those of the

%7 Therefore, to

mitochondria, which are retained within two mitochondrial membranes
remove dead or dying cells, events with a high outlier level of mitochondrial DNA percentage
were filtered and excluded from downstream analysis. Doublets were identified using a
graph showing the correlation between the number of genes identified per cell (nGene) and

the number of unique molecular identifiers per cell (nUMI). Outliers on this plot were then

filtered and removed from subsequent analysis.
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As an additional metric for the identification of low-quality cells, we calculated per-droplet
estimates of ambient RNA capture. These calculations were based on the assumption that
genes most highly expressed across each individual sample are, by probability, those most
likely to account for prominent components of ambient RNA. Therefore, low-quality or
empty droplets will show enrichment for these genes and a low total number of genes
(nGene). To calculate these estimates, we first estimated a lower threshold for nGene, based
on the distribution of nGene across all events. This was taken as 2.5 median absolute

deviations (MADs) below the median for logo(nGene)™®®

(64 genes in this dataset). Using the
raw DGE matrix for each sequenced sample, the top sixty-four highly expressed genes (by
total number of reads) were identified across all cells as an “ambient” RNA signature. The
percentage of total genes detected (Ambient.RNA.genes) or reads (Ambient.RNA.counts) per

cell composed of this signature was calculated, and used as a relative measure of ambient

RNA incorporation.

2.8.2 Dimensionality reduction

In Seurat, the most highly variable genes within the dataset are calculated and used for
downstream analysis. Variable genes are identified by calculating the average expression
and dispersion for each gene. Genes are then assigned to a bin, and a z-score for dispersion
within each bin is calculated. Thresholds for dispersion and expression are set by identifying

outliers on the dispersion-expression plot.

Next, to improve the performance of further analysis, linear dimensionality reduction
(principal component analysis; PCA) is carried out on the highly variable genes. PCA
projection is also performed: this function scores each gene in the dataset based on its
correlations with the identified principal components. This can be used to identify genes
that correlate with cellular heterogeneity, but may have been excluded during selection of

variable genes.

Seurat clusters cells based on their principal component scores, so it is necessary to select
which principal components are included in this stage of analysis. This is performed using
the “jackstraw” function, which calculates p values for each of the principal components.
This allows identification of the true dimensionality of the dataset. Principal components

with a p value of less than 0.001 were included in downstream analysis.
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283 Clustering

Clustering was performed in Seurat, which uses a graph-based approach. The package
constructs a k-nearest neighbours graph and refines this using the shared local
neighbourhood overlap between cells. To group cells iteratively, SLM (a modularity
optimisation technique) is applied. In Seurat, the clustering function contains a resolution
parameter, which allows alteration of the granularity of the downstream clustering (a larger
resolution value results in more clusters). The optimum resolution (i.e. the resolution
generating the highest average silhouette width; see below) was calculated using a for loop

in R.

Non-linear dimensional reduction (tSNE; t-distributed stochastic neighbour embedding) is
used to enable visualisation of the clusters. This technique groups cells in similar
neighbourhoods in high-dimensional space together in low-dimensional space: cells
clustered as above co-localise on the tSNE plot. Clustering quality was assessed using the
“silhouette” function in the Cluster package’’ in R. This provides a measure (the average
silhouette width) of how similar each event is to the other cells in its assigned cluster: using

a scale of 0 to 1, a high value indicates that a cell is appropriately clustered.

2.8.4 Identification of marker genes

Differential gene expression was used to identify the markers that define each cluster.
Seurat compares each cluster to all other cells in the dataset, identifying both positive and
negative markers. The function includes the “min.pct” and “thresh.use” parameters. The
former allows setting of thresholds for the minimum percentage at which a gene must be
detected in either of the two cell groups being tested. The ‘thresh.use’ argument specifies
the minimum average difference in expression of a gene needed between the two groups.
Differential expression was assessed using the likelihood-ratio test for single-cell gene

. 171
expression .

2.8.5 Cell type identification

Cell types were assigned to clusters using the ToppFun gene set enrichment tool*’%. Cluster
marker genes with a p value of less than 0.001 were compared to gene sets from the

Immunological Genome'”® and LungGENS'"* projects.
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2.8.6 Merging datasets

Canonical correlation analysis (a form of dimensionality reduction) was applied using Seurat,
using the highly variable genes common to both datasets. The results of this are the
canonical correlation vectors, which project both datasets into the maximally correlated
subspace. Similar to principal component analysis (Section 2.8.2), it is necessary to select
which canonical correlation vectors to include in downstream analysis. This was performed
using the MetageneBicorPlot Seurat function'”, as the “JackStraw” function used for
principal components is currently not compatible with canonical correlation vectors. The
chosen vectors are then used to align the gene expression values of the two datasets,

allowing direct comparisons of the integrated data.

2.8.7 Gene set enrichment analysis (GSEA)

Gene set enrichment analysis was performed with the Broad Institute’s GSEA program®’®*”’

using differentially expressed genes ranked by decreasing average difference. This technique
examines specified genes to determine whether there is statistically significant enrichment
of genes associated with, for example, specific biological processes or pathways. The
generated output includes values for both the normalised enrichment score (NES) and false
discovery rate (FDR) g-value. The normalised enrichment score represents an enrichment
score corrected for e.g. differences in the gene set size; the FDR g-value represents the
probability that a given gene set enrichment result is a false-positive finding. An FDR g-value

< 0.2 was taken as significant.

The GSEA program was also used to perform leading edge analysis. This function analyses
the input gene list to identify the core genes responsible for a gene set’s enrichment score.
When applied to a list of cluster marker genes, leading edge analysis identifies the genes

associated with the highest number of enriched gene sets.

2.8.8 Trajectory analysis

Trajectory analysis was performed using the Monocle package in R’

. The Monocle algorithm
constructs single-cell trajectories and plots the progression of cells through a given biological
process (“pseudotime”; for example, the transition from normal to cancer-associated
fibroblast), assigning each cell to a branch (or “State”) depending on its progression.

Differential gene expression analysis was then performed using the in-built Monocle

43



Chapter 2

“differentialGeneTest” function to identify which genes define the differentiation of

fibroblasts to distinct States.

2.9 Histological processing and analysis

29.1 Immunohistochemical staining

Immunohistochemical staining of sections from TargetLung patients was performed by

I*”® with optimisation by

Maria Machado using a previously-described multiplexed protoco
Maria Machado and Dr. Chris Hanley (University of Southampton). Four micrometre sections
of formalin-fixed paraffin-embedded sections were mounted on Superfrost slides
(ThermoFisher) and baked for 60 minutes at 60 °C. Deparaffinisation, rehydration, antigen
retrieval and immunohistochemical staining were performed using the PT Link Autostainer

(Dako) pre-defined program. Antigen retrieval for all antibodies was performed using the

EnVision FLEX Target Retrieval Solution, High pH (Dako).

Sections were incubated with primary antibody (Table 2.19) for 20 minutes (with the
exception of pan-cytokeratin, which was incubated for 30 minutes). Endogenous peroxidase
activity was blocked using the Envision FLEX Peroxidase-Blocking reagent (Dako). EnVision
FLEX HRP detection reagent (Dako) was used for secondary amplification and enzymatic
conjugation. Chromogenic visualisation was performed using haematoxylin counterstaining
and 2 5-minute washes in either diaminobenzidine (DAB, for AE1/AE3 staining) or 3-amino-
9-ethylcarbazole (AEC, for periostin, serpin E1 and SMA staining). Following staining for
cytokeratin, sections were sequentially stained for a-SMA, periostin and serpin E1. Antigen
retrieval was re-performed between each staining iteration, along with removal of the labile
AEC staining and the previous round of antibodies using the following set of organic
solvents: 50% ethanol, 2 minutes; 100% ethanol, 2 minutes; 100% xylene, 2 minutes; 100%
ethanol, 2 minutes; 50% ethanol, 2 minutes. This process was repeated between each of the

antibodies.
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Antibody Working dilution Clone ID Manufacturer
Anti-pan-cytokeratin Pre-diluted AE1/AE3 Dako
Anti-periostin 1:1000 Polyclonal abcam
Anti-serpin E1 1:50 Polyclonal Sigma
Anti-a-SMA Pre-diluted 1A4 Dako

Table 2.19 Primary antibodies used in multiplexed immunohistochemical staining

2.9.2 Digital Pathology processing

Stained slides were scanned at 20X with the ZEISS Axio Scan.Z1, using ZEN 2 software

(ZEISS). A pre-defined scan profile was used for immunohistochemical staining. Pseudo-

immunofluorescence images were created using a macro in the Fiji software package,

written by Dr. Chris Hanley (University of Southampton).

2.10 Patient characteristics

Fresh lung tissue was received from treatment-naive patients with resectable disease

enrolled in the TargetLung study (approved by NRES Committee South Central: Hampshire A,

REC number 14/SC/0186) undergoing surgery at Southampton General Hospital. Patients

eligible for recruitment to TargetLung are those aged 18 or over undergoing a diagnostic

procedure for suspected primary lung pathology (including cancer and fibrosis) and able to

give written informed consent for prospective tissue sampling. Patient characteristics are

listed in Table 2.20. All patients underwent ALK and EGFR mutation status testing.

2.11 Statistics

Continuous data with a normal distribution were analysed using the unpaired two-tailed t-

test. Categorical data were analysed using the Mann-Whitney U test. Where values are

expressed as a fold change of the control, analysis was carried out with Welch’s t-test.

Comparisons across multiple categories were performed with the ordinary one-way ANOVA.

Statistical analysis was performed in Prism (GraphPad) and R. Figures were prepared in

Prism (GraphPad), R and lllustrator (Adobe).
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Unless otherwise stated, graphs show mean values +/- the standard error of the mean
(S.E.M.). Significance values are denoted as follows: p > 0.05: ns, 0.01< p <0.05: *, 0.001< p
<0.01: **,0.0001< p <0.001: ***,
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TNM stage Smoking
Age Gender | Subtype Stage Mutation status

T|N|M Status When stopped Pack years

76 F LUSC 3 0 0 |2B Ex-smoker Not available 75 Negative

58 M LUSC 3 2 0 |3A Current N/A 20 Negative

79 M LUSC la| O 0 |1A Ex-smoker 5 years 45 Negative

53 F LUAD 2a | O 0 |1B Current N/A 70 Negative

79 M LUAD 2a | O 0 |1B Never N/A N/A EGFR exon 19 deletion

63 F LUAD 3 0 0 |2B Ex-smoker 15 years Unknown Negative

64 M LUSC b | O 0 |1A Ex-smoker 8 years Unknown Negative

87 M LUAD 3 2 0 |3A Ex-smoker 40 years Unknown ALK translocation

84 M LUSC b | O 0 |1A Current N/A 16 Negative

59 F LUSC 2a | O 0 |1B Current N/A 40 Negative

70 F LUAD b | O 0 |1A Ex-smoker 40 years Unknown EGFR missense at codon 858, exon 21

69 F LUSC 2b | O 0 |2A Unknown N/A N/A Negative

Table 2.20 Characteristics of scRNA-seq patients. LUSC: squamous cell carcinoma, LUAD: adenocarcinoma
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Chapter 3  Results 1: Optimising primary tissue

dissociation for single-cell analysis

3.1 Introduction

Fibroblasts are most commonly isolated on tissue culture plastic using serum to stimulate

180,181

outgrowth from tissue, before expansion in vitro prior to analysis . This is a well-described

47,182,183

and reliable method of generating fibroblast cultures . However, in vitro culture has been

shown to alter fibroblast phenotype'® and whether the functional differences described in vitro

. . . . - 134,183
recapitulate in vivo phenotypes remains to be determined™"""".

Single-cell RNA sequencing represents a significant technological advance in gene expression
profiling from human tissue samples, and could provide a valuable tool for characterising
fibroblast phenotypes. To use this technology, tissue samples must be reduced to a single-cell
suspension, preferably enriched with the cells of interest to reduce the costs associated with
unnecessary sequencing. Enzymatic tissue disaggregation, alone or in combination with
mechanical methods, has been routinely used to generate single-cell suspensions of a variety of

135136184186 | )nlike immune cells, fibroblasts are typically embedded in a

immune cell populations
dense extracellular matrix, and it has not yet been determined whether previously-described
approaches would be as effective for fibroblast isolation. Standardised disaggregation protocols

for human solid tissues, including lung, are lacking.

Here, we first optimise a fluorescence-activated cell sorting (FACS) gating strategy and identify the
most robust surface marker for lung fibroblasts. We then compare previously-described
approaches for tissue disaggregation, determining the optimal method for stromal cell isolation

from primary human lung tissue.

3.2 Optimising FACS analysis of fibroblasts

Fibroblasts are known to be heterogeneous with respect to surface marker expression: no single
marker will define all fibroblasts. First, optimisation of gating for live cells was performed using

cell lines, as described in Section 2.6 (Figure 3.1).
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Figure 3.1 FACS gating strategy for identifying single live cells.

Scatter plots showing: (a) live cell gating, 7-AAD vs. FSC-A; (b) gating for single cells,
FSC-A vs. FSC-H; (c) gating to exclude cell debris, SSC-A vs. FSC-A

The expression of three previously-described fibroblast surface markers (PDGFR-a and —3, and
CD90) by foetal lung (IMR-90) and skin (HFFF2) fibroblasts and a lung cancer cell line (H441) was
then compared (Figure 3.2). Platelet-derived growth factor alpha (PDGFR-a) has been described
as a robust marker of fibroblasts®®, and is expressed by up to 90% of fibroblasts in solid

187

tumours™". CD90 (Thy-1) is a glycosylphosphatidyl-inositol-linked cell surface glycoprotein that is

18 D90 was found to be a robust marker of

expressed by the majority of normal lung fibroblasts
lung fibroblasts with greater sensitivity and specificity than PDGFR-a alone or in combination with
PDGFR-B and was therefore used in all further analyses (CD90: 99.2% positivity with 1175-fold
increase in mean fluorescence intensity [MFI] compared to the negative control; PDGFR-a: 4.1%
positivity with 4.6-fold increase in MFI; and PDGFR-a with —f3: 9.2% positivity with 19-fold increase
in MFI; Figure 3.2). It is noteworthy that HFFF2 cells showed heterogeneous expression of CD90.
This may suggest that although positive CD90 staining is a robust method to identify some

fibroblast populations by FACS, this marker may not be expressed ubiquitously by all fibroblasts.
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Figure 3.2 CD90 is a more robust marker of lung fibroblasts than PDGFR-a either alone or in

combination with PDGFR-f3

Histograms showing positivity of cell lines and the unstained mixture for: (a) PDGFR-

a; (b) PDGFR-a and -3 and (c) CD90

3.3 Tissue disaggregation using Collagenase P for 60 minutes is required

to increase the number of fibroblasts isolated from tissue samples

Immune, epithelial and endothelial cells were identified using the well-described markers CD45°,
EpCAM™ and CD31™?, respectively. The gating strategy was set using the following positive
controls: Liberase-treated normal lung tissue (immune cells), H441 adenocarcinoma cells
(EpCAM), HUVECs (CD31) and IMR-90 cells (CD90). These gating thresholds were applied to all

future analyses (Figure 3.3).
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Figure 3.3 FACS panel validation and identification of positive staining thresholds

Scatter plots showing positivity of: (a-d) unstained populations, (e-h) positive control
populations. (i-1) histograms showing positivity of unstained and positive control
populations. Left to right: CD45, immune cells; EpCAM, epithelial cells; CD31,

endothelial cells; CD90, fibroblasts

Matched tumour-normal samples were disaggregated as described in Section 2.5. FACS was then
used to examine the effect of different protease cocktails (Collagenase P, Liberase DL, TL and TM)
on fibroblast isolation from lung tissues. To compare directly different conditions in the same
sample by FACS analysis, approximately two hundred thousand cells were needed. This required a
minimum of one hundred milligrams of tissue per condition. Sufficient tissue was received from

non-involved lung only, due to the smaller sizes of tumour samples received.

The effect of both the duration of tissue digestion (15 vs. 60 minutes) and the choice of enzymatic
preparation (Collagenase P, Liberase DL/TL and Liberase TM; Table 3.1) were examined (Figure
3.4). Shorter disaggregation times (15 minutes) and lower protease-strength enzymes (Liberase
DL, TL and TM) were insufficient to isolate stromal cells; instead yielding high proportions of
immune cells (CD45+). In contrast, tissue digestion with Collagenase P for 60 minutes resulted in a
greater diversity of cell types isolated (Figure 3.4a), with a significantly lower proportion of CD45+
cells and a significantly higher proportion of CD45-EpCAM-CD31-CD90+ cells (i.e. fibroblasts;

Figure 3.4b and c). There was no significant change in the fractions of CD45-EpCAM+ (epithelial)
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or CD45-EpCAM-CD31+ (endothelial) cells (Figure 3.4d and e). Dissociation enzyme and duration

did not significantly affect cell yield or viability (Figure 3.5a and b).

Enzyme Description; specific activity at working concentration
Collagenase P Collagenase P, multiple enzyme activities; 3 U/ml

Liberase DL Collagenase | & Il, low concentration Dispase; 0.25 U/ml
Liberase TL Collagenase | & Il, low concentration Thermolysin; 0.25 U/ml
Liberase TM Collagenase & Il, medium concentration Thermolysin; 0.25 U/ml

Table 3.1 Composition of disaggregation enzymes used. Specific collagenase activity is given in

Winsch units

This analysis also revealed that epithelial cells represented a surprisingly low proportion of the
cells isolated. We hypothesised that this was due to the tight intercellular interactions between
these cells, with resulting cell aggregates removed either during filtration or at FACS analysis. To
test this, following Collagenase P incubation for 60 minutes, single cell suspensions were
additionally incubated with TrypLE (Thermo Fisher) at 37 °C for 10 minutes. This yielded a
significantly higher proportion of epithelial cells (Figure 3.6a), accompanied by a reduced immune
cell fraction (Figure 3.6b). The percentages of endothelial cells and fibroblasts were not
significantly affected (Figure 3.6c and d). Dissociation using Collagenase P for sixty minutes with
the additional TrypLE step was selected for use in all further tissue disaggregation. Together,
these data show that the enzymes and incubation periods used to disaggregate tissue samples

can have a significant impact on the proportions of different cell types isolated.
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Figure 3.4 Disaggregation enzymes and incubation times have a significant impact on stromal cell

isolation

(a) Representative pie charts for each disaggregation time and enzyme cocktail. Dot
plots showing cell-type fractions isolated by different disaggregation procedures
across human patient samples (n=5): (b) Fibroblasts (CD45-EpCAM-CD31-CD90+), (c)
Immune cells (CD45+), (d) epithelial cells (CD45-EpCAM+) and (e) endothelial cells
(CD45-EpCAM-CD31+). *p < 0.05, unpaired t test
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Figure 3.5 Disaggregation enzyme and duration do not affect cell yield or viability

Dot plots showing (a) cell yield and (b) cell viability percentage for different

disaggregation procedures across human patient samples (n=5)
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Figure 3.6 TrypLE increases the fraction of EpCAM-positive cells

Dotplots showing the percentages of cell types generated by tissue disaggregation
for sixty minutes with Collagenase P, with and without TrypLE (n=3): (a) EpCAM, (b)
CD90, (c) CD45 and (d) CD31. *p <0.05, unpaired t test
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34 Lung disaggregation with Collagenase P for sixty minutes is
compatible with single-cell RNA sequencing using the drop-seq

platform

To determine the suitability of the optimised disaggregation protocol for examination of gene
expression profiles with single-cell RNA sequencing (scRNA-seq), we processed primary human
lung tissue (a lung involved by granulomatous inflammation) and captured single-cell

131

transcriptomes using Drop-seq . Quantification and fragment analysis of PCR-amplified cDNA

confirmed that the quantities of full-length transcripts generated were sufficient for sequencing

(Figure 3.7).
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Figure 3.7 Tissue disaggregation using the optimised protocol generates sufficient cDNA quantities
(> 3000 pmol/l) for single-cell RNA sequencing with Drop-seq. BioAnalyzer trace

showing Tagmented cDNA library quantification

3.5 Discussion

Comparing previously-described fibroblast markers, we established that CD90 is a robust marker
of lung fibroblasts. We used this marker to identify the proportion of fibroblasts generated by
different disaggregation protocols, and observed that disaggregation using Collagenase P for sixty
minutes yielded the highest fraction. Adding TrypLE to this approach significantly increased the
proportion of epithelial cells. Quantification of the tagmented library generated using this method

confirmed that this generates cDNA of sufficient quality and quantity for analysis using Drop-seq.
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The described analysis demonstrates that the proportions of cell types isolated from tissues are
significantly impacted by the choice of disaggregation method: this has implications for profiling
tissues using this approach with, for example, single-cell RNA sequencing. There are, however, a
number of limitations to this analysis. First, there is no “ground truth” with which to compare the
fractions of isolated cell types, in order to determine which approach most accurately reflects the
proportion of cells types seen in vivo. Evaluation of which method generated the highest fraction

of CD90-positive cells was performed relative to the other tested approaches.

Secondly, optimisation of the disaggregation process was performed on tissue from non-involved
lung only, due to the smaller mass of tumour samples available. Although disaggregation with
Collagenase P for one hour generated the highest fraction of CD90-positive cells from normal
tissues, there is a possibility this finding would not extrapolate to tumour samples: some
differences in cellular composition are to be expected when comparing normal and malignant
tissues. For example, a subset of non-small cell lung carcinomas show significant desmoplasia (a

stromal reaction rich in CAF)*®?

, and would therefore be expected to contain a high proportion of
fibroblasts. In contrast, normal lung parenchyma would comprise relatively low levels of
fibroblasts, given that these cells are primarily located in the adventitia of the airways and

191
vasculature™".

Thirdly, enzymatic disaggregation has previously been shown to impact surface marker expression

through indiscriminate protease activity**>**’

. This may limit the use of this technique for cell type
identification by FACS (in addition to other downstream applications), if the markers of interest
are susceptible to proteolytic cleavage by the Collagenase P enzyme cocktail. However, it is
unlikely that such changes in surface marker expression will be reflected by a corresponding

change in mRNA, or that this would significantly impact single-cell RNA sequencing or longer-term

tissue culture.

The described heterogeneity in the fibroblast population extends to surface marker expression:
there is no single marker that will reliably identify all fibroblasts. We assessed the suitability of
PDGFR-a, -f and CD90 (Thy-1) as use of positive surface markers for fibroblasts. CD90 was highly
sensitive marker of lung fibroblasts, outperforming PDGFR-a and B, and was therefore used to
identify fibroblasts from tissue samples. It is of note, however, that CD90 was expressed by fewer
than half of skin fibroblasts. Furthermore, the lung cell line used for marker validation was of
foetal origin: it is possible that the above approach overestimates the fraction of CD90-positive
cells, should human adult fibroblasts show heterogeneous expression of this marker (as seen in

188,192

animal models ). It is therefore likely that some fibroblasts will not be identified using the

FACS panel described.
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Comparison of different disaggregation durations and enzymatic cocktails showed that extended
collagenase incubation times are required to release fibroblasts from tissue samples, whereas
non-adherent cells (such as immune cells) are more readily and rapidly isolated by enzymatic
disaggregation. Although prolonged incubation with bacterial collagenases has been reported to
cause cellular damage through proteolysis™**, we did not observe any significant differences in cell
viability between the conditions investigated here. This protocol may be modified to isolate other
cell types: we hypothesised that EpCAM-positive cells were underrepresented at FACS as a result
of the removal of cellular aggregates during processing and analysis. Addition of TrypLE (an
enzyme used for the dissociation of adherent cells, with a lower impact on cell viability than
trypsin'®®) generates a significantly higher fraction of epithelial cells without affecting the

proportions of stromal cells.

As mentioned previously, no single marker will identify all fibroblasts: of the markers tested, CD90
was the most sensitive and specific for lung fibroblasts, and was therefore used to identify this
population in disaggregated primary lung tissues. Disaggregation using Collagenase P for one hour
generated the highest proportion of CD90-positive cells relative to the other approaches

examined, whilst also maintaining isolation of a range of cell types for analysis by scRNA-seq.
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Chapter 4  Results 2: Single-cell RNA sequencing and

“lineage clustering”

4.1 Introduction

Surface marker expression in fibroblasts is heterogeneous: no single marker will identify all
fibroblasts. In addition, the markers currently used (such as a-smooth muscle actin, a-SMA;
platelet-derived growth factor, PDGFR; and fibroblast activation protein-a, FAP-a) are also
expressed by other cell types®”. In order to characterise accurately fibroblast subtypes and

investigate functional differences, precise phenotyping at a single-cell resolution is required.

Droplet-barcoded single-cell RNA sequencing (Drop-seq) is a relatively cost-effective platform

3% Use of Drop-seq enables identification of

giving broad coverage of a range of cell types
different cell populations following sequencing, without the need for identification or sorting
upfront. This technology has been used successfully to characterise cell populations in diverse

131-133

tissues including the retina, thymus and kidney . Bioinformatic analysis of the single-cell RNA

175

sequencing data generated was primarily performed using the Seurat R package . This package
facilitates dimensionality reduction and clustering using a shared nearest neighbour-based

algorithm™*.

Here, we optimise a single-cell RNA sequencing analysis pipeline using lung cell lines, confirming
that this approach is able to identify distinct cell lineages. We define a generalisable method for
guality-control of single-cell RNA sequencing data, and assess the impact of enzymatic tissue
disaggregation on gene expression. We then use this approach to analyse single-cell suspensions
generated from primary tissues as described in the previous chapter. Having identified multiple
distinct cell types, we then refine the identification of stromal cells within the dataset, excluding

low-quality or misclassified cells from downstream analysis.

4.2 Identifying distinct lineages with single-cell RNA sequencing

An initial optimisation experiment was performed using a mixture of lung carcinoma and
fibroblast cell lines (H441 and IMR-90; Section 2.1.1) to confirm that the Drop-Seq platform and
subsequent analysis were able to separate and identify cells of different lineages. Sequencing data

was aligned to the genome and a digital gene expression matrix generated as described in Section
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2.7.3. A total of two hundred and one cells were sequenced. Cells that were outliers for the
number of unique molecular identifiers (nUMI; indicative of low-quality cells) were identified
using violin plots (Figure 4.1a). Outliers for number of genes expressed (nGene; low values
suggestive of poor-quality cells, high values indicative of cell doublets) were identified on an

nGene vs. nUMI scatter plot (Figure 4.1b).
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Figure 4.1 Quality control metrics for lung cell lines

(a) Violin plot of nUMI, (b) Plot of nGene vs. nUMI. Solid red lines represent exclusion

thresholds for each parameter

Using these quality control metrics, cells with fewer than 200 unique molecular identifiers (nUMI)
or where the number of genes (nGene) was either greater than 3000 or fewer than 100 were
excluded. nUMI and the lower nGene threshold were set as per previous studies in this area’”’;
the upper nGene threshold was selected based on the nGene-nUMI plot for our data. The most

highly variable genes in the dataset were identified as described in Section 2.8.2.

To correct for confounding variables, nUMI and nGene were regressed against each gene. Linear
dimensionality reduction of the variable genes was performed by principal component analysis
(PCA; Section 2.8.2). Jackstraw analysis was used to identify significant principal components for
downstream analysis'®®. In this dataset, principal components 1 and 2 were identified as
significant (p < 0.001). Principal component 1 (PC1) was defined by known epithelial (EPCAM,
KRT18) and fibroblast (COL1A2, VIM) markers. The genes showing variation across principle
component 2 (PC2) included multiple genes associated with cell replication and division (e.g.
CCNB1, CENPF; in keeping with the higher replication rate of H441 compared to IMR-90 cells) and
genes associated with fibroblast function (e.g. LUM and ADAMTS1, encoding an extracellular
matrix protein and metalloprotease, respectively). Heatmaps showing the top ten genes for these

principal components are shown in Figure 4.2.
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Figure 4.2 Top ten genes for principal components 1 (a) and 2 (b)

Genes (vertical axis) and cells (horizontal axis) are ordered by PCA score. Yellow

indicates upregulation of the given gene by cells; purple indicates downregulation

Clustering was performed using these significant principal components (Sections 2.8.2 and 2.8.3).
Non-linear dimensionality reduction was performed using tSNE to allow visualisation of the
clustered data in two dimensions. The resulting tSNE plot, showing two transcriptomically distinct
cell clusters, is shown in Figure 4.3a. These two clusters clearly represented the H441 and IMR-90
cells, as demonstrated by their expression of the epithelial and mesenchymal marker genes
EPCAM and VIM respectively (Figure 4.3b and c). Figure 4.4 shows a heatmap of the top
differentially expressed genes for each cluster, which include additional well-described epithelial

(e.g. cytokeratins KRT18 and KRT19) and mesenchymal (e.g. COL1A2 and S100A6) markers.
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Figure 4.3 Drop-seq identifies distinct lung cell line lineages

(a) tSNE plot of whole dataset showing two distinct clusters. Each point represents a
single cell, groups of cells with similar transcriptomes are referred to as a “cluster”;
clusters are distinguished by colour and labelled by cell type. Violin plots showing

expression of (b) EPCAM and (c) VIM across the clusters
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Figure 4.4 Heatmap showing the top ten differentially expressed genes by cluster

Heatmap showing the top ten differentially expressed genes by cluster. Genes
(vertical axis) and cells (horizontal axis) are ordered by PCA score. Yellow indicates

upregulation of the given gene by cells, purple indicates downregulation

4.3 Optimising the analysis pipeline

The Drop-Seq platform (outlined in Section 2.7) was used to process the single-cell suspension
generated by tissue disaggregation of primary lung tissues (described in Sections 2.5 and 3.4). In
total, 11 600 cells from 12 tumour (7 squamous cell carcinoma and 5 adenocarcinoma) and 6

patient-matched normal samples were sequenced.

43.1 Determining quality-control thresholds

Variable gene analysis was initially performed using the quality control parameters described in

the previous section. The resulting tSNE plot is shown in Figure 4.5.
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Figure 4.5 Filtering data from primary lung tissues using parameters for cell lines identifies

multiple clusters

tSNE plot showing data from 11 600 primary cells. Each point represents a single cell,
groups of cells with similar transcriptomes are referred to as a “cluster”; clusters are

distinguished by colour and labelled by cell type

This analysis identified multiple clusters. However, in contrast to the cell lines dataset, where the
two cell types were clearly distinguishable from each other (Figure 4.3), these clusters were ill-
defined and indistinct, with poor separation. To investigate this further, and determine whether it
was possible to refine this clustering, we examined the impact of potential sources of noise within

this primary tissue dataset compared to the cell lines dataset.

The nUMI counts and nGene thresholds were assessed as previously (Figure 4.6). Compared to
cell lines, cells from primary tissues showed a wider range of nUMI counts and number of genes
per cell (Figure 4.6a). In comparison to ex vivo dataset, the data from cell lines showed higher
complexity (a measure of the number of unique transcripts within the sequenced library), with a
median nUMI of 3088 vs. 910 in the primary lung data. The ex vivo data also showed a lower
median nGene than the cell lines, although with a greater range (Figure 4.6b). To avoid exclusion
of cells containing potentially useful information in this dataset, a higher upper threshold for

nGene would be required.
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Figure 4.6 Quality control metrics for whole lung samples

(a) Violin plot of nUMI, (b) Plot of nGene vs. nUMI. Each point represents a single cell;

solid red lines represent exclusion thresholds based on cell line data

To assess the difference in viability between cell lines and primary tissues, the proportion of reads
mapping to mitochondrial genes was examined. This metric (“percent.mito”) is used as a measure

167,168
of cell death™"

(Section 2.8.1). Attempts to validate this metric were unsuccessful:
experimental induction of apoptosis in primary cell cultures yielded cDNA concentrations
insufficient for sequencing (Section A.2). Primary cells had a much higher fraction of reads
mapping to mitochondrial genes (representing dead or dying cells; Figure 4.7). To prevent
inclusion of reads from dead cells in downstream analysis, cells for which more than 20% of reads

mapped to mitochondrial genes were excluded (removing outliers with a particularly high

percentage of mitochondrial reads).
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Figure 4.7 Ex vivo cells show a higher fraction of reads mapping to mitochondrial genes

Violin plots showing mitochondrial gene fractions from (a) H441 and IMR90 cell lines
and (b) whole lung tumours. Each point represents a cell; the solid red line indicates

the 20% maximum threshold used for filtering ex vivo cells
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These quality control metrics were overlaid onto tSNE plots to demonstrate the impact of
excluding these low-quality cells on nUMI, nGene and percent.mito (Figure 4.8). This clearly
demonstrates that these lower quality cells cluster together, making up a large proportion of the
cells at the interfaces between the more poorly-defined clusters. Identifying and removing these

cells should therefore enable refined clustering of the different cell types.
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Figure 4.8 Lung cell lines and ex vivo cells show differing library complexity and viability

tSNE plots for nGene, nUMI and percent.mito. (a-c): H441 and IMR-90 cell lines, (d-f):
whole primary lung samples. Each point represents a cell; cells coloured red are
removed using the respective filter (nUMI < 200; nGene < 100 or > 3000;

percent.mito > 20%)

4.3.2 Identifying low-quality droplets

Identification of low-quality events (such as sequenced cell fragments, or cells with an insufficient
sequencing depth) is one of the essential quality-control steps prior to downstream analysis of
scRNA-seq data. Droplet-based platforms have become increasingly popular as a result of their
relative affordability and commercial availability. However, identification of low-quality events in
the resulting data can be challenging, as these platforms typically yield lower sequencing depths.
In particular, it may be difficult to distinguish low-quality droplets from true cells with a low

nGene (e.g. lymphocytes'”’

). We first evaluated the variation in nGene across cell types, using a
subset of the unfiltered data. Cell type identification was based on expression of canonical

markers (Table 4.1). As no such currently marker exists for fibroblasts, CD90 (which we found to
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be a robust markers of cell line lung fibroblasts; Section 3.2) was initially used to identify
fibroblast clusters in the primary lung dataset. Differential gene expression analysis (Section 2.8.4)
performed on the whole dataset identified DCN (encoding decorin, a collagen-binding protein
which regulates fibrillogenesis'®®) as the gene showing greatest differential expression by
fibroblasts in our data (average log fold change 3.35). In contrast, CD90 had an average log fold
change of 1.45; DCN was therefore selected as a fibroblast marker for downstream analysis. The
resulting violin plot is shown in Figure 4.9. The number of genes per cell varies considerably across
cell types: for example, T cells and plasma cells show a particularly low nGene in comparison to

other cell types.

Cell type Marker
T cells TRBC2
CD8+ T cells CD8A
NK cells NKG7
Myeloid cells LYz
Mast cells KIT
B cells MS4A1 (CD20)
Fibroblasts DCN
Epithelial cells KRT18
Endothelial cells EPAS1

Table 4.1 Canonical cell lineage markers
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nGene
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100

nGene (log-scale)

Identity

Figure 4.9 Violin plot showing the number of genes (nGene) in cells of each type, using data

without applied filters

Each black point represents a cell; the red line represents the lower threshold of 100

The approaches used to perform filtering for low-quality events have not previously been

125127 variability in quality-control

standardised, and vary considerably between studies
parameters can be inherent to the platform used. For example, SMART-seq2 affords a greater
depth of sequencing™’, and the lowest acceptable number of genes per cell (nGene) will
therefore be higher than for data generated using droplet-based technologies (e.g. 10X and Drop-

125,127

Seq)

Given the lack of standardisation, we sought to develop a generalisable approach for the pre-
processing of droplet-based scRNA-seq data, with the aim of improving filtering and thus cell type
identification by unsupervised clustering. First, we assessed baseline clustering quality (calculating
the average silhouette width, a commonly-used measure of clustering quality; Section 2.8.3) using
unfiltered data. This identified 17 clusters, with an average silhouette width of 0.45 (Figure 4.10a).
We also applied quality control (QC) thresholds described in previous studies (removing cells with
more than 15000 or fewer than 200 nUMIs, over 5000 or below 100 genes, or over 20% of reads
mapping to mitochondrial genes)**'?’, finding that this improved clustering quality (average

silhouette width 0.51; Figure 4.10b).
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Figure 4.10 Standardised quality-control metrics improve clustering quality of scRNA-seq data

tSNE plots showing principal component-based clustering and average silhouette

width for: (a) unfiltered data, (b) data filtered using widely-used quality-control

metrics and (c) the optimised approach described here. Each point represents an

individual cell, groups of cells with similar transcriptomes are referred to as a

“cluster” and distinguished by colour

To determine the optimal approach, we examined the variation of a range of QC metrics between

events assumed to be low-quality (nGene less than 100) and those likely to represent true cells

(nGene between the median and 2.5 MAD above the median; Figure 4.11a). QC metrics

comprised: nUMI, the percentage of reads mapping to mitochondrial (percent.mito) or ribosomal

genes (percent.ribo), the ratio between these two values, and housekeeping gene expression. We

additionally defined an algorithm to estimate the contribution of both reads and genes detected

due to encapsulation of “ambient” RNA (Section 2.8.1). Each of these metrics showed a significant

difference between the low-quality droplets and true cells (Bonferroni corrected p < 0.0001,

Figure 4.11b-h).
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Figure 4.11 Identifying quality-control metrics with potential to distinguish “low-quality” and

III

“cell” groups

(a) Plot of log(nGene) vs. log(nUMI) showing events classified as low-quality or cells.
(b-h) Boxplots showing differences between the low-quality and cell groups for: (b):
percentage of reads mapping to housekeeping genes, (c) nUMI, (d) percentage of
reads mapping to mitochondrial genes, (e) percentage of counts associated with the
ambient RNA signature, (f) ambient RNA gene percentage, (g) percentage of reads
mapping to ribosomal genes and (h) ratio between percentage of reads mapping to

mitochondrial or ribosomal genes. ****p < 0.0001, unpaired two-tailed t-test
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To harness the predictive power of each variable, we trained a machine learning (random

196
forest

) model to distinguish between the low-quality droplet and true cell groups. The data was
divided at random into “training” and “test” datasets (in a ratio of 3 to 1). When applying the
trained classifier to the “test” dataset, “cells” were detected at a sensitivity and specificity of
100%. Analysing the relative importance of each metric in the classifier’®’ showed that the ratio
between the number of “ambient” genes detected and total number of genes detected
(Ambient.RNA.genes) was the most important variable in distinguishing between cells and low-
quality droplets (Figure 4.12a). Highlighting the droplets identified as low-quality by the classifier,
on a log(nUMI) vs. log(nGene) plot (Figure 4.12b), illustrates that this machine learning approach
to filtering provides greater sensitivity than filtering using hard thresholds for individual QC

metrics.

Cell-cell doublets were identified on an nUMI vs. nGene plot (Figure 4.12c) and removed from
downstream analysis. Dead or dying cells can also impact clustering and analysis; we therefore
removed cells with a percent.mito greater than 2.5 MAD above the median (Figure 4.12d). This
combined approach further improved the quality of clustering (average silhouette width 0.58;

Figure 4.10d).
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Figure 4.12 Implementation of quality-control metrics to remove low-quality droplets

(a) Multi-way importance plot showing the relative importance of each metric in
distinguishing between low-quality events and droplets, (b) Plot of log(nGene) vs.
log(nUMI). Data points identified as low-quality events are highlighted in red. (c) Plot
of nUMI vs. nGene. The red line indicates the upper nGene threshold (defined as 2.5
MAD above the median) and (d) Plot of nGene vs. percent.mito. The red line

indicates the upper threshold (defined as 2.5 MAD above the median)
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This approach compares favourably with previously-described methods for low-quality cell

198 199

removal: DecontX and emptyDrops, functions in the celda™" and DropletUtils~ R packages,
respectively. DecontX is based on a principle similar to that of our “ambient” RNA score: namely,
that the top differentially expressed genes for each cluster will be expressed at low levels in other
clusters as a result of their contaminating the cell suspension. The algorithm scales the observed

data to remove reads associated with contaminating RNA.

One drawback of this technique is that it requires a vector of cluster labels (i.e. upfront labelling
of which cells belong to which cluster): this will be affected by the resolution used for clustering. A
higher resolution will yield a higher number of clusters; the algorithm incorporates the top
differentially expressed genes from each cluster. Therefore, increasing the number of clusters will
increase the number of genes included in the contaminating signature, removing more counts
from cells. Using the cluster labels assigned at the resolution that generated the highest average
silhouette width (0.7), applying this approach to our data did not improve clustering quality (0.44
vs. 0.45 for unfiltered data). Using the cluster labels assigned by an arbitrary low resolution (0.1;
to reduce the number of genes included in the contaminating signature) improves clustering
quality to a level similar to using previously-described arbitrary pre-processing steps (0.52; see

above).

The emptyDrops function identifies low-quality droplets by creating a gene expression profile for

“empty” cells (defined by the authors as nUMI < 100™*°

). Events whose gene expression profile
does not differ significantly from this signature are designated empty cells and removed from the
gene expression matrix. ldentification of events classified as low quality by emptyDrops is shown
in Figure 4.13a. Comparing this to the cells removed by our approach (Figure 4.13b), it is clear that
emptyDrops labels far fewer events as low quality than does our random forest classifier:
application of this function to our data did not improve clustering quality (0.46 vs. 0.45 for

unfiltered data). The maximum average silhouette width achieved using each of the above

quality-control approaches are summarised in Figure 4.14.
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Figure 4.13 The emptyDrops function removes fewer low-quality events than does the random

forest classifier

Dot plots showing plots of log(nGene) vs. log(nUMI) for (a) the optimised approach
described above and (b) emptyDrops. Data points identified as low-quality events are

highlighted in red
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Figure 4.14 Use of a random forest classifier improves clustering quality relative to other
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commonly-used methods

Bar plot showing maximum average silhouette width for each of the examined
approaches. The DecontX function'® was assessed both using the default settings

and using an arbitrary low resolution
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433 Identifying disaggregation-associated gene expression changes

Analysis of the scRNA-seq data confirmed that disaggregation for 60 minutes yields a greater
fraction of stromal cells (as well as more even coverage of other cell types) than disaggregation
for 15 minutes (Figure 4.15a). However, previous authors have shown that enzymatic
disaggregation can lead to changes in gene expression, describing a disaggregation-associated

. . . . 138
gene signature (derived using murine stem cells)

. We assessed the effect of applying this
signature to our data: as expected, its expression was increased in samples disaggregated for 60
minutes compared to those processed for 15 minutes (Figure 4.15c). However, we found that this
signature did not appear to impact cell clustering, and was not a prominent feature of any

individual cluster (Figure 4.15e).

As the above gene signature was derived from murine experiments, and includes markers for
human cell types (e.g. DCN, expressed by stromal cells in a number of datasets, including our
own>18122290) \ye sought to refine this signature based on our analysis. We therefore cross-
referenced the genes in this signature with those upregulated in our data (p < 0.001, average
logio(fold change) >1) following disaggregation for 60 minutes vs. 15 minutes, excluding those
identified as cell type markers. This identified a list of eleven genes which were consistently

upregulated following extended disaggregation, and were not upregulated by a particular cell

type (Figure 4.15b). We applied this list to our data as a refined disaggregation signature.

The distribution of expression of this signature in our dataset is shown in Figure 4.15d and f.
Clusters 0, 6 and 9 (representing T cells, B cells and mast cells) show higher expression, indicating
that some cell types may be more sensitive to extended enzymatic disaggregation than others.
However, none of the principal components used for clustering correlated with this gene
signature (p > 0.23): it is therefore unlikely that disaggregation-induced changes in gene
expression have impacted cell clustering. Removal of cells with high expression (greater than 2.5
MAD above the median) of this signature did not improve clustering quality (maximum average

silhouette width 0.56 vs. 0.58 prior to filtering).
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Figure 4.15 Longer tissue disaggregation enables detection of more cell types, with concomitant

increases in disaggregation-associated gene expression changes

(a) Stacked barplot showing cell type fractions generated by disaggregation for 15
and 60 minutes. (b) Venn diagram showing overlap between murine disaggregation-
associated signature™® (Murine DAG), human disaggregation-associated signature
(Lung DAG) and cell type markers. The 11 genes comprising the refined signature
(highlighted in bold) are shown on the right. (c) and (d) Density plots showing
percentage expression of the murine disaggregation signature (c) and the refined
disaggregation signature (d), in human lung tissue disaggregated for 15 and 60
minutes. Expression of the murine and refined disaggregation-associated gene
signature is not a prominent feature of any one cluster (cell type). Violin plot showing
expression of (e) the murine disaggregation-associated signature and (f) the refined

disaggregation-associated signature across clusters
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4.4 Single-cell RNA-seq identifies distinct cell lineages in primary tissue

The quality-control approach described above was then expanded to the whole dataset. Cells with
more than 3000 genes (to exclude doublets) or more than 18% of genes mapping to
mitochondrial reads (2.5 MAD above the median for this dataset; representing dead or dying
cells) were excluded from further analysis. Following removal of empty droplets and accounting
for disaggregation-associated gene expression changes, variable gene analysis was performed as
described in Section 4.2. Principal component analysis was performed on the 1143 variable genes
identified. Subsequent JackStraw analysis showed that principal components 1 to 38 and 43 were
significant (p < 0.001). Cluster analysis based on these significant principal components identified

thirty-three clusters. The resulting tSNE plot for the whole dataset is shown in Figure 4.16.
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Figure 4.16 tSNE plot of quality-controlled data

Quality-controlled data from primary lung tissues identifies multiple clusters. tSNE
showing data from 11 600 primary cells. Each point represents a single cell, groups of
cells with similar transcriptomes are referred to as a “cluster”; clusters are

distinguished by colour and labelled by cell type

Cluster marker identification was performed with the Seurat FindAlIMarkers function, using genes
expressed in at least 25% of cells in a cluster (further details in Section 2.8.4). Genes encoding
heat shock or ribosomal proteins were excluded for more accurate gene set enrichment analysis.
Using this analysis, DCN was identified as a stroma-specific marker in this dataset. The
differentially expressed genes were then cross-referenced with a co-expression atlas (section

2.8.5) to identify cell types: transcriptomic profiles were compared to those from the LungGENS'"*

and Immunological Genome'” projects using the ToppFun tool*’?

. The most significant ToppFun
result for each cluster is given in Table 4.1. The majority of identified cell lineages were composed

of cells from most patients (Figure 4.17).
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ToppFun enrichment statistics
Cluster Assigned name Bonferroni- Genes Genes in
Cell type corrected p from .
value input annotation
0 T cells Gamma defta T 2.647x10° |6 410
cells
1 Alpha beta T cells Alpha beta Tcells | 2.708x10™ | 9 75
2 CD8+ T cells ?C'ggi)bem Teells | 187%10™ | 10 359
3 Foxp3+ T cells AlphabetaTcells |, 55/ 1522 | 43 73
(Foxp3+)

4 Myeloid cells Myeloid cells (GN) | 6.914x10™® | 43 418

B cells B cells 2.122x107"% | 14 326
6 CD4+ T cells ?C'gx)bem Teells 1 419x10™ | 9 78
7 Stromal cells Stromal cells 8.234x107° | 65 453
8 Myeloid cells Myeloid cells (GN) | 4.39610™" 47 418
9 T cells Alpha beta Tcells | 1.989x10* | 3 57
10 Mast cells Myeloid cells 1.967x10° 10 401
11 Epithelial cells Epithelial cells 6.912x10% | 29 444
12 Myeloid cells Myeloid cells (GN) | 4.915x10™® | 20 418
13 Stromal cells Stromal cells 7.936x10™" | 94 438
14 Vascular endothelial | Endothelial cells 9.593x10°% 69 459

cells (vascular)
15 Myeloid cells Myeloid cells (GN) | 2.371x10% | 38 418
16 NK cells NK cells 2.140x10° | 11 402
17 Red blood cells No results N/A N/A N/A
18 Stromal cells Stromal cells 4.824x10°% 72 438
19 Epithelial cells Epithelial cells 2.376x10™* | 38 260
20 Epithelial cells Epithelial cells 6.392x10"° | 24 444
21 Epithelial cells Epithelial cells 2.517x10™® | 25 444
22 CD8+ T cells ?C'ggi)bem Teells | 17ax107 | 21 410
23 Stromal cells Stromal cells 5.282x10% | 57 453
24 Stromal cells Stromal cells 2.532x10™° 38 445
25 B cells B cells 2.067x10° | 7 380
26 Stromal cells Stromal cells 3.522x10°" | 47 453
27 B cells B cells 2.103x10" | 4 54
28 B cells B cells 5.664x10° |5 84
29 Epithelial cells Myeloid cells (DC) | 7.587x10™* | 15 452
30 Myeloid cells Myeloid cells (DC) 2.120x10°® 4 78
31 B cells B cells 5.747x10° | 6 339
37 Lymphati.c Endothelial cells 8.423x107 13 91

endothelial cells (lymphatic)

Table 4.2 Top enrichment statistic for each cluster
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Figure 4.17 All cell lineages are composed of cells from multiple patients

Stacked barplot showing proportion contribution of each patient sample to cell

lineages

The Immunological Genome project contains more information regarding differential expression
profiles of immune cell subtypes, allowing more accurate identification of these populations. This
database was therefore used as a reference for clusters composed of immune cells. To further
confirm cell type identification, the expression of canonical cell lineage markers (in Table 4.1

above) was evaluated across the entire dataset using the Seurat FeaturePlot tool (Figure 4.18).
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Figure 4.18 Feature plot showing expression of cell type marker genes across the dataset. Points

(representing cells) coloured purple show upregulation of the specified gene
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The majority of clusters showed canonical gene expression consistent with their cell type
identified using the co-expression atlas. Clusters 0 and 9 (T cells), 16 (NK cells), 25, 27, 28 and 31
(B cells) and 30 (myeloid cells) had relatively high (i.e. less significant) enrichment statistic p value,
but expressed markers in keeping with these cell types. In two clusters, the most significant
marker genes suggested a different cell type assignment that was likely to be more accurate than
that identified through co-expression atlas enrichment. Cluster 10 was identified as “myeloid
cells”. However, genes associated with mast cell function (KIT, CPA3, TPSAB1, HDC) were the most
significantly upregulated by this cluster and it was therefore labelled as mast cells (a myeloid cell
subtype not represented in the co-expression atlas). Although the most significant enrichment
result for cluster 29 was “myeloid cells”, the most common result in the top 10 were epithelial cell
annotations, and multiple keratin genes (e.g. KRT5 and KRT6A) were among the top differentially-
expressed genes. The population were therefore labelled as having an epithelial origin. Finally, no
results were identified for cluster 17. The top differentially-expressed genes for this cluster
included genes encoding haemoglobin subunits (HBA1, HBA2 and HBB), and this group was

therefore labelled as red blood cells (a cell type also not included in the co-expression atlas).

4.5 Discussion

Droplet-barcoded (Drop-seq) single-cell RNA sequencing is a cost-effective method for profiling
large numbers of cells. We used lung cell lines to perform initial optimisation of this platform,
confirming its suitability for distinguishing between different lineages and defining quality control
metrics. The same approach was then used for transcriptomic profiling of ex vivo cells from twelve
lung tumour samples. However, cells from primary lung tissues and cell lines showed considerable
differences: ex vivo cells have a lower library complexity and median nGene (although with a
higher range) and higher numbers of non-viable cells. Application of quality control filters

designed for cell lines did not give clear, well-defined cell clusters.

125-127
. We

Other groups have previously used arbitrary, platform-dependent filtering thresholds
therefore developed a standardised approach for the identification of low-quality droplets using a
random forest classifier. This method improved clustering quality compared to the use of
arbitrary metrics, and gave a greater improvement in clustering quality than other similar
approaches such as the DecontX and emptyDrops functions. It has previously been shown that
extended disaggregation with collagenase can impact gene expression'®. We refined an existing
disaggregation-associated gene expression signature to assess the impact of this process on our
data. Application of this refined signature to quality-controlled data did not further increase

clustering quality. However, some cell types (e.g. T cells) appeared to be affected to a greater

extent than others. Thus, the potential impact of extended enzymatic disaggregation on cellular
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transcriptomes should be taken into consideration, particularly where specific clusters appear to

be defined by high expression of a disaggregation-associated signature.

This optimised processing pipeline was applied to data from 12 tumour samples; the resulting
analysis identified 33 distinct clusters. These were labelled using a co-expression atlas together
with the top differentially expressed genes for each group, which enabled confident classification
as previously-described cell types for the majority of clusters. However, our analysis has
highlighted some difficulties in cell type assignment where the cluster markers showed less
significant enrichment in the co-expression atlas. In some cases, this may be indicative of a cell
type’s absence from the reference database. For example, the top differentially-expressed genes
for cluster 10 were consistent with mast cells. However, the most significant co-expression atlas
result was “Myeloid cells”, from the InmGen database. This reflects the fact that mast cells were

not included in the ImmGen or LungGENS datasets.

The most significant result for cluster 29 was also “Myeloid cells”: more specifically, for
Langerhans cells. The most common result in the top 10 results (by significance) was for epithelial
cells. The top differentially-expressed genes included those encoding keratins, and those with
reported expression in keratinising epithelial cells such as SFN (encoding stratifin)**". Langerhans
cells, a specialised subgroup of dendritic cells, have documented expression of epithelial
markers®. This population normally reside in the skin epidermis, but may be found in the lung

203,204 .
. However, cluster 29 did

under pathological conditions (Langerhans cell histiocytosis; LCH)
not show expression of the markers classical for this phenomenon (i.e. CD1A, €D207, $100**"), and
none of the patients associated with this study had a histological diagnosis of LCH. On balance,
due to the differential upregulation of epithelial-expressed genes, this population was deemed
most likely to represent epithelial cells of malignant origin (as it originated largely from tumour).
However, the top co-expression atlas results for this population also included stromal and, as

described above, myeloid cell results. In keeping with this, the top differentially-expressed genes

for this cluster contained some genes consistent with these lineages e.g. SI00A6 (abundantly

205 206

expressed by fibroblasts™) and PRXL2A (expressed by monocytes” ). Of note, this population

also shows differential expression of SOX2, a regulator of transcription in stem cells*”’; it is

therefore also possible that this group could represent a stem cell population.
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Chapter 5 Results 3: Analysing lung fibroblast

phenotypes and transdifferentiation mechanisms

5.1 Introduction

CAF are associated with a number of the hallmarks of malignancy, facilitating tumour invasion and

.. . . - 17,21,22,26-28,30
metastasis, immune evasion and angiogenesis™ !

. There are a paucity of data relating

CAF phenotype to function: It is not yet clear whether the different effects of CAF are mediated by
discrete phenotypes®'. Single-cell RNA sequencing allows examination of cellular heterogeneity at
a transcriptomic level: this method has identified multiple CAF populations in a number of tissues,

including the lung'>*

. Characterisation of this heterogeneous population will facilitate
identification of pro-malignant CAF populations and allow the development of refined stromal

targeting strategies.

The scRNA-Seq data generated from Drop-Seq provide a valuable resource to analyse fibroblast
phenotypes in NSCLC using bioinformatic tools. Differential gene expression analysis of the
identified clusters determines “marker” genes for each population. Gene set enrichment analysis
(GSEA) using these genes enables preliminary characterisation of the identified populations’
potential functions and facilitates the identification of upregulated genes associated with specific
biological processes and pathways'’®. scRNA-Seq data also provide valuable insights into the
mechanisms of cellular differentiation, identifying cells that are in transition between states using
trajectory analysis'’®. Applying these analytical approaches will reveal genes that may represent

novel therapeutic targets for specific CAF sub-populations.

A dataset containing approximately 100 000 primary human lung cells analysed using the 10X
platform was published during the course of this project'?’. Here, we combine the stromal cells
from this dataset with the Drop-seq data (Section 4.4), performing unsupervised clustering of
stromal cells to identify sub-populations. Examination of this amalgamated dataset increases the
number of cells available for analysis, and provides the opportunity to confirm the identified
stromal populations are present in multiple datasets. Using these data, we examine differential
gene set enrichment to identify potential functions for the sub-populations identified. We then
perform trajectory analysis to infer the molecular mechanisms that regulate differentiation

between these phenotypes.
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5.2 Identifying stromal populations in normal and malignant tissues

5.2.1 Identifying stromal markers

The genes identified as markers of the IMR-90 lung fibroblast cell line (Section 4.2) were assessed
for suitability as ex vivo stromal cell markers in the Drop-seq data, using the Seurat FeaturePlot
tool (Figure 5.1). This allowed visualisation of the expression of these genes across the whole
primary lung dataset. Expression of some IMR-90 marker genes appears specific to stromal cells.
DCN and COL1A2 were specifically expressed by the majority of cells in the stromal cluster.
Expression of SERPINE1 and SPARC was also relatively specific to stromal cells, but were only
expressed by a subset of these cells. The remaining genes, including VIM (encoding vimentin,

widely used as marker of mesenchymal cells'®) and S100A6 (which is abundantly expressed by

205

fibroblasts®), show diffuse expression across multiple cell types within this dataset.
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Figure 5.1 Lung fibroblast cell line markers are not specific for ex vivo fibroblasts

tSNE plot showing expression of genes upregulated in IMR-90 cells. Points
(representing cells) coloured purple show upregulation of the specified gene. Stromal

cell populations are encircled in red.

Given the relative lack of specificity of some of these genes, we devised a stromal gene signature
for the Drop-seq dataset. This signature (comprising COL1A2, DCN, COL3A1) was created by cross-
referencing the top three differentially-expressed genes for this group with the genes in the most
significant ToppFun enrichment result. This signature was then used to filter and refine the

stromal cell cluster for downstream analysis.
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5.2.2 Stromal cell filtering

Cells belonging to the cluster identified as “Stromal cells” in the initial cell lineage identification
(Section 4.4) were taken forward for further analysis. The raw data for these cells were extracted
from the main dataset and processed as detailed in Section 2.8. A score for the stromal gene
signature was calculated for each of the cells in this cluster (violin plots showing expression of the
individual genes and signature across the stromal cluster are shown in Figure 5.2). To exclude cells
which were either low quality or unlikely to represent true stromal cells, cells with a score of less
than one were excluded. The remaining cells were taken forward for further analysis.

a b C d

COL1A2 COL3A1 DCN Stromal
signature

Expression score

Identity Identity Identity Identity
Figure 5.2 Expression of COL1A2, COL3A1 and DCN by the “stromal cell” cluster allows exclusion of

misclassified or low-quality cells

Violin plots showing the level of expression of genes across the cluster, where each
cell is represented by a point: (a) COL1A2, (b) COL3A1, (c) DCN and (d) stromal gene

signature

5.3 Characterising fibroblast phenotypes in normal and malignant

tissues

A random forest classifier'®®, trained on the genes differentially expressed by the filtered Drop-seq
stromal population (“TargetLung”; Section 4.4), was used to identify stromal cells in the NSCLC
scRNA-seq dataset described above (“Lambrechts et al.”). These two stromal datasets were
combined using canonical correlation analysis (Section 2.8.6), increasing the number of cells and

samples used for the identification of stromal cell sub-populations and analysis of phenotypes.
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5.3.1 Sub-lineage clustering

The combined stromal dataset (containing two thousand one hundred and forty-seven cells) was
used for cluster identification as described previously (Section 4.4). This analysis showed the
presence of nine distinct stromal subtypes within the dataset (Figure 5.3a). The majority of cells in
clusters 4, 5 and 7 originated from normal samples (64%, 73% and 64%, respectively), whereas
the remaining populations were composed predominately of stromal cells from tumour (Figure
5.3b). All clusters contained cells from both datasets (Figure 5.3c), although the relative

contribution of each patient to each population varied across clusters (Figure 5.3d).
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Figure 5.3 Analysis of stromal cells reveals the presence of nine distinct subtypes

(a) tSNE plot showing filtered stromal cells by assigned cluster number. Stacked bar
plots showing cluster composition by (b) tissue type, (c) dataset and (d) patient of

origin.
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5.3.2 Inferring stromal phenotypes from differential gene expression and gene set

enrichment analysis

To determine robust markers for each population, differential gene expression analysis (Section
2.8.4) was performed on each dataset separately. Genes upregulated in both datasets were taken
as cluster markers. The top ten differentially expressed genes are shown in Table 5.1 (more
extensive results are listed in Table A.2). We then used these marker genes to characterise the
stromal sub-populations by performing gene set enrichment analysis for the biological processes

and curated genes sets in the MSigDB database'’®

(Section 2.8.7). The top ten results by
significance for each of these analyses are given in Section A.4. A representative gene set
enrichment plot, along with the genes common to the highest number of gene sets (as identified

by leading edge analysis) for each cluster are shown in Table 5.2.

Cluster 0 (CAF) Cluster 1 (CAF) Cluster 2 Cluster 3 (CAF) Cluster 4 (NOF)

(Pericytes)
POSTN MMP1 RGS5 IGF1 Pi16
FN1 POSTN NDUFA4L2 SERPINE1 SCARA5S
COL11A1 MMP11 HIGD1B APOE CFD
INHBA MMP3 MCAM UBC MFAP5
COL1A2 Dio2 GJA4 DUSP1 PCOLCE2
COL10A1 CTSK COX412 CXCL2 IGFBP6
CTHRC1 FAP KCNJ8 ZFP36 GSN
COL5A2 CTHRC1 ANGPT2 TNFAIP3 CHRDL1
SULF1 INHBA COL4A1 KLF6 DCN
SPARC D02 CCDC102B PLIN2 ADH1B
Cluster 5 (NOF) Cluster 6 (CAF) Cluster 7 (NOF) Cluster 8

(VSMCs)

L6 IGF1 NPNT MYH11
KDM6B CXCL12 SCN7A PPP1R14A
NAMPT PTGDS LIMCH1 TAGLN
HAS1 SERPINF1 ADAMTS8 ADIRF
ADAMTS4 IGFBP4 A2M ACTA2
MT1A RARRES2 INMT NTRK3
ICAM1 PLA2G2A BMP5 PTMA
SFTPC TPT1 MAMDC2 IGFBP7
DDX21 KIAA1234L PLEKHH2 TINAGL1
cclL2 APOE TCF21 MCAM

decreasing adjusted p value

Table 5.1 Top 10 “marker” genes identified by differential gene expression analysis, ranked by

The top marker gene, which will be used to refer to each cluster, is highlighted in

bold.

85



Chapter 5

POSTN cluster (CAF)

MMP1 cluster (CAF)

IGF1 cluster 1 (CAF)

Enrichment plot:
GO_EXTRACELLULAR_STRUCTURE_ORGANIZATION

07
G

8 os
§os
<04
Eos
£ 02

014

w T M
ively correlated

[
125 ['na_pos’ (posit

50 'na_neg’ (negatively correlated
0 S0 100 150 200 250 300 350 400 450 SO0 S50
Rank in Ordered Dataset

Ranked list metric (PreRanked)

[ Enrichment profile — Hits Ranking metric scores|

Enrichment plot: GO_CATABOLIC_PROCESS

0 L

'na_neg' (negatively correlated)
0 S0 100 150 200 250 300 350 400 450 SO0 5SSO 600
Rank in Ordered Dataset

sitivel

5
z
5
2

[ Enrichment profile — Hits Ranking metric scores

Enrichment plot:
GO_POSITIVE_REGULATION_OF_RESPONSE_TO_EXTER
NAL_STIMULUS

IR

na_pos’ (positively correlated)

oss at 215

'na_neg’ (negatively correlated;
50 100 150 200 250 300 350 400 450
Rank in Ordered Dataset

Ranked list metric (PreRanked)

[ Enrichment profile — Hits Ranking metric scores|

NES 1.66, FDR g 0.009

NES 1.68, FDR g 0.041

NES 1.41, FDR g 0.134

COL1A11, COL11A1, POSTN, COL8A1

MMP13, CTSK,
MMP11

MMP1,

HIF1A, CCL2, APOE, PDGFDD

IL6 cluster (NOF)

IGF1 cluster 2 (CAF)

NPNT cluster (NOF)

Enrichment plot:
GO_POSITIVE_REGULATION_OF_LEUKOCYTE_MIGRATI
ON

'na_neg' (negatively correlated;

0 250 1,000 1,250

Ranked list metric (PreRanked)

500 750
Rank in Ordered Dataset

[ Enrichment profile — Hits Ranking metric scores|

Enrichment plot:
GO_REGULATION_OF_CELL_DEVELOPMENT

L I

3
E]
S 5o | na_pos' (positively correlated
P
¢
<
]
z at136
3 na_neg’ (negatively correlated
S 0 SO 100 150 200 250 300 350 400
« Rank in Ordered Dataset

[ Enrichment profile — Hits Ranking metric scores|

Enrichment plot:
VECCHI_GASTRIC_CANCER_EARLY_DN

Enrichment score (ES)

|
0.0

A e

-25 'na_neg'(negatively correlated;
0 SO 100 150 200 250 300 350 400 450 SO0 5SSO 600 650
Rank in Ordered Dataset

Ranked list metric (PreRanked)

[ Enrichment profile — Hits Ranking metric scores|

NES 1.62, FDR q 0.028

NES 1.39, FDR q 0.100

NES 1.62, FDR q 0.033

IL6, THBS1, CSF3, C3

APOE, CXCL12, SERPINF1, IGF1

ADH1B, ALDH1A1, CITED2, CHRDL1

MYH11 cluster (VSMC)

Enrichment plot: GO_MUSCLE_CELL_DIFFERENTIATION
03
08

E:

Enrichment score (ES)

01
00

l
00 | na_pos' (positively correlated

-25 'na_neg' (negatively correlated)
0 S0 100 150 200 250 300 350 400 450 500 S50 600 650 700
Rank in Ordered Dataset

Ranked list metric (PreRanked)

[—Enrichment profile — Hits Ranking metric scores |

NES 1.49, FDR q 0.160

EDNRB, CASQ2, LMOD1,
TPM1

Table 5.2 Representative gene set enrichment analysis result for each stromal cluster

Clusters are identified by their highest differentially expressed gene. Associated

enrichment statistics and top leading edge genes are given beneath each plot. NES,

Normalised Enrichment Score. FDR g, false discovery rate
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The top differentially expressed genes for the POSTN cluster, a CAF-predominant cluster, include
multiple collagens and other extracellular matrix genes (e.g. FN1, SPARC; Table 5.1). An
extracellular structure organisation signature was among the most significantly-upregulated gene
sets for this population (Table A.4). Together, these features are consistent with a “fibrogenic”

16,76

CAF phenotype

The most significantly-enriched biological processes for the MMP1 cluster were associated with
catabolic processes (Table 5.2 and Table A.6). This population also showed differential
upregulation of a number of genes encoding protease enzymes (MMP1, MMP11, MMP3, CTSK,
FAP*¥?9829) Taking these features into account, this population was labelled a “catabolic”

phenotype.

Two CAF clusters were marked by upregulation of IGF1 (insulin-like growth factor 1), a gene with
reported stromal expression and a role in mediation of crosstalk between stromal and carcinoma

210

cells*™". The first of these groups also showed upregulation of UBC and DUSP1, both of which may

211,212
“**, and was

be induced in response to, and have protective functions against, cellular stress
enriched for gene sets associated with regulation of the response to external stimulus (Table 5.2).
Together, these results would be in keeping with a “stress response” phenotype, inducing

expression of protective genes in response to external cellular stressors.

The second CAF cluster defined by IGF1 expression also expressed other known stromal genes e.g.
CXCL12 (encoding stromal-cell derived factor 1, shown to have pro-tumorigenic and

98,213

immunomodulatory functions ). This population was enriched for multiple gene sets

associated with cell development, differentiation and growth (Table 5.2, Table A.12), consistent

with the described functions of the IGF signalling axis®**

. IGFBP4 (encoding an IGF binding
protein®’®) was among the top differentially-expressed genes for this group. It is therefore
possible that this group represents an “IGF signalling” phenotype, mediating the effects of the IGF

signalling cascade.

Cluster 5 (composed predominantly of normal fibroblasts) was most significantly marked by
expression of /L6 and shows enrichment for multiple inflammatory response signatures (e.g.
“positive regulation of leucocyte migration”), as well as targets of NF-kB
(HINATA_NFKB_TARGETS_FIBROBLASTS_UP; NES 1.61, FDR g 0.010). This is in keeping with a
previously-described “inflammatory” fibroblast subtype®**?°. The NPNT NOF-predominant cluster
shows enrichment for gene sets associated with normal tissue or early stage malignancy (Table

A.13). This population did not show enrichment for any biological processes at FDR g < 0.2.
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Of the top differentially expressed genes for cluster 8, MYH11, PP1R14A, TAGLN and ACTA2 are

associated with smooth muscle differentiation and contractility****"’

. In keeping with this, this
population was enriched for muscle differentiation and contraction biological processes gene sets
(Table 5.2 and Table A.14); this phenotype is therefore likely to represent vascular smooth muscle

cells (VSMCs).

There were no results at FDR g < 0.2 for clusters 2 and 4. Therefore, manual interrogation of the
marker genes for these populations was performed. The top differentially expressed gene for

cluster 2 was RGS5, a well-described pericyte marker?*®

. The NOF-predominant cluster 4, marked
by PI16, showed differential expression of both DCN and CFD. DCN is present in normal
connective tissue®*’; the protein encoded by CFD is reported to be expressed by senescent

220

fibroblasts®”". However, this population did not show enrichment for any senescent signatures, or

components of the senescence-associated secretory phenotype®?. A tSNE plot labelled with the

refined stromal population identities is shown in Figure 5.4.
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Figure 5.4 tSNE plot showing filtered stromal cells labelled by assigned function.

Each point represents a single cell, groups of cells with similar transcriptomes are

referred to as a “cluster”; clusters are distinguished by colour and labelled by cell

type

5.3.3 Histological validation of ex vivo fibroblast populations in fixed tissues

In the TargetLung (Drop-seq) dataset, almost all of cells in the “stress response” cluster, and the
majority of the cells labelled “fibrogenic” and “catabolic” CAF, originated from single patients.
Ninety-nine percent of cells in the “stress response” group were isolated from a patient with

squamous cell carcinoma; a patient with adenocarcinoma contributed 86% of the total cells in the
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“fibrogenic” and “catabolic” CAF clusters (Section A.8). Immunohistochemical staining was used to
confirm the validity of the two of the markers identified in the previous section: POSTN
(differentially-expressed by the “fibrogenic” and “catabolic” CAF populations, encoding periostin)
and SERPINE1 (upregulated by the “stress response” CAFs, encoding serpin E1), and to examine

the differential spatial distributions of the identified CAF subtypes.

Representative sections from each patient were stained for SMA (as the most commonly-used
CAF marker17'26'39), periostin and serpin E1 (Figure 5.5 and Figure 5.6). Periostin and serpin E1
staining identified spatially distinct populations. Consistent with the scRNA-Seq data, both
patients had predominant staining for one marker, with little or no expression of the second.
Sections from adenocarcinoma showed high levels of periostin expression in stromal regions
containing SMA-positive CAFs. In contrast, sections from squamous cell carcinoma showed

staining for serpine E1 with evidence of co-expression with SMA, and minimal periostin staining.

Figure 5.5 Staining for periostin and serpin E1 identifies distinct stromal populations in lung

adenocarcinoma

Carcinoma cells are highlighted in brown by a pan-cytokeratin antibody. Secondary
staining (in red) for: (A) SMA, (B) Periostin and (C) Serpin E1. (D): composite image
showing pan-cytokeratin (white), SMA (red), periostin (cyan) and SERPINE1 (green)
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Figure 5.6 Staining for periostin and serpin E1 identifies distinct stromal populations in lung

squamous cell carcinoma

Carcinoma cells are highlighted in brown by a pan-cytokeratin antibody. Secondary
staining (in red) for: (A) SMA, (B) Periostin and (C) Serpin E1. (D): composite image
showing pan-cytokeratin (white), SMA (red), periostin (cyan) and serpin E1 (green).

Areas where SMA and Serpin E1 co-localise are yellow

5.4 Fibroblast trajectory analysis

Trajectory analysis was performed using the Monocle package in R as described in Section 2.8.8.
The genes differentially expressed between fibroblast clusters were used as input genes for
ordering. To facilitate interpretation, Pseudotime 0 was set to the State composed of the highest
fraction of fibroblasts from normal tissue (State 2). The resulting cell trajectory plots are shown in

Figure 5.7.
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Figure 5.7 Primary stromal cells show progression from normal to cancer-associated fibroblasts

over pseudotime

Trajectory plots coloured by: (a) Pseudotime, (b) Tissue type, (c) State, (d) cluster.

Each point represents a single cell

Trajectory analysis showed a transition over pseudotime from normal to both cancer-associated
fibroblasts (State 3) and pericytes and VSMCs (State 1; Figure 5.7). State 3 primarily contained
cells from the POSTN and MMP1 clusters, whereas State 1 was composed of cells from the RGS5
and MYH11 clusters (Figure 5d). Both NOF and CAF populations contributed to State 2; States 5

and 6 were comprised primarily of CAF subtypes. State 7 was largely composed of cells from the

IL6 NOF cluster.

To investigate the genes differentially expressed between States, stromal cells were subsetted
into groups by State. Identification of differentially-expressed genes was performed using the
Monocle differentialGeneTest function (Section 2.8.8). GSEA was performed with these genes to
identify processes or pathways associated with differentiation to the distinct trajectories
observed in our analysis. The biological processes and curated gene sets from MSigDB (as in
Section 5.4), and a list of gene sets identified at literature review (Section A.5) were used for
GSEA. The expression of transcription factors in the Enrichr ENCODE_TF_ChlP-seq_2015 and
Transcription Factor PPIs libraries?*? was assessed using the enrichR tool?*® in R. Where

trajectories did not show significant upregulation of signalling pathways, manual interrogation of
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the differentially-expressed was assessed. The changes in expression in selected representative
genes for each key trajectory (based on the marker genes of the constituent clusters; Table 5.1)

were also examined. A summary of these changes is shown in Figure 5.8 below.

Differentiation to State 3 (containing “fibrogenic” and “catabolic” CAF) is associated with
upregulation of a number of ECM genes (e.g. COL1A1, MMP1 and POSTN). This trajectory shows
differential expression of transcription factors which induce “fibrogenic” and “myofibroblastic”
fibroblast phenotypes (FLI1, MYOD and YAP1)?**??® and is enriched for fibroblast gene sets from
both head and neck carcinoma™® and pulmonary fibrosis*’ (PURAM_CAF1 and IPF vs. normal,
respectively; Section A.6). The head and neck signature was ascribed to one of two CAF
populations in a scRNA-seq dataset (the functions of this population were not examined in this

126

study)™". The “fibrogenic” CAF population was enriched for genes associated with response to
TGF-B (Section A.4): expression of these genes also increased with differentiation to State 3
(Figure 5.8a), suggestive of a potential differentiation stimulus for this trajectory. The genes which
are both differentially upregulated in State 3 (at p < 0.001) and present in the TGF-f signature are

shown in Table 5.3.

State 3 genes upregulated by TGF-
CADM1 CoOmMP NTM
COL11A1 DDIT4 POSTN
COL1A1 ELN PRSS23
COL4A1 FN1 SLIT3
COL4A2 INHBA SULF1
COL5A1 ITGA11 THBS2
COL5A1 KIF26B VCAN
COL8A2 MMP11

Table 5.3 Genes upregulated in State 3 and by TGF-8

The 22 genes differentially upregulated (at p < 0.001) in State 3 which are also

present in the signature for genes upregulated by TGF-B*

Ninety-six percent of cells in State 5, and 98% of cells in State 6, were derived from a mixture of
CAF populations (Section A.9). These states show a common differentiation trajectory (State 4),
before diverging to distinct pathways (Figure 5.7c). State 5 showed downregulation of SIRT3:
reduced expression of this transcription factor is mediated via TGF-p signalling®®. In keeping with
this, State 5 was significantly enriched for TGF-B-associated genes (Mellone TGF-B upregulated,

NES 1.40, FDR g 0.146)%, and a set of genes upregulated in primary lung CAFs compared to NOFs
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(Navab primary CAF vs. NOF, NES 1.40, FDR g 0.099)*%°. In addition, this trajectory was associated
with increased expression of Ras signalling genes”*
(GO_REGULATION_OF_RAS_PROTEIN_SIGNAL_TRANSDUCTION, NES 1.46, FDR g 0.163). Sixty-four
percent of the cells in State 6 originated from the “stress response” CAF population (Section A.9).
This trajectory was enriched for the GO_SINGLE_ORGANISM_CATABOLIC_PROCESS gene set (NES
1.47, FDR g 0.160). This is reflective of the origin in the cells in this trajectory: two of the top ten
biological processes upregulated by the “stress response” CAF are for catabolic processes (Table

A.6).

Neither State 1 (composed of pericytes and VSMCs) nor State 7 (normal fibroblasts) were
significantly enriched for any of the tested gene sets. Therefore, for State 1, changes in expression
of genes and gene sets upregulated by the component cell populations were assessed. VSMCs
were enriched for gene sets associated with smooth muscle function (Table A.14); State 1 showed
a non-significant increase in such processes (e.g. Figure 5.8c). This is likely to reflect enrichment of
these gene sets in VSMCs but not pericytes (which did not show changes in any of the examined
gene sets; Section 5.3.2), leading to no significant overall changes. The expression of ACTA2 (a
commonly-used marker of both “myofibroblastic” CAF and smooth muscle cells*®) increased with
differentiation to State 1 (p < 0.0001, Figure 5.8d). However, given the lack of significant changes

in gene set expression, the differentiation stimulus for this trajectory remains unclear.

State 7 was composed of normal fibroblasts, mostly of the “inflammatory” phenotype (Figure
5.7d). As differentiation to this trajectory was not associated with significant upregulation of any
tested gene sets, the expression of /L6 and targets of NF-kB (differentially upregulated by the
“inflammatory” phenotype; Table 5.1) were assessed. The cells in this trajectory showed
upregulation of IL6 (p < 0.0001). The /L6 phenotype cells at the distal end of this trajectory were
enriched for the HINATA_NFKB_TARGETS_FIBROBLASTS_UP signature®* (Figure 5.7d, Figure 5.8e
and f), although the trajectory as a whole was not (NES 0.625, FDR g 1.000). However, State 7 did
show increased expression of RELA, a subunit, and a key member, of the NF-kB family®**?*3, This
indicates that differentiation to this state is, some extent, but not fully, driven by NF-kB: it is
possible that NF-kB signalling is particularly important in regulating progression from the PI/16 to

the IL6 phenotype at the distal end of this trajectory.
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Figure 5.8 Primary fibroblasts show trajectory-dependent upregulation of marker genes and gene

sets

Trajectory plots showing changes across trajectories in (a) genes upregulated by TGF-
B®, (b) POSTN, (c) vascular smooth muscle contraction'’®, (d) ACTA2, (e) the targets
of NF-kB*** and (f) IL6

5.5 Discussion

To minimise the impact of misclassified cells on downstream analysis, we created a stromal gene
signature. Cross-referencing the genes showing the highest differential expression by this cluster
with those present in the most significant co-expression atlas result gave three genes: COL1A2,
COL3A1 and DCN. Cells belonging to the “Stromal cell” cluster in the larger dataset with a low
expression of these three genes in combination were not taken forward. Such cell type-specific

signatures may also prove useful for refining cell types with a lower nGene, such as plasma cells

and T cells.
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Clustering using the combined stromal populations identified in the Drop-Seq and Lambrechts et
al.?” datasets revealed 9 stromal populations: 6 originating predominantly from tumour samples
(4 CAF, 1 pericyte and 1 VSMC population) and 3 largely derived from normal tissues. Of the CAF
populations, one showed differential expression of POSTN (encoding periostin) and multiple
fibrillar collagen genes. Periostin and fibrillar collagens synthesised by CAF are implicated in

promoting carcinoma cell invasion, though activation of the PI3kinase-Akt pathway and enhanced

78,234

tissue stiffness, respectively . Accordingly, this cluster was enriched for signatures associated

235,236

with cancer invasiveness . A second (MMP1) CAF phenotype showed upregulation of multiple

. . 176
matrix metalloprotease genes and catabolic process gene sets

. In the context of malignancy,
matrix metalloproteases enhance tumour cell migration and invasion through, for example,
degradation of the ECM and production of mitogenic factors®’. In keeping with this, the MMP1

. . . . . . 235,236
population also showed enrichment of gene sets associated with cancer invasiveness™*>". Th

e
MMP1 population may thus represent a “catabolic” phenotype, facilitating the invasion and
metastasis of malignant cells. Both generation and remodelling of fibrous tumour stroma have

previously been described as functions of the “myofibroblastic” CAF phenotype®”*®”’

. However, in
this dataset, it appears that these functions may be mediated through different populations: the
“fibrogenic” and “catabolic” phenotypes could represent subgroups of what has previously been

described as one “myofibroblastic” population.

The remaining two CAF phenotypes both showed differential upregulation of IGF1. The first IGF1
population was labelled “stress response” CAF, due to its expression of genes and gene sets

211,212,230

associated with regulating the response to external stressors . This population also showed

200

upregulation of genes with previously-described stromal expression, such as SERPINE1""". Stromal

expression of the protein encoded by this gene (serpin E1) is associated with tumour cell

. . . . . 238,239
proliferation, invasion and metastasis™™

. Serpin E1 and periostin show differential spatial
distribution; the expression of these proteins appears to differ between adenocarcinoma and
squamous cell carcinoma, indicating that there may be NSCLC subtype-dependent accumulation
of the distinct CAF phenotypes. The second /IGF1 population was enriched for multiple gene sets
associated with cell development, differentiation and growth, consistent with the functions of the
IGF signalling axis™*. Together, these findings may be indicative of an “IGF signalling” phenotype:

IGF1 has previously been shown to mediate tumour-stroma crosstalk in a pancreatic carcinoma

. . . . s . . 210
model, enhancing cellular proliferation and mediating resistance to apoptosis® .

Trajectory analysis revealed a common differentiation pathway for the “fibrogenic” and
“catabolic” CAF populations, associated with upregulation of TGF-B target genes®. This cytokine
has typically been seen as the main driver of the “myofibroblastic” CAF phenotype’” (with which

17,18,77

the “fibrogenic” and “catabolic” CAF populations show functional overlap ), and could
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represent a potential differentiation mechanism for this trajectory. However, these genes
account for only 3.4% (22/645) of the total upregulated in this trajectory: differentiation to this
State may also be determined by other pathways. This State shows non-significant upregulation of
multiple senescence-associated gene sets (e.g. FRIDMAN SENESCENCE, NES 1.26, FDR g 0.352;
Genetically unstable vs. normal OSCC, NES 1.28, FDR g 0.355%*%%*!); it is possible that
differentiation to this trajectory is governed by both TGF-B signalling and induction of cellular

senescence.

Trajectory states 5 and 6 were composed largely of mixed CAF phenotypes. These states shared a
common differentiation trajectory (State 4) before diverging to distinct pathways (Figure 5.7c).
Both state 5 and 6 showed upregulation of TGF-p target genes, although the increase in State 6
was non-significant; State 5 was additionally enriched for a Ras signalling signature. It is possible
that differentiation to all CAF phenotypes identified in this dataset may be driven by TGF-B: TGF-
signalling and senescence may result in differentiation to State 3, combined TGF-p and Ras
signalling to State 5, and TGF-f in isolation to State 6. There are currently a scarcity of data
examining the combined effects of Ras and TGF-B in fibroblasts: this is a potential avenue for

future work.

The remaining populations derived largely from tumour were identified as pericytes and vascular
smooth muscle cells. The pericyte group did not show significant enrichment for any of the
examined gene sets, and were labelled based on their to differential expression of RGS5 (a marker

218

of this cell type®™). The vascular smooth muscle cell population showed upregulation of both

genes and gene sets associated with smooth muscle cell differentiation and contractility®**?*’. Th

e
common differentiation trajectory shared by these populations (Figure 5.7d) showed non-
significant enrichment for gene sets associated with smooth muscle function, likely reflecting
upregulation of these processes in VSMCs, but not pericytes. Fibroblasts are known to form
smooth muscle-like cells following vascular injury**2. However, although pericytes have the
potential to differentiate to CAF?®, evidence for the reverse phenomenon is sparse. It is therefore

possible that the pericyte/VSMC trajectory shows no apparent differentiation mechanism because

the pericytes in this dataset do not arise from the fibroblast population.

Of the populations predominantly originating from normal tissue, the IL6 phenotype showed
differential gene expression and gene set enrichment consistent with the previously-described

“inflammatory” fibroblast phenotype**°

. These cells were present almost exclusively (96%) in
State 7 (Figure 5.7d). Although the IL6 population were significantly enriched for NF-kB, State 7 as
a whole was not. This indicates that differentiation to this trajectory must, in part, be mediated

through other mechanisms. These stimuli are not currently clear: this state shows non-significant
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enrichment for a variety of pathways and processes including TGF-B, inflammatory and angiogenic

signatures.

The second NOF subtype was marked by expression of NPNT, a marker of a “matrix fibroblast”

. . . . .. 243
population in a murine pulmonary fibrosis single-cell atlas

. The PI16 subtype showed
differential upregulation of CFD. Data describing the expression and function of CFD in fibroblasts
are sparse, although other elements of the complement cascade are differentially expressed by

. 125
CAF in a melanoma

. One study has described upregulation of CFD in senescent skin fibroblasts,
where it induces expression of MMP1 (which degrades type | collagen)?*°. This population also
showed expression of other genes involved in both synthesis and degradation of ECM proteins,
including DCN, MFAP5 and PCOLCE2***%*; it is therefore possible that this phenotype is

concerned with the maintenance of the tumour stroma.

Here, we describe nine distinct stromal cell populations in a combined NSCLC scRNA-seq dataset.
Of the four CAF phenotypes, the “fibrogenic” and “catabolic” populations share expression and
enrichment of some genes and gene sets with the “myofibroblastic” CAF phenotype. Other
clusters also show features consistent with previously-described phenotypes and functions: for
example, the IL6 cluster is enriched for the signalling pathway known to drive differentiation to
the “inflammatory” fibroblast phenotype. The “fibrogenic” and “catabolic” CAF appear to share a
common differentiation trajectory, as do the pericyte and VSMC populations. The remaining
clusters show distinct differentiation pathways according to whether they originate from normal
or tumour tissue. Identification of putative differentiation stimuli will facilitate recreation of the

ex vivo phenotypes for in vitro functional assays.
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Chapter 6 Results 4: Recreating ex vivo fibroblast

phenotypes

6.1 Introduction

Fibroblasts are most commonly isolated on tissue culture plastic using serum to stimulate

. . . . . . 180,181 P
outgrowth from tissue, followed by expansion in vitro prior to analysis™ '~ : this is a well-

47,182,183

described and reliable method of generating fibroblast cultures . However, alteration of

120

culture substrate has been shown to skew fibroblast phenotypes . Whether ex vivo phenotypes

are maintained in culture, and whether the functional differences described in vitro hold true for

in vivo phenotypes has yet to be determined™***®,

Gene set enrichment analysis (GSEA) of the genes differentially expressed across differentiation
pathways allows identification of potential differentiation stimuli for the separate trajectories

176178 Jsing gene expression profiling by RT-PCR and

described in the previous chapter
transcriptomic analysis with Drop-seq, it is possible to assess the extent to which manipulation of
culture conditions can recreate ex vivo fibroblast phenotypes: adequate recapitulation of ex vivo

fibroblast phenotypes will be necessary for in vitro functional characterisation. Here, we examine

the impact of in vitro culture on fibroblast transcriptomes and function, assessing how culture

conditions can be used to skew fibroblast phenotypes.

6.2 Optimising in vitro culture conditions for analysing fibroblast

subtypes

6.2.1 In vitro culture alters transcriptomes

Recent studies have shown that the gene expression profiles of cancer-associated fibroblasts
(CAFs) from both head and neck squamous carcinoma (HNSCC) and melanoma are significantly

125126 T4 determine whether this holds true for the lung, the gene

altered by culture in vitro
expression profiles of primary fibroblasts isolated from tumour and non-involved tissue were

compared with those of ex vivo fibroblasts.

Normal and cancer-associated fibroblasts were isolated from tissue samples and expanded in
culture for one passage. These cells were then cultured in “low-serum” (1%; Section 2.1) DMEM

and analysed using single-cell RNA sequencing. These cultured cells (“in vitro”) were compared
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with fibroblasts from the main dataset (“ex vivo”). In vitro samples showed a similar number of
genes per cell as ex vivo samples, thus initial filtering parameters remained the same. Principle

components 1:15 were identified as significant, based on 3970 variable genes.

We found that fibroblasts isolated from tumour or non-involved tissues cluster separately from ex
vivo cells following culture in vitro for one passage (Figure 6.1a). Gene expression by these cells
more closely resembles IMR-90 cells than ex vivo fibroblasts (Figure 6.1b), showing that culture on
plastic surfaces causes significant transcriptomic changes in primary lung fibroblasts.
Furthermore, the genes differentially expressed before and after culture are consistent with those

described previously in CAF from similar experiments in melanoma and HNSCC*>*2¢

(Figure 6.1c).
These, together with the list of the top ten differentially expressed genes in our dataset and DCN
(identified as fibroblast-specific in our data), were used to create a panel to allow analysis of

fibroblast phenotypes by RT-PCR (Section 2.3).
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Figure 6.1 Cells analysed immediately following isolation “ex vivo” and following culture on plastic

“in vivo” show differences in gene expression

(a) tSNE plot showing clustering of ex vivo and in vitro cells. (b) Dendrogram for lung
adenocarcinoma (H441) and fibroblast (IMR-90) cell lines and primary lung cells. (c)
Heatmap of the top 10 genes differentially expressed by each group. Genes marked

with an asterisk were included in the RT-PCR panel
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6.2.2 2D in vitro culture conditions impact fibroblast proliferation

Given the variations observed in gene expression between ex vivo and in vitro fibroblasts the
effect of in vitro culture on fibroblast phenotypes was investigated. Primary lung fibroblasts were
seeded at 50 000/ml to 6-well tissue culture plates. Plates were either coated with substrates
with the potential to alter cell adherence (either 0.1% gelatin or Matrigel® Matrix) or left
uncoated. These cells were harvested at 3 and 7 days for assessment of proliferation and
metabolic activity (Section 2.4). Normal primary fibroblasts showed similar fold-change in growth
relative to plastic when cultured on both gelatin and Matrigel (Figure 6.2a). CAF cultured on
gelatin or Matrigel showed a significant increase in cell number when compared with plastic at 3
days. This difference persisted at 7 days, but was no longer significant, likely because the cells had

reached confluence prior to this timepoint (Figure 6.2b).
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-

Figure 6.2 Alteration of tissue culture surface impacts fibroblast proliferation

Cell counts in primary (a) normal and (b) cancer-associated fibroblasts when cultured
on plastic, gelatin or Matrigel surfaces (n = 5). Counts expressed as fold change (FC)

relative to plastic. *p < 0.05, Welch’s t test

6.2.3 3D in vitro culture significantly alters gene expression and can be used to skew

fibroblast phenotypes towards previously described sub-types

In order to determine whether ex vivo fibroblast phenotypes can be recapitulated by
manipulation of in vitro conditions, primary cells were cultured either on plastic, Matrigel® or in
collagen/Matrigel® Matrix 3D gels. Cells were harvested after five days and any changes in gene
expression measured using real-time PCR (data for 3D gels in Figure 6.3). Culturing fibroblasts on
Matrigel-coated compared to uncoated tissue culture plastic caused similar changes to gene
expression as uncoated plastic relative to culture in 3D, albeit of a lower magnitude (Section

A.10).
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Figure 6.3 Culture on plastic relative to 3D leads to upregulation of genes differentially expressed

by ex vivo CAF and in vitro fibroblasts

Bar charts showing fold change in expression for genes differentially expressed by:
(a) ex vivo NOF, (b) ex vivo CAF, (c) in vitro fibroblasts, (d) all ex vivo fibroblast
populations in both our dataset and melanoma'®. Values are expressed as log2(fold

change plastic:3D). *p < 0.05, ***p < 0.001, ****p < 0.0001, Welch’s t test

The effect of culture conditions on the expression of ex vivo NOF markers was variable: although
CFD was upregulated in fibroblasts grown on plastic, expression of IL6 (a marker of
“inflammatory” fibroblasts'?°) was increased by 3D culture (Figure 6.3a). Perhaps unsurprisingly,
in vitro fibroblast markers were upregulated by culture on plastic, although this increase was
statistically significant for CCND1, CXCL6 and QSOX1 only (Figure 6.3c). Expression of the ex vivo
CAF markers COL1A1 and COL3A1 (markers of myofibroblast transdifferentiation’®*’) was
significantly increased in cells cultured on plastic (Figure 6.3b). Alteration of culture conditions
also had a variable impact on genes expressed across ex vivo fibroblast populations (“pan-
fibroblast markers”; Figure 6.3d): whereas DCN, MGP and C1R were upregulated by growth on
plastic, expression of GADD45B was increased by culture in 3D. The changes in some of these key
genes (those used as markers for ex vivo and in vitro phenotypes) are summarised in Table 6.1

below.
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Gene Average log(fold change) Adjusted p value
COL1A1 1.597949 2.599801x10™"
COL3A1 1.811002 3.936564x10°
IL6 -1.513206 1.884241x10™"
CFD -2.411358 2.647318x10™"
MGP -2.91536 2.201023x10%

Table 6.1 Summary of key genes differentially expressed between fibroblasts cultured on plastic

and ex vivo

Genes with a positive average log(fold change) are upregulated in cells cultured on

plastic; those with a negative value are increased by culture in 3D

None of the above genes showed differential expression when comparing cells by tissue of origin

(normal or tumour) or by patient rather than by culture condition (Figure 6.4). The changes in

expression of COL1A1 and IL6 (selected as representative markers for ex vivo NOF and CAF

populations) were found to be maintained at the protein level (Figure 6.5).
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Figure 6.4 Changes in gene expression across culture substrates are not cell type- or patient-
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dependent

Dot plots showing changes in gene expression in cells cultured on plastic and in 3D by
cell type (a-e) and across patients (f-j). Gene expression levels are expressed at the

log2 of the fold change relative to the mean expression across all samples (n = 4)
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Figure 6.5 The observed changes in gene expression are maintained at a protein level

(a) Western blot for expression of COL1A1, Hsc-70 (loading control) and IL6. (b) Bar
chart showing log(fold change) in measured optical density for plastic relative to 3D
for COL1A1 and IL6. Graphs show mean values with the standard deviation for

technical replicates (n=3)

6.3 Recapitulating ex vivo fibroblast phenotypes

Having shown that manipulating in vitro culture conditions can alter the expression of genes
associated with known fibroblast subtypes, we sought to define the culture conditions required to
recapitulate the phenotypes of the different ex vivo CAF differentiation trajectories. Trajectory
analysis (Section 2.8.8, Figure 6.6) identified pathway enrichment associated with the distinct
trajectories. Differentiation to State 3 (POSTN and MMP1 CAF phenotypes) was characterised by
enrichment of genes upregulated by TGF-B treatment (a well-described driver of differentiation to

77,247,248

the “myofibroblastic” phenotype ). Differentiation to State 7 (/L6 fibroblasts) was

characterised by enrichment of inflammatory processes and the targets of NF-kB (a driver of the

“inflammatory” fibroblast phenotype®).

Based on this analysis we hypothesised that the differentiation of primary lung fibroblasts could
be induced using recombinant protein stimulation in vitro, using TGF-B to induce differentiation to
State 3 and IL-1B (an upstream activator of NF-kB signalling®*®) to induce differentiation to State 7.
It is well-documented that in addition to growth factor or cytokine stimulation, culture surface
can have a significant impact on fibroblast phenotypes: increased substrate stiffness generates an

250

“activated myofibroblast” phenotype™". This effect may go some way to explaining the

differences in gene expression between ex vivo and in vitro fibroblasts (Figure 6.1). We therefore
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compared the impact of TGF-B or IL-1B treatment stimulation on fibroblasts cultures on tissue
culture plastic (TCP) and low elastic modulus culture plates (2 kPa, similar to that of lung tissue®?).
As mentioned previously, fibroblasts are most commonly cultured on plastic substrates: this
condition (TCP) was included to facilitate comparisons with previously-published findings. Cells

cultured on low elastic modulus plates without additional treatment were included as a control.

Plates were coated with either collagen (100 pug/ml, Corning) or Matrigel, as previously.
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Figure 6.6 Primary stromal cells from the combined dataset (described in Section 5.3) show
distinct differentiation trajectories. Trajectory plots coloured by (a) State and (b)

cluster

6.3.1 Manipulation of in vitro culture conditions upregulates genes associated with ex vivo

fibroblast populations

Cells treated as above were collected at seventy-two hours and underwent RNA extraction and
RT-PCR analysis as per Sections 2.2 and 2.3. A panel of genes indicative of differentiation to
distinct fibroblast clusters or trajectory states was generated using the differentially expressed
genes listed in Table 5.1 and Figure 6.1c. RNA concentrations were calculated as the fold-change

in gene expression levels relative to control (2 kPa CTL). RT-PCR results are shown in Figure 6.7.

Differentiation to State 3 (largely composed of POSTN and MMP CAF) was characterised by an
increase in the expression of POSTN and COL1A1 (the latter also differentially upregulated in all
CAF relative to NOF ex vivo; Figure 6.1). COL1A1 was upregulated relative to the control across
substrates in both untreated and TGF-B-treated samples (Figure 6.7a). Expression of POSTN was
significantly increased in TGF-B-treated cells cultured on collagen-coated low elastic modulus
plates only, with a significant reduction in expression on collagen-coated tissue culture plastic

(Figure 6.7b).

States 5 and 6 were predominantly composed of cells from multiple CAF populations. Over half of

cells in State 5 originated from the “stress response” phenotype, also identified by IGF1
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expression. Sixty-four percent of cells in State 6 were from the “IGF signalling” population, also
marked by IGF1. IGF1 was upregulated in TGF-B-treated samples across all substrates (Figure
6.7c); expression of SERPINE1 (also upregulated in State 5) was significantly increased in culture of

TGF-B-treated cells on collagen-coated low elastic modulus plates (Figure 6.7d).

State 7 was composed almost exclusively of NOF populations, most frequently the IL6
“inflammatory” phenotype. This trajectory showed differential expression of IL6 and CCL2 (as did
the “inflammatory” population). IL6 was upregulated in IL-1B-treated samples across all
substrates (Figure 6.7e). Expression of CCL2 was increased in IL-1B-treated cells cultured on

collagen-coated low elastic modulus plates or tissue culture plastic (Figure 6.7f).

CAF in trajectory State 3 are characterised by upregulation of POSTN (Figure 6.6). As expression of
this gene was only upregulated in cells cultured with TGF-B on collagen-coated low elastic
modulus surfaces, these conditions were selected for generation of this phenotype
(acknowledging that this may also induce a phenotype showing some overlap with CAF in State 5,
which showed significant enrichment for genes upregulated by TGF-B treatment). Treatment with
IL-1B and culture on collagen-coated low elastic modulus plates and tissue culture plastic resulted
in upregulation of both /L6 and CCL2, markers of the “inflammatory” fibroblast phenotype and
trajectory State 7. As culture on tissue culture plastic also led to increased expression of ACTA2
(associated with VSMCs and the classical “myofibroblastic” CAF phenotype; Figure 6.7g), culture

on low elastic modulus plates was chosen to best recreate this phenotype.
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Figure 6.7 Alteration of culture conditions leads to upregulation of genes differentially expressed
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by ex vivo stromal cells

Bar charts showing fold change in expression for (a) COL1A1, (b) POSTN, (c) IGF1, (d)

SERPINE1, (e) IL6, (f) CCL2 and (g) ACTAZ2 for either control (CTL), TGF-B-treated or IL-

1B-treated cells on low elastic modulus (2 kPa) and tissue culture plastic (TCP) plates.

Values are expressed as log2-fold change relative to control (CTL 2 kPa collagen). *p <

0.05, **p < 0.01, Welch'’s t-test
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6.3.2 Alteration of culture conditions partially recreates ex vivo fibroblast transcriptomes

To determine whether use of these conditions accurately recapitulated ex vivo phenotypes,
treated cells were processed using the Drop-seq and bioinformatic pipeline described in Sections
2.7 and 2.8. The shared differentially expressed genes for the IL-1, TGF- and TCP culture

conditions and the comparable ex vivo populations are given in Table 6.2.

Culture on low elastic modulus plates with IL-1B treatment (IL-1B 2 kPa) led to significant (p <
0.001) upregulation of 10.5% of the genes differentially expressed by State 7 ex vivo cells (Table
6.2). IL6 and CCL2, used as markers of trajectory State 7, were upregulated in cells grown in these
conditions (echoing the gene expression pattern seen at RT-PCR; Section 6.2.1). As discussed
previously, NF-kB is believed to be the main driver of the “inflammatory” fibroblast phenotype
seen in State 7%°. Both /L6 and CCL2 are included in a gene signature characterising the targets of
NF-kB in fibroblasts®: these, and the other NF-kB targets upregulated by IL-1B 2 kPa culture, are
highlighted in bold in Table 6.2.

Seven percent of genes differentially expressed by cells in State 3 were upregulated by growth on
low elastic modulus plates with TGF-B treatment (TGF-B 2 kPa; Table 6.2). The increases in
COL1A1 and POSTN induced by these culture conditions at RT-PCR (Figure 6.7) were not seen in
the transcriptomic data. COL11A1, PRSS23, SULF and VCAN (part of a set of genes upregulated by
TGF-B treatment®®) were differentially upregulated in both State 3 and TGF-B 2 kPa conditions.
However, this condition did not increase the expression of the multiple fibrillar collagens seen in
State 3 (e.g. COL1A2, COL3A1 and COL5A2). Cells grown on tissue culture plastic upregulated 5%
of the genes differentially expressed in State 3 (TCP; Table 6.2). Among these were multiple genes

associated with “myofibroblastic” differentiation and functions, including ITGB1, TIMP1 and
TNC93,252—254

109



Chapter 6

IL-1B 2 kPa and State 7; IL6 TGF-B 2 kPa and State 3 TCP and State 3
(“inflammatory”) (POSTN/MMP1 CAF) (POSTN/MMP1 CAF)
CXCL1 BIRC3 AEBP1 COL6A3 MT2A TPM1
IL8 GAPDH ALDH1A1 CTHRC1 TAGLN CHN1
CXCL3 NAMPTL RARRES2 MMP14 TPM2 CYR61
SOD2 CH25H AGT RGCC SFRP1 ASPN
CXCL2 COL3A1 SEPP1 TGM2 THY1 FILIP1L
TNFAIP6 TNFRSF11B GREM1 ARL4C ITGB1 KRT7
CcCL2 ANXA1 C10orf10 TXNIP S100A10 SULF1
NAMPT IER3 CTSK CST3 TIMP1
RND3 SPARC KIAA119 PLIN2 IGFBP6
CA12 IL31 COL11A1 ANTXR1 ADIRF
GO0S2 CLU HIST1H4C AKAP12 IGFBP3
WTAP EMP1 PTGDS SNHG6 UACA
ZC3H12A LMCD1 SNHG5 TNC
ACSL4 PODN BGN LMO7
FST FBX032 MFAP4 ITGBL1
IL6 CIQTNF5 VMP1 TNFRSF11B
FTH1 PRSSS23 SULF1 WNT5A
PHDLA1 SAT1 MGP MTI1E
NFKBIA FGF7 VCAN SERPINE1
PPAP2B GADD45B GDF15 PTX3
ALDOA ISLR SPON2 ADAMTS1
SERPINE2 ANGPTL2 TIMP1 MYL12B
CAV1 SCN7A CHI3L1 RP11-
48020.4

Table 6.2 Overlap between genes significantly (p < 0.001) differentially expressed in both in vitro
culture conditions and ex vivo counterpart trajectory State

231

The IL-1B-treated genes highlighted in bold are targets of NFkB

A random forest classifier was trained on the stromal cell dataset described in the previous
chapter, using the genes differentially expressed by each cluster in both the Drop-seq and
Lambrechts et al.’? datasets. The trained classifier was used to assign in vitro skewed cells to the
clusters identified in the stromal cell dataset. The results of this are summarised in Figure 6.8

below (full results are given in Section A1.11).
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Figure 6.8 Manipulation of culture conditions partially recreates the transcriptomes of ex vivo

stromal cells

Stacked barplots showing composition of (a-d) culture conditions assigned by stromal

cell clusters and (e) stromal cell subtype by culture condition

All ex vivo stromal cell clusters were represented in the sequenced library; each culture condition
generated multiple phenotypes (Figure 6.8a-d). Although under control conditions (untreated
cells cultured on low elastic modules plates; CTL) a number of cells were classified as POSTN or
IGF1 cluster 2 CAF, cells were most frequently assigned to the PI6 NOF subtype (49%; Figure 6.8a).
The PI16 phenotype is the most frequently-occurring cell type at differentiation pseudotime zero.
It therefore appears that culture under control conditions is at least partially successful in

recreating a normal fibroblast phenotype.

Treatment with IL-1B yielded a range of phenotypes, most commonly that of the IGF1-1 cluster
(Figure 6.8c). Ninety-eight percent of cells assigned to the IL6 cluster, and over 90% of cells
assigned to the RGS5 and IGF1 cluster 1 subtypes, originated from the IL-1B-treated population
(Figure 6.8e). As hypothesised, cells treated with TGF-B were predominantly (40%) assigned to the
POSTN cluster (Figure 6.8d). However, this was not sufficient to convert all cells to this phenotype:
TGF-B treatment also generated cells assigned to CAF (/IGF1 cluster 2) and NOF (P/16 cluster)
subtypes. Interestingly, 68% of cells cultured in 10% FCS on TCP were assigned to the POSTN CAF

cluster (Figure 6.8b).
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6.3.3 Treated cells show distinct differentiation trajectories

Trajectory analysis (Section 2.8.8) was performed to assess both the differences and similarities in
gene set enrichment between the transdifferentiated in vitro cells and the ex vivo data (Section
5.3). TGF-B-treated cells largely shared the same State as control (CTL) cells, although a minority
were allocated to a trajectory with a subset of cells cultured in 10% FCS on tissue culture plastic
(TCP, State 3; Figure 6.9). The majority of cells from TCP and IL-1B-treated samples were assigned
to distinct States (4 and 1, respectively). Counts of cells assigned to each trajectory are given in

Section A1.12.
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Figure 6.9 Transdifferentiated fibroblasts show distinct differentiation trajectories

Trajectory plots coloured by (a) State and (b) sample of origin. Points represent

individual cells

Gene set enrichment analysis was performed to characterise the biological processes and curated
gene sets upregulated by each trajectory (summarised in Table 6.3; further results are given in
Section A.13). Differentiation to State 1 (IL-1pB trajectory) was, similar to the ex vivo IL6 cluster,
associated with an increase in the expression of inflammatory response gene sets (including the
targets of NF-kB). States 3 and 5 both showed significant enrichment of one get set only. State 3,
comprising cells from TGFB and TCP conditions, was enriched for a gene set upregulated in
untreated cells vs. those treated with interferon gamma. This was a largely a result of the
differential expression of ITGB1 (included in the signature) in this trajectory. State 5, also
composed of both TGF-B-treated cells and those grown on TCP, showed increased expression of a
catabolic signature as a result of the differential expression of a number of ribosomal proteins by
this trajectory. Leading edge analysis was not possible for States 3 and 5, as this requires multiple

gene sets for comparison.
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7 7 7

Table 6.3 Representative GSEA results for differentiation from State 5 to each terminal State

Associated enrichment statistics and top leading edge genes are given beneath each

plot. NES, Normalised Enrichment Score. FDR g, false discovery rate

6.4 Characterising fibroblast phenotypes

6.4.1 Migration assays

CAFs are known to show motile properties®*®’; we therefore sought to determine whether treated

cells showed differential migratory capacities. Treated fibroblasts were plated for migration assays
as described in Section 2.1.10, using serum as a chemoattractant. Results are shown in Figure 6.10;
cell counts are expressed as the log2 of the fold change relative to the control sample. There were

no significant differences in migration between transdifferentiated cells and control.
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Figure 6.10 Treated fibroblasts do not show differential migration towards serum

Dot plot showing migrated cell counts for transdifferentiated fibroblasts to serum.
Values are expressed as the log2 of the fold change relative to the control (2 kPa CTL)

sample (n = 3)

6.4.2 Gel contraction assays

To determine whether the differentiated fibroblast populations show differential contractile
properties, treated cells were plated to gel contraction assays as per Section 2.1.9; results are
shown in Figure 6.11. Cells grown in 10% serum on tissue culture plastic showed the greatest
reduction in gel mass relative to control; TGF-B and IL-1B-treated cells appeared similar to the

control (CTL).

Figure 6.11 Transdifferentiated NOF show differential contractile capacity

Dot plot showing mass of gel following forty-eight hours in culture for control cells
(CTL), TGF-B- and IL-1B-treated cells cultured on low elastic modulus plates (2 kPa)
and those cultured on tissue culture plastic (TCP). Graphs show values with standard

deviation for technical replicates (n = 3)
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6.5 Discussion

Any functional characterisation of the identified fibroblast subtypes would initially necessitate
culture in vitro: this process can also further understanding of in vivo fibroblast activation
pathways. We assessed the impact of such techniques on the gene expression of primary
fibroblasts, showing that this results in a significant alteration in their transcriptome. We then
examined how manipulation of in vitro culture conditions can alter fibroblast proliferation rate

and expression of genes and proteins.

Fibroblasts cultured on uncoated plastic surfaces and in 3D Matrigel gels showed differential
expression of genes associated with the previously-described “myofibroblastic” and

“inflammatory" fibroblast subtypes'®*"**°

. However, culture in 3D alone was not sufficient to
recover the ex vivo fibroblast gene expression profile, indicating that this approach required
further refinement. The effectiveness of culture on low elastic modulus plates with either TGF-
or IL-13 treatment (based on the trajectory results in the previous chapter) in recreating ex vivo
phenotypes was initially assessed using RT-PCR. Based on expression of select markers these
conditions recreated the gene expression profiles of the ex vivo State 3 and State 7 cells,

respectively. However, analysis of treated cells using Drop-seq indicated that this method is only

partially successful in recreating ex vivo transcriptomes.

Treatment with IL-1p resulted in differential upregulation of a number of the targets of NF-kB**?,

considered to be the main driver of differentiation to the “inflammatory” phenotype® (from
which the greatest proportion of ex vivo cells in State 7 originated). IL-1p treatment also
generated a proportion of cells with a transcriptome similar to that of “inflammatory” fibroblasts.
However, this condition also yielded a range of both NOF and CAF phenotypes, most commonly
that of the “stress response” (IGF1-1) cluster. Although this population was characterised by
expression of stress response genes, it also showed upregulation of a subset of inflammatory
genes expressed by the /L6 cluster (e.g. CCL2, CXCL2). This suggests that refinement of these in
vitro conditions is required to prevent triggering a stress response when inducing the

“inflammatory” phenotype.

Treatment of cells with TGF-B alone appears insufficient to fully recreate the phenotypes of ex
vivo cells in State 3. State 3 was largely composed of cells from the “fibrogenic” and “catabolic”
populations. At scRNA-seq analysis, TGF-B-treated cells did not show upregulation of key genes
which are either associated with differentiation to State 3, or likely to be of functional importance
in these phenotypes (e.g. POSTN, FN1, fibrillary collagens®”’%’#%°). This lack of POSTN
upregulation is in contrast to the RT-PCR results. There are potentially a number of reasons for

this: RT-PCR is performed on total RNA, whereas Drop-seq uses captured mRNA; alternatively,

115



Chapter 6

POSTN may show low mRNA expression level, which would make it more subject to dropout. It is
also possible that the observed differences are due to different passage fibroblasts being used for
the RT-PCR and Drop-seq analyses: further work directly comparing fibroblasts from the same
passage would assist in elucidating the reasons behind these differences. Cells treated with TGF-p
also showed upregulation of IGF1 and SERPINE1 at RT-PCR (associated with separate CAF
subtypes and trajectories). In keeping with this, TGF-B treatment yielded a range of populations at
scRNA-seq (although most frequently the POSTN phenotype), and does not generate State 3 cells

specifically.

To date, the majority of in vitro fibroblast functional assays have been performed using culture on
plastic substrates. At scRNA-seq analysis, this approach yielded predominantly POSTN
(“fibrogenic”) phenotype cells. Cells grown on plastic also appear to show increased contractility
but no difference in migration relative to the control. Together, these features are more
consistent with a “myofibroblastic” CAF phenotype, and could be induced as a result of the

247,256

rigidity of the culture substrate . Indeed, it is known that traditional in vitro fibroblast culture

using stiff substrates will yield an “activated” (CAF-like) phenotype®’?*°: the current data in this

field are reflective of this.

Functional differences between the skewed fibroblast phenotypes were examined using migration
and gel contraction assays: all results require experimental repeats for validation. The
differentiated populations showed differential contractile capacities, although no differences in
migration were observed. However, neither of the recreated phenotypes represent any one ex
vivo fibroblast population or differentiation trajectory. Refinement of the skewing protocol to
recreate more faithfully the ex vivo fibroblast phenotypes is needed, before repetition of these

experiments to determine functional differences between the populations.

This work has shown some potential for using recombinant protein stimulation to re-create
different fibroblast sub-populations in vitro. An alternative approach could be the use of shRNA or
overexpression vectors to achieve longer-term modulation of gene expression®*’, which may
generate more stable phenotypes. Alternatively, a more comprehensive recapitulation of the 3D
microenvironment that generates these phenotypes in vivo may be required to accurately
recreate these phenotypes. Spheroid or organoid cultures mimic in vivo architecture and cell-cell

. . . . . . . 261,262
interactions in a variety of tissues, including the lung™"~

. Such techniques have also been shown
to recreate in vivo gene expression in, for example, melanoma®®; it is therefore possible that the
incorporation of stromal cells into these models could facilitate recreation of fibroblast

phenotypes more akin to those seen in vivo.
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In vitro functional characterisation will require faithful recapitulation of the ex vivo fibroblast
phenotypes. Using differentiation stimuli identified by trajectory analysis in the previous chapter
partially recreates ex vivo gene expression profiles, but requires refinement to improve accuracy.
Preliminary analysis of the skewed populations indicates that these groups may have differential
functional properties. More extensive characterisation will identify pro-malignant subtypes and

differentiation pathways for potential future therapeutic targeting.
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Chapter 7 Discussion

An increasing body of evidence indicates that fibroblasts are a heterogeneous population in both
normal and disease states™®*”?***: the aim of this project was to characterise this variation, and to

link the molecular phenotypes of any distinct subpopulations to their functions.

To ensure accurate characterisation of in vivo phenotypes across the entire stromal cell population
in NSCLC and normal lung, we have addressed a number of technical challenges. We have developed
novel protocols for the processing of human tissue samples to maximise the yield of fibroblasts, and
for enhanced quality control of scRNA-seq data generated from these samples. Applying this
approach to a larger cohort of NSCLC samples has identified nine stromal sub-populations, which are
likely to have distinct functional roles within the tumour microenvironment. We have also used this
data to the identify key molecular mechanisms which regulate transdifferentiation between these
sub-populations. Finally, we have examined both the potential and limitations associated with

examining these stromal phenotypes in vitro.

An initial challenge in this project was to determine the optimal approach to quantify extraction of
fibroblasts from tissue samples. As there is no single marker that will reliably identify all fibroblasts,
we assessed the suitability of previously-described fibroblast markers to identify lung fibroblasts. We
found CD90 to be a highly sensitive and robust marker in comparison to PDGFR-a. (previously

264 .
). It is of note, however,

described as a marker for fibroblast isolation across multiple tissue types
that CD90 was expressed by fewer than half of skin fibroblasts. It is therefore likely that this
approach will not effectively identify fibroblasts in all tissues, and that some fibroblasts will not be

identified using the FACS panel described.

. . . . . . . . . 135,136,184-
The majority of solid tissue disaggregation protocols have focused on immune cell isolation™™~>>

1% We compared different disaggregation durations and enzymatic cocktails, finding that extended
Collagenase incubation times were required to release fibroblasts from tissue samples. In contrast,
non-adherent cells (such as immune cells) were more rapidly isolated by enzymatic disaggregation.
This analysis demonstrated that isolating cells from tissue samples using such techniques may not
accurately reflect the cell type proportions present in the primary tissue. This impacts the
application of FACS-based analysis of single cell suspensions to quantify variation in the fractions of
different cell types present within tissues. This also has significant implications for applications such

as the scRNA-seq performed in this study: disaggregation protocols should be optimised to maximise

the extraction of the population of interest. This will ensure that the examined sample of these cells
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is the most accurate possible representation of the entire population. It is also noteworthy that even
following extended Collagenase incubation times, the fraction of extracted epithelial cells was
surprisingly low given their abundance in tissue sections. We hypothesised that cell-cell adhesions
resulted in their loss during the filtration steps required to generate a single cell suspension,
preventing their isolation. We showed that addition of TrypLE to the disaggregation protocol
addressed this, generating a significantly higher fraction of epithelial cells. This also demonstrated
that this protocol may be further refined or optimised to enrich for different cell types for future

studies.

Droplet-barcoded (Drop-seq) single-cell RNA sequencing is a cost-effective method for profiling large
numbers of cells. Initial optimisation using cell lines confirmed that this technology was successfully

able to distinguish between different cell lineages. The described disaggregation approach was then

used for transcriptomic profiling of ex vivo fibroblasts using Drop-seq. Comparison of data from lung
cell lines and primary ex vivo cells indicated the need for quality control metrics tailored to sample

type and sequencing platform.

We developed a standardised approach for the removal of low-quality events from scRNA-seq data;
this improves clustering quality compared to the use of previously-described quality-control

125-127,198,199 " I . . 138
72777 Enzymatic dissociation has been reported to impact gene expression™".

metrics
Disaggregation-associated changes in gene expression have the potential to result in assignment of
cells to the incorrect lineage, and to generate erroneous clusters composed of cells with high
expression of these disaggregation-associated genes. We therefore refined an existing
disaggregation-induced gene signature to assess the impact this has on the Drop-seq data.

Clustering quality was not further improved by application of the refined signature, although it

appears that some immune cell types are differentially impacted by enzymatic disaggregation.

Applying this optimised processing pipeline to data from 12 tumour samples identified 33 distinct
clusters. This will provide a valuable resource for other researchers, both as a “test” dataset for
validation of findings made in other data series, and as a tool to allow interrogation of other cell
types. Clusters were labelled using a co-expression atlas together with the top differentially
expressed genes for each group. This method provides an unbiased approach for assigning scRNA-
seq clusters to different cell types, and is likely to be more robust than labelling of clusters based on
expression of one or two differentially upregulated genes. However, this process relies on the
inclusion of a reference gene set for each of the cell types under investigation. For some cell types
(e.g. mast cells) such signatures were absent: identification of these populations required additional

refinement before their final cell type identity was assigned.
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To further minimise the impact of low-quality or misclassified cells on downstream analysis, we
created a stromal gene signature. Cross-referencing the top differentially expressed genes for this
cluster with those present in the most significant co-expression atlas result gave three genes:
COL1A2, COL3A1 and DCN. Cells belonging to the “Stromal cell” cluster in the larger dataset with a
low expression of these three genes in combination were not taken forward. Such cell type-specific
signatures may also prove useful for refining cell types with a lower nGene, such as plasma cells and

T cells.

This refined stromal data was used to identify stromal cells in a NSCLC scRNA-seq dataset published
during the course of this project'”’. Analysis of these combined stromal populations identified 9
distinct stromal clusters: 4 CAF, 3 NOF, 1 pericyte and 1 VSMC population. Of the CAF populations,
two (marked by POSTN and MMP1 expression) showed expression of genes and enrichment of gene
sets suggestive of “fibrogenic” and “catabolic” phenotypes. It is possible that these populations
represent subgroups of the “myofibroblastic” phenotype, which has traditionally been seen as

. . . 17,18,77
responsible for the generation and remodelling of tumour stroma™"

. The remaining CAF clusters
are marked by IGF1 upregulation and were labelled “stress response” and “IGF signalling” CAF due
to their expression of genes involved in the response to cellular stress, and mediation of IGF
signalling, respectively. Of the clusters predominantly originating from normal tissue, one, marked

by IL6, was consistent with the ‘inflammatory’ fibroblast phenotype described previously®**?*?*!, Th

e
remaining two populations were marked by NPNT and PI16 expression, and may represent “matrix”

and quiescent fibroblast populations, respectively.

Immunohistochemical validation of staining for periostin (the product of POSTN) and serpin E1
confirmed that these proteins appear to have differential spatial expression and presence across
NSCLC subtypes. Serpin E1 showed co-expression with a-SMA in some stromal cells. Staining for
periostin was largely extracellular, and was found in similar regions to the cytoplasmic a-SMA
staining. The selection of markers for the two CAF groups requires refinement: periostin in particular
extensively stains the ECM, rendering identification of intracellular staining challenging, and staining
for serpin E1 is relatively weak. Staining for intracellular or cell surface epitopes, or in situ
hybridisation (using antibodies to mRNA) may facilitate more accurate spatial characterisation and
mapping. Spatial mapping for each of the identified populations may provide an additional layer of
functional information: for example, CAFs are known to have immunomodulatory roles’>®%,
Assessment of the spatial relationships between CAFs and cytotoxic T cells may suggest a

mechanism by which CAFs impair the immune response to tumour e.g. by immune cell exclusion

from the tumour or inducing T cell exhaustion.
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Trajectory analysis of the stromal cell data indicated distinct differentiation pathways for the
identified populations. The “fibrogenic” and “catabolic” phenotypes shared a common trajectory;
the other CAF trajectories contained multiple phenotypes. All CAF trajectories showed some degree
of TGF-B dependence, consistent with previous observations describing the importance of this

75248265 1t is possible that this represents a common CAF phenotype

cytokine in fibroblast activation
driver, with differentiation to distinct phenotypes dependent on secondary stimuli (such as Ras
signalling or cellular senescence). Differentiation to the trajectory containing “inflammatory”
fibroblasts appears at least in part to be mediated by NF-kB signalling, although the other drivers of

this trajectory are not clear.

A number of studies have demonstrated that mechanical changes to tissue culture substrates can

266269 v ot the vast majority of research analysing these cells is still

impact fibroblast phenotypes
carried out on plastic. Our results show that culturing fibroblasts on plastic causes a significant shift

in transcriptome compared to that seen immediately following isolation, consistent with previous

125,126 257-259

studies . In the scRNA-seq data, in keeping with other observations in this area , culture of
fibroblasts on a rigid substrate appears to generate an activated “myofibroblastic” phenotype. This
has implications for both planning of future work and the interpretation of previous studies of
fibroblast function. In the majority of studies to date, CAFs are described as having tumour-
promoting functions in vitro'®. However, some data (for example, immunohistochemical analyses of
patient tissues) indicate that CAFs may have differential prognostic impact**'%*9?° Thjs
emphasises the need to profile these cells directly from tissues, without culture in vitro, to
characterise accurately in vivo phenotypes. Using genes identified by both differential gene
expression and trajectory analysis, we created a panel to allow assessment of in vitro fibroblast
phenotypes by RT-PCR. This identified that culture on low elastic modulus substrates with either IL-
1B or TGF-B treatment recreated some of the ex vivo phenotypes. However, more extensive

transcriptomic analysis with scRNA-seq revealed that this approach was only partially successful, and

further refinement of differentiation stimuli is needed.

Although Drop-seq is a cost-effective platform for profiling larger numbers of cells, this approach

B30 The latter platform

gives a lower number of genes per cell than, for example, SMART-seq2
requires upfront FACS of target populations (and therefore, well-defined surface markers). Prior to
this work, such markers were lacking for fibroblasts in NSCLC. Use of the markers identified in the

scRNA-seq data presented here could allow transcriptomic analysis of the identified populations at

greater resolution (i.e. more genes per cell). Higher resolution data may allow more detailed

differential gene expression analysis. This in turn could facilitate more informative gene set
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enrichment and trajectory analysis and allow better in vitro recreation of phenotypes and functional

analysis.

CAFs are the most common stromal cell type, and highly prognostic in, a range of solid tumours®.
Targeting of pre-malignant CAF subtypes is an attractive prospect, but hampered by a lack of
phenotypic characterisation. Here, we have used scRNA-seq to confirm that CAFs are a
heterogeneous cell type, with multiple, apparently functionally distinct, sub-populations.
Bioinformatic deconvolution can be used to examine which of the identified fibroblast phenotypes

271 - . .
. These techniques generate a gene expression signature

would be appropriate therapeutic targets
for each cell type in a user’s dataset. The presence of these signatures can then be evaluated in
other datasets e.g. The Cancer Genome Atlas®’?, giving the relative proportions of each cell type for
each patient in the database. These values can then be correlated with a variety of clinical

parameters, and could identify fibroblast populations with a negative prognostic impact.

Identification of potential therapeutic targets will also require further functional characterisation.
Trajectory analysis using the scRNA-seq data has given some indications of potential differentiation
pathways to recreate ex vivo fibroblast phenotypes in vitro: these driver mechanisms may also
represent therapeutic targets. However, the lack of significant GSEA results for trajectories makes
determination of the precise drivers of each phenotype difficult: using alternative approaches to

273-275

gene set enrichment, differential gene expression and trajectory analysis may provide further

information.
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Appendix A

A.1 Summary of studies examining prognostic impact of CAF in NSCLC

The existing data regarding the prognostic impact of CAF in NSCLC are summarised in Table A.1.

A.2 Experimental induction of apoptosis did not yield sufficient cDNA for

library generation and sequencing

The fraction of reads in a sample which map to mitochondrial genes is used as a measure of cell

death®®

. We attempted to validate this experimentally through scRNA-seq of apoptotic cells. H,0, is
a commonly-used method for the experimental induction of apoptosis?’®. An initial optimisation
experiment was performed to determine the optimal treatment length: cultured fibroblasts were
treated with 50 mM H,0, for either 1 or 2 hours. Viability analysis by FACS revealed the fractions of
live cells and 1 and 2 hours to be 27.7% and 1.73%, respectively. The live cell proportion at two
hours was felt to be insufficient to allow subsequent comparison with the dead population. The

dead cell fraction at 1 hour was inadequate to facilitate characterisation by Drop-seq; therefore, an

intermediate timepoint of 90 minutes was selected.

Confluent cultured fibroblasts from one patient were treated with 50 mM H,0, for 90 minutes to
induce apoptosis. Treated cells were then processed using the Drop-seq platform as per Section 2.7.
BioAnalyzer quantification of the resulting cDNA library revealed a library concentration of 2.62
pg/ul (Fig. A.1). Generation of a Tagmented library for sequencing requires a minimum
concentration of 100 pg/ul, therefore further analysis of this sample was not possible. Although

277 .
Ltis

widely used to induce apoptosis, H,0, may also lead to RNA damage and degradation
therefore likely that although treatment successfully initiates cell death, it also results in sufficient
mRNA damage to render analysis by scRNA-seq impossible. An alternative method for apoptosis
would be required for further attempts at validation: previous reports confirming use of

mitochondrial gene fraction as an appropriate proxy for cell death used digitonin®®.
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Figure A.1 Induction of apoptosis using H,0, does not generate sufficient cDNA for single-cell RNA

sequencing with Drop-seq. BioAnalyzer trace showing cDNA library quantification
A.3 Results of differential gene expression analysis for the identified
stromal clusters

Differential gene expression analysis was performed as described in Section 2.8.4. The top twenty-

five genes for each stromal cluster (by decreasing adjusted p value) are listed in Table A.2.

A.4 Gene set enrichment (GSEA) results for stromal clusters

The full statistics for the top ten most enriched gene sets for each stromal cluster (summarised in
section 5.3.2) are given in Tables A.3-14. ES, enrichment score; NES, normalised enrichment score;
NOM p-val, nominative (not corrected for gene set size or multiple testing) p value; FDR, false

discovery rate; FWER, family-wise error rate.
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Marker Survival p value Directional Analysis Survival Other Reference
effect log(p value) type measure

CD99 Increased 0.039 1.409 MV OR Edlund et al. (2012)™*
FAP Increased 0.043 1.367 uv HR In LUAD, not LUSC Kilvaer et al. (2015)*
FAP Decreased | 0.087 -2.060 - 0S Liao et al. (2013)*
FGF-2 Increased 0.015 1.824 MV DSS Donnem et al. (2009)278
GLUT1-/MCT-4 Decreased | 0.032 -1.495 - DSS In LUAD, not LUSC Meijer et al. (2012)™°
MMP-2 Decreased 0.01 -2 MV 0S, DFS Leinonen et al. (2008)149
MMP-2 Decreased | 0.022 -1.658 MV HR In LUSC, not LUAD Ishikawa et al. (2004)"°
PDGF-A Increased 0.001 3 MV DSS Donnem et al. (2008)104
PDFRB Increased 0.258 0.588 uv OR Edlund et al. (2012)™*
Periostin Decreased 0.011 -1.958 MV HR Hong et al. (2013)270
Periostin Decreased 0.097 -1.013 uv OR Edlund et al. (2012)™*
Podoplanin Decreased 0.029 -1.537 MV HR LUAD, LUSC not examined Ito et al. (2012)***
Podoplanin Decreased 0.0011 -2.959 MV 0sS LUSC, LUAD not examined Ono et al. (2013)113
Podoplanin Decreased 0.001 -3 uv 0sS LUAD, LUSC not examined Kawase et al. (2008)148
Podoplanin Decreased 0.028 -1.552 uv PFS LUAD, LUSC not examined Koriyama et al. (2014)*"
Podoplanin Decreased 0.01 -2 MV 0sS In LUAD, not LUSC Kitano et al. (2010)108
p-Smad2 Decreased 0.049 -1.310 uv 0sS Chen et al. (2014)46
SPARC Decreased | 0.007 -2.155 MV oS Kurtul et al. (2014)*3
SPARC Decreased | 0.308 -0.511 uv OR Edlund et al. (2012)*
SMA Increased 0.22 0.658 uv - In LUSC, not LUAD Kilvaer et al. (2015)*
SMA Decreased 0.037 -1.431 MV 0sS Chen et al. (2014)™*
Tenascin-C Increased 0.646 0.190 uv OR Edlund et al. (2012)*
Versican Decreased 0.0056 -2.252 uv DFS In LUAD, not LUSC Pirinen et al. (2005)153
Versican Increased 0.082 -1.086 uv OR Edlund et al. (2012)*

cell carcinoma

Table A.1 Prognostic impact of CAF markers in NSCLC. Positive directional log(p value) indicates positive prognostic impact; negative directional log(p value)
indicates negative prognostic impact and is to three decimal places where applicable. MV, multivariate; UV, univariate; OR, odds ratio; HR, hazard ratio; OS,

overall survival; DSS, disease-specific survival; DFS, disease-free survival; PFS, progression-free survival; LUAD, lung adenocarcinoma; LUSC, lung squamous
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Cluster 0 Cluster 1 Cluster 2 Cluster 3 Cluster 4 Cluster 5 Cluster 6 Cluster 7 Cluster 8
POSTN MMP1 RGS5 IGF1 PI16 IL6 IGF1 NPNT MYH11
FN1 POSTN NDUFA4L2 SERPINE1 SCARAS5 KDM6B cXcLiz SCN7A PPP1R14A
COL11A1 MMP11 HIGD1B APOE CFD NAMPT PTGDS LIMCH1 TAGLN
INHBA MMP3 MCAM UBC MFAP5 HAS1 SERPINF1 ADAMTS8 ADIRF
COL1A2 DIO2 GJA4 DUSP1 PCOLCE2 ADAMTS4 IGFBP4 A2M ACTA2
COL10A1 CTSK COX412 CcxXcL2 IGFBP6 MTI1A RARRES1 INMT NTRK3
CTHRC1 FAP KCNJ8 ZFP36 GSN ICAM1 PLA2G2A BMP5 PTMA
COL5A2 CTHRC1 ANGPT2 TNFAIP3 CHRDL1 SFTPC TPT1 MAMDC2 IGFBP7
SULF1 INHBA COL4A1 KLF6 DCN DDX21 KIAA1324L PLEKHHZ2 TINAGL1
SPARC TDO2 CCDC102B PLIN2 ADH1B CCL2 APOE TCF21 MCAM
COL8A1 MMP14 P2RY14 SGK1 AKAP12 c7 c3 MACF1 SYNPO2
COL6A3 CTSB LAMC3 EFEMP1 OGN ELL2 FGF7 FIGF EFHD1
COL1A1 TGFBI COL4A2 S0OD2 CCDC80 MT2A EFEMP1 MFAP4 PARM1
COL3A1 HLA-B APOLD1 MMP19 LEPR HAS2 COL1A1 FMO2 CCL21
TPM1 LOXL2 ESAM BDKRB1 APOD SFTPA1 MMP2 MYH10 CYFIP2
COL12A1 MME EGFLAM c3 NFIA NR4A3 GDF10 MEF2C
LGALS1 GPR68 GJC1 KRT18 FBLN1 CHD1 PRELP LMOD1
ACTA2 GAPDH NOTCH3 LIF CLU CRISPLD?2 ROBO2
NTM FTH1 IGFBP7 ALDH1A3 CST3 RDH10 CCBE1
COL5A1 PLXDC1 GEM PODN S0OD2 GPX3
ITGBL1 LPL NFKBIA c3 CSF3 SEPP1
NUAK1 TINAGL1 IER3 MGP MAFF DST
TAGLN GUCY1A2 LXN ALDH1A1 RGS2 ADH1B
VCAN CLMN PTX3 Cl60rf89 REL RGCC
TPM2 COL18A1 WTAP MGST1 MTIM TIMP3
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RANK
NOM FDR FWER
NAME SIZE ES NES AT
p-val | g-val p-val
MAX
TURASHVILI_BREAST_LOBULAR_CARCINOMA_VS_DUCTAL_NORMAL_UP 34 0.93 1.93 0 0 0 33
TURASHVILI_BREAST_LOBULAR_CARCINOMA_VS_LOBULAR_NORMAL_DN 31 0.93 1.91 0 0 0 33
ANASTASSIOU_MULTICANCER_INVASIVENESS_SIGNATURE 46 0.86 1.83 0 0 0 54
VECCHI_GASTRIC_CANCER_ADVANCED_VS_EARLY_UP 57 0.82 1.78 0 0 0 72
DODD_NASOPHARYNGEAL_CARCINOMA_DN 65 0.81 1.77 0 0 0 61
SENGUPTA_NASOPHARYNGEAL_CARCINOMA_UP 34 0.83 1.76 0 0 0 68
SCHUETZ_BREAST_CANCER_DUCTAL_INVASIVE_UP 98 0.78 1.74 0 0 0 95
POOLA_INVASIVE_BREAST_CANCER_UP 27 0.85 1.73 0 0 0 54
PID_AVB3_INTEGRIN_PATHWAY 21 0.87 1.72 0 0 0.001 52
WANG_SMARCE1_TARGETS_UP 56 0.79 1.71 0 | 0.001 0.001 87

Table A.3 Top 10 GSEA curated gene sets results for cluster 0 (POSTN cluster)
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RANK

NOM FDR FWER

NAME SIZE ES NES AT

p-val | g-val p-val
MAX
GO_SENSORY_ORGAN_DEVELOPMENT 22 0.85 1.69 0| 0.012 0.014 16
GO_MULTICELLULAR_ORGANISM_METABOLIC_PROCESS 22 0.84 1.69 0 | 0.006 0.014 52
GO_SKELETAL_SYSTEM_DEVELOPMENT 52 0.78 1.69 0 | 0.004 0.014 64
GO_MULTICELLULAR_ORGANISMAL_MACROMOLECULE_METABOLIC_PROCESS 21 0.85 1.67 0 | 0.007 0.031 52
GO_EXTRACELLULAR_STRUCTURE_ORGANIZATION 60 0.76 1.66 0 | 0.009 0.050 94
GO_SINGLE_ORGANISM_CATABOLIC_PROCESS 46 0.75 1.62 0 | 0.024 0.148 55
GO_RESPONSE_TO_TRANSFORMING_GROWTH_FACTOR_BETA 20 0.80 1.57 0 | 0.069 0.421 10
GO_REGULATION_OF_CELL_SUBSTRATE_ADHESION 25 0.78 1.57 | 0.002 | 0.064 0.438 83
GO_BIOLOGICAL_ADHESION 80 0.71 1.56 0 | 0.067 0.496 119
GO_FOREBRAIN_DEVELOPMENT 15 0.83 1.55 | 0.004 | 0.066 0.530 10

Table A.4 Top 10 GSEA biological processes gene set results for cluster 0 (POSTN cluster)
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RANK
NOM FDR FWER
NAME SIZE ES NES AT
p-val | g-val p-val
MAX
DODD_NASOPHARYNGEAL_CARCINOMA_DN 72 0.74 1.68 0 | 0.051 0.053 89
POOLA_INVASIVE_BREAST_CANCER_UP 30 0.81 1.65 0 | 0.075 0.148 42
ANASTASSIOU_MULTICANCER_INVASIVENESS_SIGNATURE 33 0.78 1.62 0 | 0.116 0.316 108
GRADE_COLON_CANCER_UP 39 0.76 1.60 0 | 0.115 0.396 89
CROMER_TUMORIGENESIS_UP 21 0.84 1.59 0.001 | 0.152 0.569 44
PUJANA_BRCA1_PCC_NETWORK 56 0.71 1.58 0 | 0.137 0.595 103
NUYTTEN_EZH2_TARGETS_UP 90 0.67 1.57 0 | 0.158 0.709 78
MANALO_HYPOXIA_UP 34 0.76 1.57 0.004 | 0.141 0.716 85
WINTER_HYPOXIA_METAGENE 46 0.73 1.56 0.003 | 0.143 0.770 89
SANA_TNF_SIGNALING_UP 17 0.85 1.56 0.001 | 0.143 0.797 43

Table A.5 Top 10 GSEA curated gene sets results for cluster 1 (MMP1 cluster)
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RANK

NOM FDR FWER

NAME SIZE ES NES AT

p-val | g-val p-val
MAX
GO_CATABOLIC_PROCESS 84 0.72 1.68 0| 0.041 0.038 89
GO_SINGLE_ORGANISM_CATABOLIC_PROCESS 59 0.74 1.64 0 | 0.067 0.119 89
GO_MULTICELLULAR_ORGANISM_METABOLIC_PROCESS 22 0.85 .64 0 | 0.044 0.119 77
GO_MULTICELLULAR_ORGANISMAL_MACROMOLECULE_METABOLIC_PROCESS 22 0.85 1.62 0 | 0.057 0.188 77
GO_ORGANONITROGEN_COMPOUND_METABOLIC_PROCESS 86 0.69 1.61 0 | 0.066 0.259 91
GO_BLOOD_VESSEL_MORPHOGENESIS 36 0.74 1.56 | 0.009 | 0.201 0.660 44
GO_NITROGEN_COMPOUND_TRANSPORT 18 0.84 1.55 | 0.001 | 0.186 0.691 68
GO_PROTEOLYSIS 53 0.71 1.54 | 0.003 | 0.208 0.781 66
GO_NUCLEOBASE_CONTAINING_SMALL_MOLECULE_METABOLIC_PROCESS 26 0.77 1.54 | 0.009 | 0.193 0.794 91
GO_PEPTIDE_METABOLIC_PROCESS 27 0.77 1.53 | 0.008 | 0.208 0.854 88

Table A.6 Top 10 GSEA biological processes gene set results for cluster 1 (MMP1 cluster)
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RANK
NOM FDR FWER
NAME SIZE ES NES AT
p-val | g-val p-val
MAX
ONDER_CDH1_SIGNALING_VIA_CTNNB1 15 0.85 1.50 0.001 | 0.168 0.159 31
LENAOUR_DENDRITIC_CELL_MATURATION_DN 21 0.79 1.44 0.001 | 0.348 0.523 23
OSWALD_HEMATOPOIETIC_STEM_CELL_IN_COLLAGEN_GEL_UP 36 0.76 1.44 0 | 0.252 0.556 80
SARRIO_EPITHELIAL_MESENCHYMAL_TRANSITION_DN 24 0.78 1.44 0 | 0.200 0.573 65
BERENJENO_TRANSFORMED_BY_RHOA_UP 33 0.76 1.42 0.001 | 0.211 0.665 95
REACTOME_GPCR_DOWNSTREAM_SIGNALING 15 0.80 1.41 0.003 | 0.220 0.738 32
RUTELLA_RESPONSE_TO_HGF_VS_CSF2RB_AND_IL4_UP 39 0.74 1.41 0| 0.192 0.742 75
RUTELLA_RESPONSE_TO_CSF2RB_AND_IL4_DN 29 0.75 1.41 0 | 0.180 0.760 75
NAGASHIMA_EGF_SIGNALING_UP 25 0.77 1.41 0| 0.170 0.786 95
AMIT_EGF_RESPONSE_40_ HELA 16 0.78 1.40 0.009 | 0.184 0.849 106

Table A.7 Top 10 GSEA curated gene set results for cluster 3 (IGF1 cluster 1)
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RANK
NOM FDR FWER
NAME SIZE ES NES AT
p-val g-val p-val
MAX
GO_NEGATIVE_REGULATION_OF_TRANSFERASE_ACTIVITY 17 0.81 1.45 0.002 0.350 0.302 42
GO_CIRCULATORY_SYSTEM_PROCESS 20 0.80 1.45 0.000 0.179 0.307 40
GO_AMEBOIDAL_TYPE_CELL_MIGRATION 16 0.82 1.45 0.001 0.133 0.335 59
GO_CELLULAR_CATABOLIC_PROCESS 27 0.78 1.44 0.000 0.107 0.350 25
GO_POSITIVE_REGULATION_OF_EPITHELIAL_CELL_PROLIFERATION 18 0.80 1.43 0.002 0.127 0.473 73
GO_NEGATIVE_REGULATION_OF_KINASE_ACTIVITY 15 0.80 1.42 0.007 0.119 0.519 42
GO_POSITIVE_REGULATION_OF_RESPONSE_TO_EXTERNAL_STIMULUS 21 0.78 1.41 0.001 0.134 0.609 40
GO_MACROMOLECULE_CATABOLIC_PROCESS 27 0.76 1.41 0.008 0.119 0.616 17
GO_G_PROTEIN_COUPLED_RECEPTOR_SIGNALING_PATHWAY 22 0.76 1.40 0.006 0.134 0.728 76
GO_REGULATION_OF_SYSTEM_PROCESS 21 0.74 1.39 0.003 0.119 0.749 40

Table A.8 Top 10 GSEA biological processes gene sets for cluster 3 (IGF1 cluster 1)
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RANK

NOM p- FWER

NAME SIZE ES NES FDR g-val AT

val p-val
MAX
BROWNE_HCMV_INFECTION_16HR_UP 23 0.92 1.72 0 0 0 62
SEKI_INFLAMMATORY_RESPONSE_LPS_UP 33 0.87 1.72 0| 4.53x10™ 0.001 135
PHONG_TNF_RESPONSE_VIA_P38 PARTIAL 56 0.84 1.71 0| 3.02x10™ 0.001 122
ALTEMEIER_RESPONSE_TO_LPS_WITH_MECHANICAL_VENTILATION 41 0.84 1.70 0| 4.49x10™ 0.002 202
ZHOU_INFLAMMATORY_RESPONSE_LIVE_UP 97 0.80 1.70 0| 3.59x10™ 0.002 148
GHANDHI_DIRECT_IRRADIATION_UP 33 0.85 1.68 0 0.001 0.008 112
OSWALD_HEMATOPOIETIC_STEM_CELL_IN_COLLAGEN_GEL_UP 69 0.81 1.68 0 0.001 0.008 134
CHEN_HOXAS5_TARGETS_9HR_UP 46 0.82 1.68 0 0.001 0.010 201
NAGASHIMA_NRG1_SIGNALING_UP 67 0.81 1.67 0 0.001 0.012 205
BUYTAERT_PHOTODYNAMIC_THERAPY_STRESS_UP 132 0.77 1.66 0 0.002 0.025 207

Table A.9 Top 10 GSEA curated gene set results for cluster 5 (/L6 cluster)
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RANK

NOM FDR FWER

NAME SIZE ES NES AT

p-val | g-val | p-val
MAX
GO_POSITIVE_REGULATION_OF_EPITHELIAL_CELL_PROLIFERATION 27 0.87 1.68 0| 0.013 0.013 50
GO_POSITIVE_REGULATION_OF_TRANSCRIPTION_FROM_RNA_POLYMERASE_II_PROMOTER 97 0.78 1.66 0| 0.017 | 0.034 158
GO_POSITIVE_REGULATION_OF_DNA_METABOLIC_PROCESS 17 0.88 1.63 0 | 0.025 0.025 90
GO_POSITIVE_REGULATION_OF_LEUKOCYTE_MIGRATION 24 0.86 1.63 0 | 0.028 0.028 92
GO_CELLULAR_RESPONSE_TO_BIOTIC_STIMULUS 28 0.83 1.62 0 | 0.025 0.025 113
GO_INFLAMMATORY_RESPONSE 61 0.78 1.62 0 | 0.026 0.026 113
GO_REGULATION_OF_LEUKOCYTE_MIGRATION 31 0.82 1.61 0 | 0.030 0.030 179
GO_REGULATION_OF_PROTEIN_LOCALIZATION_TO_NUCLEUS 27 0.84 1.61 0 | 0.027 0.027 92
GO_RESPONSE_TO_INTERLEUKIN_1 25 0.83 1.61 | 0.001 | 0.026 0.026 113
GO_RESPONSE_TO_MOLECULE_OF_BACTERIAL_ORIGIN 52 0.78 1.60 1| 0.025 0.025 113

Table A.10 Top 10 GSEA biological process gene sets for cluster 5 (/L6 cluster)
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RANK
NOM FDR FWER
NAME SIZE ES NES AT
p-val | g-val p-val
MAX
WELCSH_BRCA1_TARGETS_UP 18 0.94 1.44 0 | 0.203 0.224 28
AMIT_EGF_RESPONSE_480_ HELA 21 0.91 1.42 0.001 | 0.152 | 0.318 20
TAKEDA_TARGETS_OF_NUP98 HOXA9_FUSION_8D_UP 19 0.91 1.41 0.001 | 0.144 0.417 20
GRAESSMANN_RESPONSE_TO_MC_AND_SERUM_DEPRIVATION_UP 16 0.91 1.40 0.006 | 0.147 0.522 31
FARMER_BREAST_CANCER_BASAL_VS_LULMINAL 19 0.89 1.39 0.006 | 0.189 0.710 14
MARTORIATI_MDM4_TARGETS_FETAL_LIVER_DN 22 0.88 1.38 0.003 | 0.160 0.716 17
BOQUEST_STEM_CELL_UP 40 0.83 1.38 01 0.179 0.809 39
RUTELLA_RESPONSE_TO_HGF_VS_CSF2RB_AND_IL4_UP 35 0.84 1.37 0.004 | 0.189 0.855 15
MARTINEZ_RB1_TARGETS_DN 26 0.85 1.37 0.003 | 0.178 0.876 13
HATADA_METHYLATED_IN_LUNG_CANCER_UP 22 0.86 1.36 0.003 | 0.200 0.907 24

Table A.11 Top 10 GSEA curated gene set results for cluster 6 (IGF1 cluster 2)
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RANK

NOM FDR FWER

NAME SIZE ES NES AT

p-val | g-val p-val
MAX
GO_POSITIVE_REGULATION_OF_NERVOUS_SYSTEM_DEVELOPMENT 19 0.94 1.45 0.001 | 0.100 0.092 13
GO_POSITIVE_REGULATION_OF_NEURON_DIFFERENTIATION 16 0.95 1.45 0 | 0.057 0.104 12
GO_REGULATION_OF_VASCULATURE_DEVELOPMENT 23 0.91 1.45 0 | 0.039 0.106 27
GO_REGULATION_OF_DEVELOPMENTAL_GROWTH 17 0.92 1.43 0.001 | 0.046 0.166 15
GO_CELLULAR_RESPONSE_TO_ACID_CHEMICAL 15 0.93 1.42 0.003 | 0.052 0.221 31
GO_REGULATION_OF_NEURON_DIFFERENTIATION 27 0.87 1.41 0.003 | 0.066 0.316 21
GO_REGULATION_OF_CELL_DEVELOPMENT 43 0.85 1.39 0.001 | 0.100 0.493 51
GO_POSITIVE_REGULATION_OF_GROWTH 16 0.90 1.39 0.005 | 0.101 0.546 15
GO_NEGATIVE_REGULATION_OF_CELL_PROLIFERATION 41 0.84 1.39 0.003 | 0.101 0.599 9
GO_REGULATION_OF_ION_TRANSPORT 19 0.88 1.38 0.007 | 0.099 0.629 13

Table A.12 Top 10 GSEA biological processes gene sets for cluster 6 (/IGF1 cluster 2)
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RANK
NOM FDR FWER
NAME SIZE ES NES AT
p-val | g-val p-val
MAX
VECCHI_GASTRIC_CANCER_EARLY_DN 39 0.85 1.62 0 | 0.033 0.044 83
DELYS_THYROID_CANCER_DN 41 0.85 1.60 0| 0.034 0.088 84
SABATES_COLORECTAL_ADENOMA_DN 27 0.88 1.59 0 | 0.042 0.159 46
SMID_BREAST_CANCER_NORMAL_LIKE_UP 61 0.78 1.56 0 | 0.063 0.300 82
FARMER_BREAST_CANCER_APOCRINE_VS_BASAL 20 0.91 1.56 0 | 0.136 0349 12
RIGGI_EWING_SARCOMA_PROGENITOR_UP 46 0.79 1.53 0.004 | 0.183 0.680 78
SMID_BREAST_CANCER_BASAL_DN 54 0.77 1.51 0.004 | 0.172 0.829 61
LE_EGR2_TARGETS_DN 16 0.89 1.51 0.002 | 0.225 0.852 28
NAKAYAMA_SOFT_TISSUE_TUMORS_PCA2_DN 22 0.86 1.49 0.006 | 0.240 0.940 24
BOQUEST_STEM_CELL_CULTURED_VS_FRESH_UP 96 0.72 1.48 0.002 | 0.274 0.965 85

Table A.13 Top 10 GSEA curated gene set results for cluster 7 (NPNT cluster)
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RANK

NOM FDR FWER

NAME SIZE ES NES AT

p-val | g-val p-val
MAX
GO_MUSCLE_SYSTEM_PROCESS 36 0.92 1.61 0| 0.021 0.029 56
GO_REGULATION_OF_SYSTEM_PROCESS 42 0.89 1.59 0.001 | 0.019 0.051 56
GO_MUSCLE_CONTRACTION 27 0.92 1.54 0 | 0.082 0.282 56
GO_REGULATION_OF_ANATOMICAL_STRUCTURE_SIZE 35 0.87 1.52 0.006 | 0.118 0.470 56
GO_ION_TRANSMEMBRANE_TRANSPORT 32 0.88 1.50 | 0.005 | 0.114 0.604 73
GO_POSITIVE_REGULATION_OF_TRANSFERASE_ACTIVITY 32 0.86 1.49 0.005 | 0.159 0.732 53
GO_MUSCLE_CELL_DIFFERENTIATION 32 0.88 1.49 0.002 | 0.160 0.786 66
GO_TRANSMEMBRANE_TRANSPORT 46 0.82 1.47 0.011 | 0.195 0.889 75
GO_CATION_TRANSPORT 37 0.84 1.47 0.013 | 0.202 0.924 73
GO_REGULATION_OF_BLOOD_CIRCULATION 21 0.90 1.47 0.067 | 0.211 0.943 54

Table A.14 Top 10 GSEA biological processes gene sets for cluster 8 (MYH11 cluster)
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A.5 Gene sets used for GSEA identified at literature review

A literature review was performed to identify gene sets upregulated by stromal cells in disease states (e.g. fibrosis) or in response to stimulus (e.g. TGF-p3).

A summary of these is given in Table A.15.

Gene set

Description

GSE107677 IPF vs. normal®”

Array profiling of cultured fibroblasts from IPF and normal lungs

GSE17978 IPF vs. normal®*’

Array profiling of cultured non-fibroblasts from IPF and normal lungs

GSE66616 CAF vs. NOF*®!

Array profiling of cultured NSCLC fibroblasts

GSE22863 tumour stroma vs. normal®®®

Array profiling of laser captured tumour stoma and normal lung

GSE10547 IR vs. control*°

Array profiling of irradiated lung cell lines

GSE81850 pancreas CAF vs. NOF 2D*%

Array profiling of bioengineered pancreatic microtissues

GSE47616 IFNB skin vs. non-treated®®?

Array profiling of interferon-beta-treated cultured primary skin fibroblasts

GSE79621 TGFB skin vs. untreated®®®

Array profiling of TGF-B-treated cultured skin fibroblasts

GSE64192 TGFB colon vs. untreated®”

Array profiling of primary human colon fibroblasts treated with TGF-

GSE12493 scleroderma vs. CTL®*

Array profiling of primary dermal fibroblasts from scleroderma and control patients

GSE68685 IL1B gingiva vs. CTL*”

Array profiling of isolated gingival fibroblasts treated with IL-13

Erez pro-inflammatory®

Expression profiling of murine skin squamous dysplasia vs. control

GSE3920 IFNa vs. INFY treated?®

Array profiling of fibroblasts treated with interferon alpha and gamma

GSE3920 Untreated vs. IFNa*%®

Array profiling of fibroblasts treated with interferon alpha and untreated controls

GSE3920 Untreated vs. IFNY*%®

Array profiling of fibroblasts treated with interferon gamma and untreated controls

Mellone IR®

Bulk RNA profiling of irradiated foetal human skin fibroblasts

Mellone TGFB treated®

Bulk RNA profiling of TGF-B-treated foetal human skin fibroblasts

Mellone TGFB upregulated®®

Bulk RNA profiling of TGF-B-treated foetal human skin fibroblasts

Navab cell line CAF vs. cell line NOF?*°

Array profiling of matched NSCLC CAF and NOF cell lines

Navab primary CAF vs. NOF**°

Array profiling of primary NSCLC CAF and NOF

Navab CAF NSCLC prognostic gene signature229

Signature identified at array profiling of NSCLC NOF and CAF

OSCC genetically unstable vs. normal®*°

Array profiling of CAF from genetically unstable OSCC vs. normal fibroblasts

OSCC genetically unstable vs. stable**

Array profiling of CAF from genetically unstable OSCC vs. genetically stable OSCC
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Gene set Description
Ohlund MF**° Bulk RNA sequencing of cultured “myofibroblastic” pancreatic CAF
Ohlund iCAF™° Bulk RNA sequencing of cultured “inflammatory” pancreatic CAF

127

Lambrechts_Fibroblast 1 DEGs for fibroblast cluster 1 in a NSCLC scRNA-seq dataset

127

Lambrechts_Fibroblast 2 DEGs for fibroblast cluster 2 in a NSCLC scRNA-seq dataset

127

Lambrechts_Fibroblast 4 DEGs for fibroblast cluster 4 in a NSCLC scRNA-seq dataset

127

Lambrechts_Fibroblast 5 DEGs for fibroblast cluster 5 in a NSCLC scRNA-seq dataset

127

Lambrechts_Fibroblast 6 DEGs for fibroblast cluster 6 in a NSCLC scRNA-seq dataset

127

Lambrechts_Fibroblast 7 DEGs for fibroblast cluster 7 in a NSCLC scRNA-seq dataset

Puram_CAF1'%° DEGs for CAF subpopulation 1 in a HNSCC scRNA-seq dataset
Puram_CAF2'%° DEGs for CAF subpopulation 2 in a HNSCC scRNA-seq dataset
Tirosh_CAF'* DEGs for CAF in a melanoma scRNA-seq dataset

Table A.15 Fibroblast expression programs identified at literature review. DEGs, differentially expressed genes; HNSCC, head and neck squamous

carcinoma; OSCC, oral squamous cell carcinoma
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A.6 Gene set enrichment results for trajectory analysis States

Differential gene expression and trajectory analysis were performed as described in section 2.8 The top ten gene set enrichment analysis for each identified

group are in Table A.16. CP/CGP, canonical pathways/chemical and genetic perturbations; BP, biological processes; EP, expression programs

Trajectory 1 Trajectory 2 Trajectory 3
2 2 2
21 2 o Y
S 2 2 N o=
S o S s o T~
E 8 \ §-1 !
O~ State 1 ®State 5 \ State 1 ®State 5
- soe ssees R 2 Lo
®State 3 ®State 7 -3 ® State 4 ®State 4
-3 ® State 4 -3
) 0 2 2 Con?ponent 1 2 -2 C 0 t1
Component 1 omponen
CP/CGP N/A N/A DODD_NASOPHARYNGEAL_CARCINOMA_DN
BP N/A N/A N/A
EP N/A N/A PURAM_CAF1
GSE17978 IPF VS. NORMAL
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Trajectory 4 Trajectory 5

Component 2
o
Component 2

o

\ State 1 ®State 5 \‘. State 1 ®State 5
-2 \ State 2 ®State 6 =2 \ State 2 ®State 6
®State 3 ®State 7 © State 3 State 7
-3 @ State 4 -3 ® State 4
-2 0 -2 0
Component 1 Component 1
CP/CGP N/A N/A
BP GO_SINGLE_ORGANISM_CATABOLIC_ GO_REGULATION_OF RAS_PROTEIN_SIGNAL_
PROCESS TRANSDUCTION
EP N/A GSE17978 IPF VS. NORMAL

MELLONE TGFB UPREGULATED

Table A.16 Gene set enrichment results for ex vivo stromal cell Monocle trajectories. Gene sets analysed are those upregulated in the encircled population

relative to State 2 (pseudotime 0). Results shown are significant at FDR g < 0.2
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A.7 Transcription factor enrichment results for trajectory analysis States

Assessment of transcription factor expression was performed using the enrichR tool*?. The top ten

results by significance are listed in Tables A.17-A.20.

Pathway P adj NES
WRNIP1 0.08788707 2.087929
ASH2L 0.08788707 2.266078
KRT7 0.08788707 2.094949
CBX3 0.08788707 2.445000
PPARGC1A 0.08788707 -1.943834
TCF3 0.08788707 2.172725
FLI1 0.08788707 -2.049138
POUSF1 0.08788707 -1.786912
RBPJL 0.08788707 -2.031737
MYCN 0.13601128 1.939251
YAP1 0.13601128 1.953101
ETS1 0.17500378 1.944080
IRF1 0.17500378 1.852675

Table A.17 Significant (p adj < 0.2) enrichment results for State 3 in the Transcription_Factor_PPIs

database. P adj, adjusted p value; NES, normalised enrichment score
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Pathway P adj NES

MYOD1_C2C12_mm9 0.006358111 | 2.159653
CREB1_H1-hESC_hg19 0.006358111 | 1.557745
SRF_MCF-7_hg19 0.006358111 | 1.533353
RFX5_IMR-90_hg19 0.006358111 | 1.837130
CTCF_keratinocyte_hgl9 0.006358111 1.847638
FOXA1_HepG2_hg19 0.006358111 | 1.641582
STAT1_K562_hg19 0.006358111 | 1.698972
POLR2AphosphoS5_Pancl_hgl19 0.006358111 | 1.863985
ELF1_SK-N-SH_hg19 0.006358111 | 1.858216
RELA_GM12892_hg19 0.006358111 | 1.963819
IRF3_GM12878_hg19 0.006358111 | 1.747078

Table A.18 Significant (p adj < 0.2) enrichment results for State 3 in the ENCODE_TF_ChlP-seq_2015

database. P adj, adjusted p value; NES, normalised enrichment score
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Pathway P adj NES

PHC1 0.08643081 -2.050836
PPARGC1A 0.08643081 -2.070627
AIRE 0.08643081 -1.893110
PML 0.08643081 -2.053267
USF1 0.08643081 -2.128759
SMARCA4 0.08643081 -2.136245
HNF1A 0.08643081 -2.131612
CCNT2 0.10897798 -1.922234
SIRT3 0.10897798 -1.823280
GADDA45B 0.10897798 -1.958565
EMX2 0.10897798 -1.897324
THAP11 0.11361852 -1.768349
NFYA 0.11361852 -2.008986
NOTCH1 0.11361852 -1.769467
ILF3 0.11361852 -1.945654
ILF2 0.11361852 -1.777374
KDM5B 0.13095844 -1.739158
STATS5A 0.13095844 -1.799797
SP3 0.15773128 -1.745969
IGF1R 0.19290355 -1.738107

Appendix A

Table A.19 Significant (p adj < 0.2) enrichment results for State 5 in the ENCODE_TF_ChIP-seq_2015

database. P adj, adjusted p value; NES, normalised enrichment score
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Pathway P adj NES
STAT1_Hela-S3_hg19 0.1235241 1.889329
CREB1_K562_hg19 0.1235241 1.824764
RELA_GM19099_hg19 0.1235241 1.762704
CTCF_GM10266_hg19 0.1235241 1.854769
SREBF2_GM12878_hg19 0.1235241 1.804687
RFX5_HepG2_hgl9 0.1235241 1.877827
ABPA_A549 hgl9 0.1235241 1.770017
BACH1_K562_hg19 0.1235241 1.774732
POLR2AphosphoS5_HL-60_hg19 0.1235241 1.844661
ZKSCAN1_Hela-S3_hg19 0.1562620 1.723296

Table A1.20 Significant (p adj < 0.2) enrichment results for State 7 in the ENCODE_TF_ChIP-

seq_2015 database. P adj, adjusted p value; NES, normalised enrichment score
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A.8 Composition of TargetLung (Drop-seq) dataset by patient
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Figure A.2 Stacked barplot showing the composition of clusters in the TargetLung (Drop-seq)

stromal cells by patient of origin

A.9 Cells allocated to trajectory State by cluster

POSTN | MMP1 | RGS5 | IGF1-1 PI16 IL6 IGF1-2 | NPNT | MYH11
State 1 1 1 168 0 3 3 0 22 54
State 2 0 6 0 11 18 0 0 4 0
State 3 249 149 3 7 2 1 17 0 4
State 4 0 0 0 0 2 0 1 0 0
State 5 3 12 0 11 2 0 28 0 0
State 6 0 1 0 108 19 2 39 0 0
State 7 0 1 0 1 74 151 0 83 0

Table A.21 Number of cells allocated to each trajectory State by cluster
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A.10 Culture on plastic relative to Matrigel shows less striking changes in

gene expression than does culture on plastic relative to 3D
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Figure A.3 Culture on plastic relative to Matrigel leads to upregulation of some genes differentially
expressed by ex vivo fibroblasts. Bar charts showing fold change in expression for genes
differentially expressed by: (a) ex vivo NOF, (b) ex vivo CAF, (c) in vitro fibroblasts, (d) all ex vivo
fibroblast populations in both our dataset and melanoma®®. Values are expressed as log2-fold

change plastic:Matrigel. *p < 0.05, ** p < 0.01; Welch’s t test
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A.11 Cells allocated to cluster by culture condition using a random forest

classifier
CTL TCP 10% FCS IL-1B8 TGF-B
POSTN 59 253 22 161
MMP1 4 30 81 19
RGS5 1 5 74 1
IGF1-1 3 4 136 1
PI16 194 24 13 9%
IL6 0 1 61 0
IGF-2 105 14 9 93
NPNT 27 10 2 25
MYH11 7 59 2 4

Table A.22 Allocation of differentiated cells to ex vivo clusters by the random forest classifier

A.12 Treated cells allocated to trajectory States

CTL FCS IL-1B TGF-B
State 1 47 2 398 2
State 2 19 0 0 2
State 3 11 23 0 50
State 4 5 368 1 28
State 5 318 7 1 317

Table A.23 Allocation of differentiated fibroblast to each differentiation trajectory
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A.13 Gene set enrichment analysis of treated cell trajectories

The results of the GSEA for the differentiated fibroblast trajectories are given in Table A.24.

Trajectory 1 Trajectory 2

Component 2
Component 2

State 1 ®@State 4 -4
State 2 State 5
©® State 3

State 1 @State 4
State 2 ®State 5
® State 3

4 0 4 “4 0 4
Component 1 Component 1

CP/CGP | WANG_SMARCE1_TARGETS_DN N/A
KEGG_CYTOKINE_CYTOKINE_RECEPTOR
INTERACTION
GHANDI_BYSTANDER_IRRADIATION_UP
HINATA_NFKB_TARGETS_FIBROBLAST_UP
REACTOME_G_ALPHA_|_SIGNALLING_EVENT
S
GRAHAM_CML_DIVIDING_VS_NORMAL_QUE
ISCENT_DN
ZHANG_RESPONSE_TO_IKK_INHIBITOR_AND
_TNF_UP

GAURNIER_PSMD4_TARGETS
REACTOME_GPCR_LIGAND_BINDING
BROWNE_HCMV_INFECTION_24_HR_UP

BP GO_INFLAMMATORY_RESPONSE N/A

EP HINATA NFKB TARGETS UNTREATED VS. IFNT
UNTREATED VS. IFNT
CHI VSMC

Trajectory 3 Trajectory 4

Component 2
Component 2

State 1 ®State 4 -4
State 2 ®State 5
® State 3

State 1 @State 4
State 2 State 5
® State 3

4 -4 0 4
Component 1 Component 1

CP/CGP | N/A N/A

BP N/A GO_CELLULAR_CATABOLIC_PROCESS
EP N/A N/A

Table A.24 Gene set enrichment results for differentiated stromal cell Monocle trajectories. Gene
sets analysed are those upregulated in the encircled population relative to State 2 (pseudotime
0). Results shown are significant at FDR g < 0.2. CP/CGP, canonical pathways/chemical and genetic

perturbations; BP, biological processes; EP, expression programs
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