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Identifying novel druggable targets in dedifferentiated liposarcoma using biological

networks

By lan Celyn Davies

Dedifferentiated liposarcoma (DDLPS) is a rare and aggressive adult soft tissue malignancy with
limited treatment options and high relapse rates following surgical resection and
radiotherapeutic interventions. DDLPS are characterised by amplifications of the MDM2 and
CDK4 genes. Consequently, these have been targeted with small molecule inhibitors which
have shown mixed results in clinical trials; DDLPS is in dire need of more targeted therapy
options. This study applies a systems biology approach using gene co-expression network
(GCN) analysis to identify novel therapeutic targets in DDLPS.

A GCN was constructed from DDLPS RNA-seq data (TCGA) and was sorted into modules
using weighted gene co-expression network analysis (WGCNA) with optimised parameters.
Modules of co-expressed genes were ranked by gene significance (GS) that describe disease
characteristics, and sub-networks were inspected using a random walk with restart algorithm to
identify hub genes. Integration with protein-protein interaction networks (PPIN) (STRING.db) and
drug-targe databases (Therapeutic Target Database and Chemical Probes Portal) enabled drug
identification.

UBE2C was identified as hub gene in the top-ranked module, with UBA1, acting upstream
of UBE2C was found to be targeted by TAK-243 which is a small molecule inhibitor in phase 1
clinical trials. Beyond the identification of drug targets, it was identified that interferon signalling
may contribute to a fibrotic tumour microenvironment (TME) and stromal heterogeneity through
epigenetic mechanisms. Furthermore, vascular cells show gene expression patterns that
indicate vascular mimicry and endothelial to mesenchymal transition. Lastly, enrichments for
lipid metabolism, notably cholesterol efflux correlated to stem-cell like tumour features.

The integrative approach used here effectively identified genes associated with DDLPS
biology. The ubiquitin-mediated proteasome was implicated through UBA1 targeting by TAK-
243. Future work is needed to validate TAK-243 as a drug candidate in DDLPS.
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M107 gene overlap and D M236 gene overlap with single cell data. Colour
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its ME). B: M241 expanded enrichment analysis results detailing the ten top and
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log10(BH adjusted p-value) > 1.3 threshold. C: Heatmap detailing top overlap of
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module network showing the module-eigengenes (MEs - circles) and their gene
enrichment (both REACTOME and GOBP terms - squares). Blue edges indicate
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Alpha), G - BRD4 (Bromodomain Containing 4), and H- NDUFA13 (NADH:
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Definitions and Abbreviations

CDKA4 ..., Cylin Dependent Kinase 4
CDKi.ooovneveveiieiiieienn, Cyclin Dependent Kinase inhibitors
DDLPS .....ccoceviveveeeenne, Dedifferentiated liposarcoma

DEG ..o, Differentially Expressed Genes
DEP.....ccooveiiiiiiiiienn, DepMap Gene Effect Scores
DGEA......c e, Differential Gene Expression Analysis
(D 2 [P PRPI Drug-Target Interactions
DTN....coiiiiiiiriieeeee, Drug-Target Network
EC..oiiiiiiiiiiiiici, Endothelial cells

EGN ..., Eigengene network

FE...o i Fisher’s Exact

FRS2 ..., Fibroblast Growth Factor Receptor Substrate 2
GCN....covrrereee, Gene Co-expression network

GEO ..., Gene Expression Omnibus

GO .o Gene Ontology
GOBP......cccovvvvverereennen Geene Ontology Biological Processes
GS.ie e Gene Significance

GSEA.......c oo Gene Set Enrichment Analysis
HMGA2 .........ccovvieenne, High Motility Hook Region A2
ICB.....coeeeeieeeieeeas Immune Checkpoint Blockade

IFN Interferon

| RPN Interleukin

TEC ..., Tumour Endothelial Cell
IMC...coeire e, Intramodular connectivity
KME.......ciiiiiiiiiiiiiieenns Gene module membership
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LASSO.....ccoovvviiiiiiinnannns Least Absolute Shrinkage and Selection Operator
LC .o, Louvain Community

UBE2C .......cconiieieiieeenns Ubiquitin Conjugating Enzyme E2

LPS ..., Liposarcoma

MDM2 ..., Mouse double minute 2 homolog

MDM2i .....cccoviviiiiiiienne, Mouse Double Minute 2 homolog inhibitor
ME.......coiirire, Module Eigengene
NCC.....cooirriieiee, National Cancer Center Japan

NGS ..., Next Generation Sequencing

ORA ..., Overrepresentation Analysis
PH....ooii, Proportional Hazard
PPIN......coiiiiiiiiiiceenne, Protein-Protein Interaction Network
PTPRN2........ccceieeeeens Protein Tyrosine Phosphatase Receptor Type N2
REAC.......ccooiiieieeiiieenns Reactome Pathways

RNA-seq .....ccoevuvenvenrinnnnns RNA sequencing

ROS ..., Reactive Oxygen Species
RWR.....cooovviiiiiiiiin, Random Walk with Restart

SCNA. ..., Somatic Copy Number Alteration
scRNA-seq........ccccuvennennne Single Cell RNA-sequencing

SMI i Small Molecule Inhibitor
SNM.....i Sample Network Metrics

STS oo Soft tissue sarcoma

TAM. ..o, Tumour Associated Macrophage

TCGA ..., The Cancer Genome Atlas
UBAT.....coiiiiiiiereeeeeeee Ubiquitin Activating Enzyme 1
UbIiPS.....ccoiiiiiiiiiiirienns Ubiquitin-proteasome system
WDLPS......cciviiieieeennen, Well-differentiated liposarcoma
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Whole-exome sequencing
Weighted Gene Co-expression Network Analysis

Whole genome sequencing
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Chapter 1 Literature Review

1.1 Sarcomas

Sarcomas (meaning “fleshy lump”) are rare and heterogenous mesenchymal cancers,
divided into two primary categories: bone sarcomas which arise in the skeleton and soft-tissue
sarcomas (STS) arising in soft tissues across multiple body sites."? They are more prevalent in
children, accounting for approximately ~10-15% of all paediatric cancers but are significantly

rarer in adults, representing only ~1% of malignancies.?

The World Health Organisation (WHO) identifies over 130 sarcoma entities, with 44
considered malignant, 61 benign, 29 intermediate, and three classed as benign/intermediate."?
Each of these malignancies are stratified into bone or soft tissue sarcoma (STS) and are further
divided into sub-categories."? These categories are largely based on cytological and
histological features according to the normal tissue they most closely resemble and/or arise
in.2* Although, this is not always the case, for example, synovial sarcomas do not arise in the
synovium, they are thought to be of neuronal origin similar to malignant peripheral nerves
sheath tumours (MPSNT).5 STS is the most prevalent of the two major sarcoma types
accounting for 90% of cases with the remainder of 10% involving bone.® STS sub-categories
also contain heterogenous tumour subtypes which are largely based on further cytological,

histological and adjunct genomic evidence.’

STS are split over eleven categories: (1) Adipocytic (malignant adipocytic tumours are
liposarcoma), (2) Fibroblastic and Myofibroblastic, (3) Fibrohistiocytic (4) Vascular, (5)
Pericytic, (6) Smooth muscle, (7) Skeletal Muscle, (8) Gastrointestinal stromal, (9) Chondro-
osseous, (10) Peripheral Nerve Sheath Tumours, and (11) Uncertain differentiation. These

tumours can occur anywhere in the body although there are preferential sites.
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Fibroblastic & Myofibroblastic tumours Nerve Sheath Tumours
e.g., Fibrosarcoma e.g., Malignant Peripheral Nerve Sheath Tumours

Skeletal Muslce Tumour

e.g., Rhabdomyosarcoma Gatrointestinal Stromal Tumours

Vascular

e.g., Angiosarcoma (STS) Smooth Muscle Tumours

e.g., Leiomyosarcoma

Pericytic tumours
e.g., Malignant glomus tumour

ISR Adipogenic tumours
LT | e.g., Dedifferentiated Liposarcoma

Chondro-osseous | [l
e.g., Extraskeletal Ostecsarcoma | Vo

| Fibrohistiocytic tumour
A e.g., Malignant tenosynovial giant cell tumour

Uncertain differentiation
e.g., Undifferentiated Pleomorphic Sarcoma

Figure 1.1: Overview of human sarcoma categories by normal tissue type. Figure created in

BioRender.com.

The National Cancer Registration and Analysis Service in England reported 4,500 STS
diagnoses a year.® The five most common subtypes (Figure 1.2A) were found to be (in
decreasing order) Gastrointestinal stromal tumours (GIST), Leiomyosarcoma (LMS),
Liposarcoma (LPS), Undifferentiated sarcoma (US), and Myofibroblastic sarcomas (MFS).
Similar results were found in national studies of other countries including the United States®,
Australian’, and Europe." In the UK - England the age standardised incidence rate (ASR) is
78.36 per one million for STS, rising slightly for males to 84.91 and decreasing for females at
71.80.2 It is across studies generally regarded that LPS and LMS are consistently the most

commonly diagnosed STS.
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Frequency STS UK - England

A B

Myofibroblastic
sarcomas (MFS),

Pleomorphic, 230, 1%

967, 5% \
P
Dedifferentiated, 548,
3% i

Well-differentiated,
533,3%

Leiomyosarcoma J
(LMS), 2627, 13%

Figure 1.2: Pie charts of common STS tumours observed in a recent UK England study showing
A: The percentage of the top five most common STS subtypes with total number of cases per
subtype. B: The percentage and number of cases of WHO recognised LPS subtypes. Numbers of

cases and percentages are those reported in Bacon et al and spanned four years (2013-2017).2
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1.2 Liposarcoma

LPS are lipomatous STS malignancies that are categorised by the WHO into five main subtypes;
well-differentiated liposarcoma/atypical lipomatous tumours (WDLPS/ALT - referred to hence
force as WDLPS unless specified), dedifferentiated liposarcoma (DDLPS), myxoid liposarcoma
(MLPS), pleomorphic liposarcoma (PLPS) and myxoid-pleomorphic liposarcoma (MPLPS)."
Further heterogeneity arises from the presence of distinct histological variants. For instance,
WDLPS presents across four recognised variants — lipoma-like, sclerosing, inflammatory and

spindle cell whereas MLPS presents across two —the myxoid and round cell.'>"?

1.2.1 Epidemiology

LPS accounts for around 20% of all STS cases.®'*'*"® The most common liposarcoma
subtype is WDLPS occurring approximately 35-40% of the time, followed by MLPS (including the
high-grade round cell variant) at 25-30%, DDLPS at 15-20%, PLPS at 5-10% with MPLPS being
exceedingly rare."®?*?® |n the recent UK — England STS population study, DDLPS was the most
common (548 cases, 33%), followed by WDLPS (533 cases, 32%), then MLPS (360 cases, 21%)
and then PLPS (230 cases, 14%) (Figure 1.2B).2 It is generally regarded that WD/DDLPS tumour
entities when taken together account for nearly 10% of all adult sarcomas occurringin
extremities and truncal regions.?® They most commonly occur in adults and very rarely (0.7%)
occur in paediatric patients (<16 years old).?” Some literature reviews also refer to
WDLPS/DDLPS accounting for nearly three-quarters of LPS cases, although this may be an over-
estimate.® LPS usually occurs in the aging population, with a peak incidence in the sixth or
seventh decades.’"® A younger onset is noted in MLPS where incidence of those aged =50 and
those aged < 50 is near equal whereas in the other LPS subtypes, 80% of patients are aged =

50.%
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1.2.2 Clinical characteristics

LPS typically present as a large (>5cm) painless mass which is investigated by ultrasound
and/or a magnetic resonance imaging (MRl)/computed tomography (CT) scan for tumours in
deep-seated tissue.*?° Guidelines typically recommend that any lump >5cm and/or is
increasing in size are to be treated as suspected malignancies until a benign diagnosis can be

proven.?®

LPS can occur anywhere in the body where there is soft-tissue mass where 40% of primary
LPS are extremital, 20% are retroperitoneal and 40% occur in other sites.’®'®%3" The thigh (~60%
of cases) is the most common extremital site of LPS tumours.* LPS is the most commonly
occurring retroperitoneal sarcoma.?**? Although LPS tumours can present in any anatomical

location, LPS subtypes occur at preferential anatomical sites.

MLPS and PLPS are predominant in the extremity. Primary MLPS commonly occurs in the
low extremity 40% of the time where it is rare for MLPS to be found in retroperitoneal sites in 2%
of cases.®** PLPS tumours occur in the extremity 53% of the time, other sites include the
retroperitoneum/pelvic cavity in 13% of cases and thoracic cavity in 6%.% Tumours occurred in
diverse anatomical sites including breast tissue, stomach, uterus, groin, neck, and scrotum.®
WDLPS commonly occurs at extremital, truncal and retroperitoneal/intra-abdominal sites, and
infrequently in the thorax and head and neck.* They are generally considered to be equally
distributed among retroperitoneal and extremital sites, although a recent analysis indicates that
WDLPS is more common in the extremital sites in ~36% of cases, followed by the trunk in 30%,
and then the retroperitoneum in 20%.%® The most common site for DDLPS is the retroperitoneum
or abdomen in ~60% of cases, followed by pelvic in 17%, extremity in 14%, trunk and thoracic in
6%, and rarely in the head and neck regions.* When located on an extremity or at the trunk,
WDLPS are often called atypical lipomatous tumour (ALT), due to marginal resection often being

curative 2353738

Histological and morphological review is conducted for subtyping. Fundamentally the
approach to this is based on tumour histomorphology and immunoreactivity features.>3%° This
is conducted on samples that are typically retrieved via core-needle biopsy, unless the tumour
is small in which case an excision biopsy is considered.®*' Samples obtained from biopsy are
then pathologically reviewed for a histological diagnosis which involves a microscopic
assessment of cell cytology looking for the shape, growth patterns, background and vascular

structures within the cell.*?

LPS exhibits great heterogeneity in histology showing biphasic or mixed phenotypes, so

much so that it is very rare to identify a consistent singular (or “pure”) cell morphology or
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histological pattern in the same tumour.**** In MLPS there is a myxoid (mucus/gelatinous)
extracellular matrix (ECM) with hypocellular spindle cells, with pools of mucin.*454 MLPS can
contain hypercellular round cells where if there is >5% coverage then it is classed as high-grade

MLPS (previously referred to as round cell).*¢®

WDLPS is histologically the best defined LPS tumour subtype. Its most typical (lipoma-
like/adipocytic) presentation is characterised by mature adipocytes that display both typical
and atypical features, including variable cell and nucleus sizes.* There are three other
histological variants; sclerosing, inflammatory, and spindle cell.**® The main differences
between these are the phenotypes of stromal cells, density of collagen, prominence of primitive

mesenchymal cells, degree of inflammatory infiltrates, and infrequently myxoid-like stroma.’*

PLPS is identified by the presence of pleomorphic cells and lipoblasts, which are
immature fat cells resembling normal preadipocytes.®® PLPS exhibits a mixed histology with all
cases being lipoblast-rich with notable histological pattern variation.***' These patterns
commonly resemble an UPS and sometimes with myxofibrosarcoma-Llike hypocellular regions

of myxoid stroma.?'

DDLPS is defined as a biphasic tumour containing undifferentiated pleomorphic or
spindle cell regions juxtaposed to lipogenic regions of WDLPS. The non-lipogenic portion is
typically high grade with morphology that is like PLPS and UPS.*** These cells lack features of
differentiated cells resembling primitive mesenchymal cells. The transition between these
morphological features is most frequently abrupt but can also, in rare instances, be

intermingled.*

In DDLPS it is generally considered that the majority, often cited as 90%, of DDLPS arise
de novo defined by the observation as an occurrence of DDLPS within an ALT/WDLPS tumour
where there is no known previous event of ALT/WDLPS or DDLPS in the patients clinical history.*
4Such DDLPS are typically regarded as primary DDLPS. The remaining DDLPS occur upon a
local recurrence of ALT/WDLPS where the observed DDLPS component was not present (or
discovered) in the original ALT/WDLPS tumour with a mean interval of occurrence of 7.7 years.*
Secondary differentiation occurs more frequently in repeated local recurrences of ALT/WDLPS.
It has been reported that up to 28%%2 occur in the first recurrence of WDLPS, rising to 44% on the
second recurrence.®® It is unknown whether the risk of secondary DDLPS increases due to the

number of local recurrences or the intervals between them.?

Dedifferentiation has been applied to several sarcomas that show biphasic morphology
where histologically well-defined regions are adjacent to undifferentiated zones that show

cellular, pleomorphic morphology.*® Differing from undifferentiated tumours with the criteria of
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typically possessing differentiated (well-defined) elements in the same tumour.*®* The term of
dedifferentiation was applied to LPS in 1979 to describe DDLPS.** Dedifferentiation has typically
described entities that are high grade (according to the grading criteria) although low grade

DDLPS has also been described.*

Diagnosing DDLPS can be challenging, as biopsy samples may miss the dedifferentiated
non-lipogenic components and may be mistaken for WDLPS or normal adipose tissue. 3°°
Increasing the sampling rate during biopsies can partially mitigate these diagnostic

limitations.®5%®

In rare instances, DDLPS exhibits homologous lipogenic differentiation where lipoblasts
are interspersed within the high-grade component.®®” Conversely, heterologous differentiation
is seen in 5-10% of cases, most often in the form of myogenic differentiation (e.g., being
leiomyosarcoma-like or rhabdomyosarcoma-like), or less frequently, as osteogenic features
resembling an osteosarcoma.***¥%° Both DDLPS and PLPS present with increased mitotic
activity, with PLPS exhibiting the highest levels. Both tumours also display moderate-to-

extensive necrosis.*

Molecular testing primarily through immunohistochemical (IHC) staining for
immunoreactivity of proteins pertinent to histological subtypes are also commonly leveraged.
Adjunct analysis may also be used which can include the results from next-generation

sequencing (NGS) or fluorescent in-situ hybridisation.>2*

Notable diagnostic molecular testing for LPS primarily includes the identification of
supernumerary ring or giant rod marker chromosomes in WD/DDLPS.37¢2%4 These extra
chromosomal structures include repeated amplifications of chromosomal region 12q13-15.%75>
% Notable genes within this region for WD/DDLPS are mouse double-minute 2 homolog (MDM2),
and cyclin dependent kinase 4 (CDK4). These can be identified upon karyotyping of the tumour
or through positive stains during IHC assessment.?? MDM2 and CDK4 staining along with
cycling-dependent kinase inhibitor (P16 - CDKN2) are typically used to differentiate WD/DDLPS

from benign lesions and other malignancies.®®

Grading of LPS is conducted according to the Federation Nationale des Centres de Lutte
Contre Le Cancer (FNCLCC) “French” grading system based on mitotic rate, necrosis, and
differentiation status.*®"5” DDLPS and PLPS are typically assigned higher grades compared to
WDLPS and MLPS due to their dedifferentiation score, which generally receives a score of 3.
Consequently, DDLPS and PLPS tumours are most often classified grades 2 or 3.2 However
they are sometimes assigned a grade 1 if low scores are also given in the mitotic rate and

necrosis categories.*®* WDLPS and MLPS show less abrogated normal morphology and hence
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are typically assigned lower grade values.? The majority of LPS are assigned a low-grade, likely
due to ALT/WDLPS being the most common subtype which in the case of ALT are invariably
classified as FNCLCC grade 1."

The tumour grade with the size of the tumour, anatomical site of the tumour, metastasis
and nodal involvement is then used to provide a tumour stage according to the American Joint
Committee on Cancer (AJCC) staging system.** A separate staging system is used according to
different anatomical sites. Tumour grade and size is used to classify tumours into stages I-Ill,

with any metastasis a tumour is assigned to stage IV.

1.2.3 LPS General Treatment Modalities & Surveillance

Treatment for LPS follows the guidance as set out for STS and is largely divided into two main
routes, those that are resectable and can be surgically removed, and those that are
unresectable or are Stage IV (metastatic) classified as advanced disease.®*"® The mainstay
treatment is surgical resection particularly for localised disease where the standard procedure
is an en-bloc resection with the aim to achieve tumour negative margins, removing the tumour
entirely leaving a normal tissue boundary around the tumour.3? It is typical to see surgical
resection in up to 90-95% of cases.® Generally, resection with wide margins for low-grade and
less aggressive STS can achieve excellent rates of local disease control (>90%).”° However,
large and/or deep-seated tumours, that are higher-grade, can make achieving a tumour-free
margin challenging due to size and proximity to organs, which may require consideration for
limb/organ removal (to retain tumour negative margins) or use of incomplete resection margins

around the tumour.®”

Tumour margins are commonly classified according to the R classification system
corresponding to the presence of tumour at the resection boundary; completely resected
tumour with tumour negative margins (R0) or tumour positive on microscopic inspection (R1),
and tumour positive present at the resection margin in macroscopic inspection (R2). Cases that
cannot be classified are typically assigned the Rx category.® As high as 62% of resections
require resection of neighbouring organs however, an RO margin is achieved 51% of the time.”?
As explored in section 1.1.2.1.5.3 complete orincomplete resection margins are debated to be
prognostic of patient survival and in locoregional or metastatic recurrence. Histology is the
greatest determinant of post-surgery relapse in retroperitoneal STS where DDLPS was found to
show a greater risk of recurrence compared to WDLPS. Furthermore, there was limited benefit
for a second surgery upon recurrence.”® In a study by Zhao et al®® RO margins were possible in

over half of cases (54%), R1in 35% and R2 in just 11%.
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LPS typically shows moderate sensitivity to radiotherapy (RT) (depending on when it is
given in the course of treatment) where MLPS (including the high-grade round cell variant)
shows the highest sensitivity of all LPS subtypes.’® MLPS benefits from RT irrespective of site of
occurrence and whether it is given pre or post-operatively, being effective in reducing tumour
size for surgical intervention.””®”” Adjuvant RT for retroperitoneal LPS shows mixed results; it
may reduce recurrence rates, although impact on survival is not clear. Neo-adjuvant RT is
typically not beneficial to LPS although has been shown reduce tumour size for resection in
MLPS. The STRASS trial found no overall benefit of pre-operative RT, but WDLPS showed

improved recurrence-free survival (RFS).

For advanced/metastatic disease, treatment modalities are primarily to provide palliative
resolution.®?® Surgical resection in this setting is not effective in controlling disease. In
advanced DDLPS/WDLPS occurring in the intra-abdominal space the combination of
doxorubicin and ifosfamide was shown to give the best overall response rate (ORR) and is
currently the most widely adopted frontline treatment.”® Second-line chemotherapy includes
use of trabectedin, eribulin, along with gemcitabine plus docetaxel.” Combinations of
chemotherapeutic drugs (e.g., doxorubicin plus ifosfamide or trabectedin) can achieve better
progression free survival (PFS) versus single agent, however, this comes at the cost of increased
toxicity. ° The excision of tumours (primary, recurrent and metastatic) in the advanced setting is

considered based on palliative benefit to the patient.®2980:8

LPS has a high risk of post-surgical recurrence, varying by subtype and location, where
retroperitoneal and high-grade LPS show particularly poor RFS.'*82%¢ Clear surgical margins is
the most important factor in reducing recurrence although the impact on overall survival is
debated.'®38#78 Qverall, current treatments are inadequate for high-grade LPS, particularly
DDLPS. Presently, there is no standard procedure for disease follow-up, where different centres
have shown varying protocols on the intervals and duration of follow-up and whether imaging is

used.>®

1.24 Survival patterns and prognostic factors for LPS

The survival of LPS, unstratified by subtype, is good overall with a 80% (82% in a recent UK
England study?) five-year (5yr) overall survival (OS - defined as the time survived from either
diagnosis or treatment of cancer to death) and a ten-year OS of 65%.'® This compares
favourably to the average STS 5yr OS of 55%.° However, LPS consists of subtypes that show
distinct clinicopathological behaviour.'®* The most common LPS subtypes (WDLPS and MLPS)
have a 5yr OS of 80-90%.'8*°
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More aggressive LPS subtypes including high-grade MLPS, PLPS and DDLPS have
significantly lower survival. High-grade MLPS has shown a 5yr DSS of 72%.% PLPS and DDLPS
perform similarly poor, with a 5yr survival that is below 50%.% For these high-grade, whilst the

5yr metrics are still moderate, this rapidly declines for ten-year survival rates.>?

For individual prognostication in the UK for STS, the Sarculator is a commonly used
nomogram available as an online tool.®" Factors that can predict poor outcome for patients with
STS tumours are broadly well understood and include stage (along with its derivates of grade,
size and anatomical location), histology, age and gender.*#%%2 The highest determinant for poor
outcome in LPS is tumour grade which also accounts for histological subtype, as a poorly
differentiated subtypes are graded higher where predictably FNCLCC grade 3 tumours perform
the worst (section 1.1.2.1.5.1).'*%%% Grade is also a determinant in tumour recurrence following
surgical excision, where the resection margin is also well-documented as being a shared
determinant.®® Although other factors are also significant, notably age where an age = 55

predicts recurrence within the first year of treatment in retroperitoneal LPS.8

Extremital sites in LPS show better survival outlook versus other sites.* This is observed
across STS where extremital tumours often perform better than deep-seated and
retroperitoneal tumours. Extremital tumours are commonly (25%) low-grade liposarcomas.®®
WDLPS tumours at retroperitoneal sites have a poorer outcome with lower rates of 5yr OS and
disease specific survival (DSS).* In DDLPS tumours located at deep tissue sites such as the
retroperitoneum tend to have a poorer prognosis.*''®* WD/DDLPS tend to recur at greater

frequencies when they originate in the retroperitoneum as compared to other sites.*’

Patient age and sex are also typically found to be common variables that predict poorer
patient outcome, where older patients and males associate with a poorer prognosis.?%9’
increasing age corresponds to a deterioration of survival probabilities.?®*®° There is no defined
cut-off for age, but thresholds of ~=250 years can be common.'®?%%° Patients are noted to be
younger in MLPS.*® For PLPS, an age of = 65 was associated with poorer OS but could not be
reproduced when using DSS.® Other studies have shown that an age = 35 is significantly
associated with decreased OS in WDLPS and MLPS.?2 Both gender (male) and age (unclear
definition) are noted to be important factors at time of diagnosis that predicts both a poor OS
and RFS outcome.??>24% DDLPS is predominantly observed in male patients (65%) and most
frequently observed in older adults, where 65.4% of patients are aged between 51 and 75 years

of age.® Better outcomes were observed in patients aged between 26 to 50 years, and in

tumours that were smaller than 10cm.%®

Whilst initially thought to be equal in gender distribution, in larger studies LPS is shown to

occur 60% in male and have a poorer prognosis where notably DDLPS has been shown to have a
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male-female ratio of 2:1.22?31% For retroperitoneal LPS, 5yr OS rates for males was found to be
51% increasing to 60% for females following a primary resection.’’ Female patients in

intermediate to high-grade tumours are found to have poorer survival compared to males.'®

Locoregional recurrence and the propensity to metastasis to other tissues are also factors
that can significantly impact the survival in LPS subtypes, although WDLPS does not
metastasis.>'%3% |ocal recurrence, tumour grade, resection margin, and tumour size are
important risk factors for metastatic recurrence.’” Subtype histology also plays a role in MLPS
where high-grade (round cell) morphology predicts a greater risk of metastasis.*’ In DDLPS local
recurrence is the most consistent risk factor for tumour metastasis.'””"'% Metastasis occurs in
30% of DDLPS patients with 20.5% of these being present at diagnosis.**'°4% The three most
common metastatic sites being the lung (75%), subcutaneous/intramuscular tissue (52%) and
lymph nodes (34%)."® The median time to metastasis for patients progressing from localised to

metastatic disease is 8 months.%®

Tumour size in WDLPS provides a greater risk of poor outcome for DSS, OS and relapse-
free survival (RFS) metrics.*® WDLPS can be locally aggressive and show moderately high local
recurrence (up to 52%) particularly at deep-tissue sites such as the retroperitoneum where

recurrence is more common,2388109

The level of dedifferentiation in DDLPS has mixed prognostic significance. While a lower
level of dedifferentiation was not found to be prognostic of better outcome.* In addition, the
threshold by which dedifferentiation becomes prognostic of patient outcome is presently
unknown. However, it has been shown that increasing degrees of dedifferentiated morphology

with high-grading is prognostic to high local recurrence risk."°

DDLPS is in dire need of improved treatment strategies with unmet clinical need.

1.2.5 Genomic landscape of DDLPS/WDLPS

DDLPS and WDLPS are cytogenetically characterised by the presence of supernumerary
ring chromosomes or giant marker chromosomes which frequently contain amplifications
involving chromosome region 12g13-15.%7:525 Somatic copy number alterations (SCNA)
dominate the mutational landscape observed in WD/DDLPS.*"#* It is noted that DDLPS and
WDLPS, like other STS tumours show low mutational burden in regard to somatic mutations.®
Amplification in mouse double-minute 2 homolog (MDM2), cyclin dependent kinase 4 (CDK4)
and high-mobility group AT-hook 2 (HMGAZ2) are the most discussed frequent amplifications in
DDLPS through increased copies of 12q13-15."""""3 Other frequently amplified genes within 12g-

13-15 have been observed in carboxypeptidase M (CPM), fibroblast growth factor receptor

41



Chapter 1

substrate 2 (FRS2), tetraspanin 31 (TSPAN31), and YEATS domain containing 4 (YEATS4).37174112
The shared genomic alterations between WDLPS and DDLPS are thought to be the genomic

events which can drive tumorigenesis."

MDM2 is an E3 ubiquitin ligase that negatively regulates TP53 activity by targeting it for
proteasomal degradation, preventing interactions with its transcriptional co-activators, and
exporting TP53 out of the nucleus.”®""” The TP53 protein plays a critical role in cell maintaining
genomic stability through cell cycle control and DNA repair, and is a known tumour
suppressor.'® Dysfunction of this pathway has been implicated in most cancers, either through
TP53 mutation or downregulation.® In WD/DDLPS, dysfunction of TP53 is predominantly
through MDM2 amplification.’® MDM2 (12g15) is amplified and expressed in 100% of
WD/DDLPS tumours, and is considered the main driver of tumorigenesis in these
tumours.®""31¢ | evels of MDM2 amplification follow a log-normal distribution and the level of

MDM2 amplification has been found to predict poor outcome in DDLPS."?

HMGA?2 is a regulator of multiple core molecular processes such as replication,
recombination, DNA repair and transcription.’?> Most studies suggest an oncogenic role for
HMGA2.">> However, the role of HMGA2 as an oncogene maybe context specific as it has been
suggested that HMGA2 may contribute to repression of proliferation-associated genes to
promote senescence in fibroblasts.'*'** HMGA2 promotes adipogenesis and mesenchymal
differentiation, and hence an inference maybe that in DDLPS there should be lower levels of
HMGA?2 activity (being antagonistic to dedifferentiation).’*'*® However, counterintuitively,
HMGAZ2 shows higher levels of non-damaging genomic rearrangements and overexpression in
DDLPS compared to WDLPS."*'% |t has been suggested that a high log gain ratio (>2) of MDM2
and HMGAZ2, displayed prognostic value, where the higher ratios were indicative of a shorter

08.124

CPM may have arole in adipogenesis, as mMRNA expression is increased in pre-adipocyte
differentiation.’”'>® However, CPM is over-expressed in both DDLPS and WDLPS samples
compared to benign lipoma and normal fat tissue.'® Additionally, CPM gene knockouts in two
DDLPS cell lines (LPS141 and FU-DDLS-1) inhibited cell proliferation.’ CPM has been shown to
increase epidermal growth factor receptor (EGFR) signalling.'® Dysregulated EGFR signalling is
associated with many cancers, including breast and lung, with downstream signalling
oncogenic signalling pathways."° These findings may suggest an oncogenic role for CPM
through EGFR signalling which was associated with increased clinical stage and histological

grade in STS."™

YEATS4, which has been suggested to be involved in repression of TP53. This prevents

activation of two genes involved in apoptosis and cell cycle regulation (CDKN2A (p14) and
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CDKN1A (p21))."1%132133 YEATS4 in DDLPS may work to support MDM2 in its TP53 repressive
activities."*"*® Although not statistically significant, YEATS4 has been found to show a trend

towards decreased RFS in DDLPS.™®

FRS2 encodes a central adaptor protein within the fibroblast growth factor receptor
(FGFR) pathway, necessary for signal transduction.'” Aberrant signalling of the FGFR signalling
pathway is known to have a role in angiogenesis, tumorigenesis and metastasis."” '3 |t has been
found that in WDLPS/DDLPS the FRS2 protein is overexpressed with higher phosphorylation
suggesting that signal transduction by FRS2 is active, and hence is signalling through the FGFR

pathway.''51%7

CDK4 is thought play a major role in DDLPS tumorigenesis and has been associated with
poor disease prognosis.'?1%:1% CDK4 phosphorylates Retinoblastoma protein 1 (RB1), a tumour
suppressor that regulates cell cycle processes through inactivating the transcription factor
E2F."® Upon phosphorylation, the Rb-mediated inhibition of E2F is stopped, and E2F can

continue to commit the cell to the G1/S transition of the cell cycle.

DDLPS were shown to have higher mean ratios of amplification of TSPAN37 compared to
WDLPS.™ TPSAN31 is the natural anti-sense transcript to CDK4, and has been shown to
regulate its mMRNA and protein expression, where silencing of TSPAN37 increased CDK4 mRNA
and protein expression in hepatocellular carcinoma cells.’? The role of TSPAN31 in DDLPS and

its interactions with CDK4 in this context is unknown.

DDLPS is thought to diverge from WDLPS in early tumour progenitor cells.'® The exact
mechanism by which this occurs is unknown but it is thought that augmenting of the existing
mutational landscape, and the acquisition of new SCNAs plays a crucial role.”"*'* The gain of
1p32.1 and 6923, and loss of 1123 regions have been described as being enriched alterations
in DDLPS."*"¢ Of note, 1p32.1 is correlated with poor disease specific survival and contains the
JUN oncogene.®*"%126 |n addition, JUN amplifications have been found to lead to downstream
blocking of adipogenic differentiation.'?®'4"48 The protein product of JUN, c-Jun forms the
Activator Protein-1 (AP-1) transcription factor complex together with the c-Fos protein.™® AP-1 is
involved in many cellular processes including apoptosis and cell proliferation.’” In DDLPS, c-
Jun expression was detected 91% of the time compared to just 27% in WDLPS with no

histological signs of DDLPS regions.'®

The amplification of 6923, includes the Mitogen-activated protein 3 kinase 5 (MAP3K5)
gene (also known as ASK1), which activates Jun N-terminal kinase (JNK) and p38 mitogen-
activated protein kinases in the mitogen-activated protein kinase pathway.'® MAP3K5 is

activated in response to cellular stress such reactive oxygen species (ROS) and inflammatory
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cytokines.' Activation of INK leads to downstream activation of JUN and inactivation of
peroxisome Proliferator-activated receptor gamma (PPAR-y) which is required for adipocyte
differentiation.’:'®3'5%4 |n absence of PPAR-y expression, the cell line LPS141 could not be
forced to differentiate when cultured in differentiation media.’*® This implicates c-Jun and
MAP3KS5 in the process of blocking adipocytic differentiation.”* JUN and MAP3K5 both show an

amplification frequency in DDPLPS of 32% and 22% respectively.®*'%®

The low frequency of exclusive SCNAs may suggest other aberrant factors are likely
involved in the dysregulation of adipocytic differentiation in DDLPS. The core region of 12q13-15
is pivotal to the formation of the ring structure observed and the neo chromosome is often the
largest chromosome in WD/DDLPS tumour cells.'®®'*” These chromosomal structures are
formed from an initial chromosomal breakage and edge fusion to form a ring which undergoes a
series of break-fusion-bridge cycles where the ring is replicated and fused across multiple
cycles to produce the number of amplifications observed.'® It is likely that these vast amounts

of amplifications of oncogenes promotes the survival of WD/DDLPS initiating cells.®'’

To support this observation evidence for an exact process by which the adipogenic signature in
WDLPS could be reversed were inspected. This was largely driven by the observation of
JUN/ASK1 amplifications although evidence was conflicting on their definitive roles in DDLPS,

particularly where only a proportion of cases contained such amplifications.4”-148:150.151

An integrated transcriptomic and genomic study identified further alterations (fusions and
amplifications) that were hypothesised to correspond to a malignant transformation of WDLPS
into DDLPS."* It is also hypothesised that DDLPS and WDLPS share a progenitor cell that
initiates tumorigenesis containing the characteristic amplifications which then diverge into WD
and DD progenitor cells.™'%° A recent single-cell RNA-sequencing study highlighted molecular
differences between a population of possible progenitor cells identified in WD and DD
components.’® DDLPS stem cells showed similarity to multipotent adipocytic progenitors and
tumour stem cells containing 12q amplifications were conserved in both WD and DD
components. Furthermore, bespoke alterations were identified between populations identified
in WD and DD components.’® DDLPS retaining its stem cell like properties is consistent with
microscopic observations and the ability of DDLPS to undergo heterologous differentiation (e.g.,
to differentiate along osteoblastic lineages to resemble an osteosarcoma).’®'*® |t was noted that
DD components contain high-levels of Transforming growth factor B (TGFB) and was

hypothesised to be a contributing factor to the formation of DDLPS tumour cells.™®
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1.2.6 The emergence of targeted therapies for LPS

Presently, there are no FDA approved targeted therapies available for treatment of DDLPS,
although, there are promising treatments that are in active phase2/3 clinical trials (table 1.1.).
The most promising targeted therapies to date have targeted MDM2. Inhibitors against MDM2
include milademetan (DS-3032b), alrizomadlin, and brigimdalin (Bl 907828). Milademetan failed
to meet its primary endpoint of significantly improved PFS over trabecedtin in a phase 3 clinical
trial (MANTRA - NCT04979442) in unresectable/metastatic DDLPS that recruited 175 patients.®
This was following a successful phase 1 dose-escalation trial where a partial response (PR) was
achieved in 4% of patients and stable disease in 64.2%."%""'2 Alrizomadlin (APG-115) in
combination with pembrolizumab (a Programmed cell death protein - PD-1 - inhibitor) showed a
PR in ~6% of LPS patient in interim results of a phase-2 trial (NCT03611868)."%* ALRN-6924, a
dual MDM2/MDMX inhibitor, showed promise in a phase-1 trial (NCT02264613) showing a PR of
20% in LPS patients, and all showed stable disease.’® Another dual MDM2/MDMX inhibitor
siremadlin (HDM201) achieved PR in ~8% of TP53 wild-type LPS patients and 75% achieved
stable disease in a phase 1 trial.”®® In some patients where there is TP53 dysfunction by

damaging mutations MDM2/MDMX inhibitors may potentially not be effective.

Brigimadlin (Bl 907828) is another MDM2 inhibitor that is currently undergoing a phase 2/3
clinical trial (Brightline-1 - NCT05218499) comparing use of brigimadlin with doxorubicin as ain
first-line treatment of advanced DDLPS."®® A phase 1a/1b (NCT03449381) dose-escalation study
identified acceptable toxicity of brigimadlin and noted a 75% SD in DDLPS patients ranging from
1/5t0 22 months.™’

Treatment with a CDK inhibitor, abemaciblib in a phase 2 clinical trial lead to an increase
in progression-free survival (PFS) to — 76% at 12 weeks)."®® Following this success, abemaciblib
is now undergoing a phase 3 trial (SARC041 - NCT04967521) in advanced DDLPS." It was found
that abemaciiblib induces tumour cell senescence, which corresponded to increased immune
infiltration, but also may lead to downstream progression.'”° Palbociclib, another CDK4
inhibitor, showed a complete response in 2% of DD/WDLPS patients, and 12 week PFS was
~57%."" A phase Il trial of ribociclib in combination with everolimus (NCT ) an mTOR inhibitor,
showed promise in DDLPS which attained a median PFS of 15.4 weeks, and 33% of patients
showed SD or PR/CR at = 16 weeks."? There is a phase 2 trial (NCT05694871) that is undergoing
current recruitment for palbociclib combined with cemiplimab, a PD1 inhibitor, versus

palbociclib alone that is currently recruiting for advanced DDLPS.
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Table 1.1: Summary of small molecule inhibitors presently in active clinical trial for DDLPS.

Compound In combination Target (+ target Recruiting NCT number
name (alias) with of trial phase

combination)

Alrizomadlin Pembrolizumab MDM2 (+ PD1) Phase 3 NCT03611868
(APG-115)

Brigimadlin (BI MDM2 Phase 2/3 NCT05218499

907828)

Palbociclib Cemipolimab CDK4 (+ PD1) Phase?2 NCT05694871

Ribociclib Everolimus CDK4/6 (+ Phase 2 NCT03114527
mTOR)

Abemaciblib - CDK4/6 Phase 3 NCT04967521

Erdafitnib - Pan-FGFR Phase 2 NCT03210714

Immunotherapies targeting PD-1 (programmed cell death protein 1) have also been
assessed in DDLPS. Pembrolizumab showed a 10% overall response rate in the LPS cohort of 4
patients in the SARC028 phase-Il trial LPS expansion cohort and achieved less successin a
single-arm trial combining pembrolizumab with axitinib, a VEGF-inhibitor, where no response
was observed in DDLPS patients.””*'* Nivolumab alone or in combination with ipilimumab, a
Cytotoxic T-lymphocyte-associated protein — 4 (CTLA-4) inhibitor showed no responses in
DDLPS/WDLPS patients enlisted in the Alliance A091401 trial.m* However, in a retrospective
review of STS patients treated with nivolumab plus ipilimumab, a partial response was achieved
in 17% DDLPS patients highlighting potential use as a combined therapy.'”® Despite advances in
targeted and immunotherapy for DDLPS, there remains significant unmet clinical need for

patients DDLPS.

It is also worth noting the MULTISARC (NCT03784014) phase 2/3 randomised clinical trial
to evaluate the feasibility of NGS in advanced/metastatic STS which includes DDLPS."5"77 |t
also seeks to determine whether NGS-guided therapy can improve patient survival outcomes.

To do this it is applying RNA-seq and whole-exome sequencing to pair genomic alterations with
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candidate drugs in a tailored approach. These drugs include palbociclib, which given previous

indications will likely be the tailored drug to DDLPS patients.

1.3 An introduction to networks:

Networks are methods of representing relationships in complex data as a connected
graph."® Today, networks have found a common use in a variety of applications, perhaps most
intuitively in modelling social interactions through online social media platforms.’”®'® Due to
the vast rise of omic data within the field of molecular sciences since the late 90’s, networks
have found a place in being an intuitive method for interpreting such linear and non-linear
relationships.’''® Many studies have utilised networks on cancer omics (molecular layers —
e.g. transcriptomics) data derived from experimental assays or predictive modelling to identify
prognostic biomarkers, cancer subtypes, cancer gene identification, and drug repurposing and
discovery.'® "% There are now a wide-range of databases and repositories which host pan-
cancer molecular data, allowing for network-analysis to be applied to secondary data analysis

(table 1.3).

Table 1.2: A summary of commonly utilised data repositories.

Repository name Data types Includes Includes
cancer LPS

The Cancer Genome Atlas WES, RNA-seq, miRNA-seq, DNA Yes Yes
(TCGA) methylation, protein expression, copy

number arrays, clinical data
Gene Expression Omnibus Gene expression array and RNA-seq, Yes Yes
(GEO) DNA methylation
Array Express (AE) RNA-seq, DNA methylation
Clinical Proteomic Tumor Proteomics data on select TCGA yes No
Analysis (CPTAC) projects
International Cancer Genomics WGS mutation data Yes Yes

Consortium (ICGC)

DNA databank of Japan (DDBJ) RNA-seq, gene expression array, WES, Yes Yes
WGS, mutation calling,

Cancer Cell Line Encyopledia  gene expression arrays, copy humber Yes-Cell Yes

(CCLE) arrays, miRNA expression, protein lines

expression, DNA methylation

Cancer Dependency MAP CCLE project with CRIPSR gene Yes-Cell Yes

project (DepMap) knockout cell viability data lines

Connectivity MAP Drug-gene perturbation data (gene Yes-Cell No
expression array, proteomics) lines
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STRING PPI No No
BioGrid PPI No No
IntAct PPI No No
JASPAR TF-target No No
TRRUST TF-target No No
miRTarBase miRNA-target No No
Cansar.ai Drug-target, drug combination data, yes No

ligandability

The Drug Gene Interaction Drug-target No No
Database (DGIdb)

Drugbank Drug-target No No
Human Metabolic Atlas (HMA) Metabolic data No No
KEGG Metabolic data No No
MsigDB Gene function annotations No No
1.3.1 Fundamental network concepts

1.3.1.1 Nodes, edges and connectivity

Network graphs provide a simple yet powerful tool for understanding the relationships
between components of a complex system. They are composed of nhodes and their connections
called edges (Figure 1.3A). In networks there are two main edge types, undirected and
directed. Undirected edges represent a simple connection between pairs of nodes and
convey no information regarding directional flow. A directed edge implies information flow that
can be organised hierarchically (e.g., a transcription factor (TF) that activates a gene). For both
directed and undirected networks, edges can be assigned numeric values or “weights” (e.g.
based on pairwise correlations among genes). Weighted networks depict a strength of
connection according to the weight value.”® There can also be more than one edges between
the same nodes either representing inverse directionality (e.g., a reversible interaction) or depict
different edge types which is sometimes referred to as multiplexing or stacking."’ Similarly,
networks can have two, or more, node types which are bipartite graphs (e.g., a network

containing drugs and proteins).

Networks can be expressed mathematically as an adjacency matrix where all rows and
columns represent the set of nodes belonging to that network (Figure 1.3B)."9%%° |n unweighted
networks, which is depicted in Figure 1.3B, the cells can have a value of 1 or 0 according to
whether an edge exists or not between two nodes, respectively.”® In undirected networks the

values on both sides of the main diagonal are symmetrical (e.g., a gene-gene correlation)
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(Figure 1.3B) which is not the case for directed graphs where edge information travels
unidirectionally across a single edge (e.g., signal transduction). A universal measure for the
number of connections a node has, is called the degree, which is the number of edges a given

node has.

The data represented within the adjacency matrix represents the networks organisation
and architecture which corresponds to the workings of the systems being modelled. In the case
of biological networks, patterns observed across the adjacency are of biological significance.?*"
203 The direct relationship between network structure (topology) and biological function requires,
for larger networks, mathematical modelling of the data. Notable properties of a biological
network to modelincludes the degree distribution, centrality, and the presence of communities

(often referred to as clusters, modules or cliques).

The degree distribution is the binning of nodes according to their degree (connectivity k)
and can describe the probability that a node has a given k. The degree distribution can be
described by many distributions.?°2% For example, a network may have a homogenous
distribution in its degree connectivity showing Poisson, binomial or exponential distributions
where there is a more uniform distribution.'®® Typically network biology works under the
principles that a network shows a scale-free distribution that can be described by a power law k
2,204 This is where degree distribution is right-skewed showing many nodes with low degrees and
few nodes with high degree. From this another crucial feature of biological networks is identified
—the hub, which are nodes with the highest degree and are binned on the tail end of the

distribution.2%®

Hubs play a crucial role to network topology where deleting hubs can erase vast
information from the network.?®” As biological networks are a reconstruction of patterns
observed in biological data, then hubs are functionally important.?*’ This notion is demonstrated
in protein-protein interaction networks (PPINs) where deleting a hub protein is likely to be more
lethal to an organisms function versus a non-hub — called centrality-lethality rule.?°®2%° This rule
has been observed in a range of eukaryotic organisms, and it can be inferred that due to the

many interactions of the hub, they are potentially master regulators in signalling pathways.?°72%8

Centrality is a numerical measure of the importance of a node.?'>?'"" The degree centrality
is the most common which is equal to the number of connections a node has. Other widely
used node importance metrics include betweenness centrality, which measures how often a
node lies on the shortest paths between other nodes (the flow of information through the
network); closeness centrality, which measures how close a node is to every other node in the

network (how fast a node can pass information to other nodes); and eigenvector centrality,
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which measures the degree of a node as well as the degree of its neighbours (the influence of

the node on the network).?'>2'
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Figure 1.3: A: A mock protein-protein interaction network showing proteins (nodes) and their
interactions (edges). Colours depict clusters (or modules) displays groups of proteins with high
interconnectedness. Node size is proportional to the node degree (connectivity) B: An example of

an adjacency matrix encoding edge information.

Biological data can be projected as a network using multiple tools available in many
programming languages, including, igraph (R and, Python), visNetwork (R) and NetworkX
(Python). These packages also have built in graph-based analyses tools to assess network-
based metrics (e.g. degree, centrality etc). For those who are unfamiliar with these programming
languages there are also user-friendly tools available, such as CytoScape, which includes
multiple plug-ins for various graph-based applications.?'>?'® Two commonly used networks in
the identification of hub genes in cancer are gene co-expression networks (GCNs) and protein-
protein interaction networks (PPINs). Gene regulatory networks are also common but are

detailed in the Appendix A.1.

1.3.2 Protein-protein interaction networks

PPINs model the repertoire of physical protein interactions that occur between proteins,
where in the study of disease they typically serve to outline the underlying molecular
mechanisms.?'?'®PPINs are usually unweighted and undirected graphs (no directional
description to the edge).?'>*?° Proteins will cluster into groups of interactivity, which can
represent either modules of shared function, or physical protein complexes.?*' PPIs are derived

from a range of biophysical, biochemical, genetic and computational methods, where examples
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of each are summarised in table 1.4.%?>?* There are a selection of online databases that provide
PPl information, with some databases containing tools for network projection, the most

common being STRING (table 1.4).?*’

Table 1.3: Examples of commonly described experimental techniques used to detect protein-

protein interactions.

Method type Method name Approach Throughput PPIs
Biophysical  Nuclear magnetic In vitro Low Direct
resonance (NMR)
spectroscopy
Biochemical Co- In vitro Low Direct and
immunoprecipitation Indirect
Biochemical Tandem affinity In vitro High Indirect
purification mass
spectrometry (AP-
MS - shotgun
proteomics)
Genetic Yeast-2-Hybrid (Y2H) In vivo High Direct
system
Genetic Protein microarray  Invitro High Direct
1.3.3 Gene co-expression networks

GCNs are derived from a gene-gene correlation tests across a gene-sample matrix
based on gene expression data derived from transcriptomic profiling (e.g. RNA-seq and
microarray).??® Pairwise correlation metrics can be used (e.g., Pearsons correlation coefficient)
as well as other measures of correlations such as mutual information (Ml) (e.g. in the initial co-
expression analysis step in ARACNE - Algorithm for the Reconstruction of Accurate Cellular

Networks) or partial correlation (e.g. PCIT — Partial Correlation and Information Theory).?2%2%

An unweighted GCN is derived from building an adjacency matrix based on gene-gene
correlations that passes a hard-threshold defined by an arbitrary value (e.g. r > 0.7), statistical
significance (e.g. p <0.05, t-distribution test ), premutation testing, or spectral Laplacian
properties.?®"?*2 Hard-thresholding in this manner may not retain biological insight as many
genes may have a low correlation value, but still be important to the information flow through

the network (i.e., it’s overall topology).

For weighted networks soft thresholding, sometimes referred to as a smoothing

parameter, is used to provide a continuous adjacency where the edge value represents the
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similarity or strength of connection.**%2* This approach retains the continuous nature of
pairwise correlations and ensures that the network generally exhibits scale-free topology

through the retention of all gene connections.96228:234

There are several tools available for the construction and analysis of weighted GCNs
(WGCNSs) that includes: petal, CEMItool, CoExp, GWENA, wTO, GeCoNet-Tool and weighted
gene co-expression network analysis (WGCNA).2*32% Despite differences in methodology the
general framework is similar and includes all or in-part the following steps: 1) Calculating the
gene adjacency, 2) transform degree distribution to approximate scale-free topology, 3) define
network topology and 4) Identify modules of genes. Typically, these methods adhere to the guilt-
by-association approach of networks where connected genes or genes within the same module

are assumed to have similar or related biological functions and significance.?**

The commonest method (with over 6165 search results in PubMed Central as of 2024) is
WGCNA and some of the previously mentioned tools directly leverage WGCNA in their pipelines
including CoExp and GWENA. 232423 \WGCNA is widely adopted across cancer studies and has
been successful in identifying transcriptomic associations pertinent to disease conditions. 862
29 WGCNA is favoured for several reasons which includes the suite of tools available, the
availability of in-depth guidance, stability among parameter changes, and favourable
performance. Furthermore, WGCNA contains options for validating co-expression patterns and
for data dimensionality reduction to simplify networks and observed patterns in gene

connectivity.?34%%252 An overview of the WGCNA methodology is described in section 2.14.

Briefly, the crucial steps of the pipeline are:>%2%3

1. Data preparation: Raw gene expression data is pre-processed to remove noise and
normalise the values.

2. Sample clustering: This step involves grouping samples based on their similarity in
gene expression profiles. It helps in identifying outliers that do not conform to the
general pattern.

3. Network construction: The construction of the GCN commences with the calculation
of pairwise correlations between all genes across the chosen samples. The correlation
matrix is then transformed into an adjacency matrix using a power function. This is
followed by calculation of the Topological Overlap Measure (TOM).

4. Module detection: This step involves hierarchical clustering of the TOM, followed by
dynamic tree cutting to define clusters of highly connected genes.?

5. Module eigengene calculation: The first principal component (PC1) of each individual
module is calculated. This is referred to as the Module Eigengene (ME) and represents

the gene expression profile of a module.?®
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6. Relate modules to external traits: This step involves correlating the MEs with external

metadata to identify modules that are significantly associated with the trait of interest.

The application of WGCNA to cancer studies is broad and this includes the identification of
co-expression modules relating to conditions, identification of biomarkers and potential drug
targets.'8®2%8-24% There are several advantages to WGCNA over more conventional statistical
approaches such as differential expression. It incorporates a systems approach which
considers network topology which allows a holistic perspective of gene importance as shared
units rather than singular genes passing a significance threshold. Then, co-expression can
detail disease specific variation in a gene pairs expression value where differential expression

cannot.?®

Another advantageous feature of WGCNA is the incorporation of a data reduction step of
ME calculation.??234251.2%6 The expression profiles for each gene can then be correlated to the
MEs to define a module membership metric (KME) (another form of connectiivty) and infer
relationships with external data such as clinical variables (e.g., disease conditions), results
from other bioinformatic pipelines, or other experimental techniques.?38239.242243.246 Thjg “fyzzy”
measure allows genes to show membership to multiple modules, highlighting the relationships
beyond single module assignments.*** MEs can also be projected as an eigen gene network
(EGN) to proivde a higher order representation of the data, facilitating the visualisation of
intramodualr relationships.®"%7 Additionally, feasture selection based on the MEs can improve
the identificaiton of significant associations by mitigating the problems assocaited with high
dimensional data. MiBiOmics, a web-based integrative pipeline, has taken advantage of this

approach to quantify the realtive contribution of a given sample to module-trait associations.>®

The use of WGCNA paired with differential expression analysis has been shown to
improve inference, and itis generally not recommended to build a network following differential
expression.?*® The ability of WGCNA partitioning to improve inference in subsequent functional
annotations (e.g. via gene set enrichment analysis — GSEA) has been noted.>* In addition,
WGCNA partitioning was also found to improve performance of subsequent graph-based
analysis.?®® Therefore use of WGCNA has the potential to identify hub genes that maybe key
regulators in DDLPS biology for prioritisation of downstream drug-target screening.
Furthermore, deriving gene-sets using this unsupervised approach is likely to identify novel
interactions between genes, and improve functional annotations by approaches such as gene
set enrichment analysis (GSEA).?° Additionally, by using WGCNA to split up the GCN into gene

sets improves the performance of sub network inference methods.?®°

Furthermore, the WGCNA R package contains a comprehensive method to validate

modular expression patterns.?®? This validation process termed ‘module preservation’ contains
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multiple distinct tests which are summarised into a singular statistic which allows for easy
interpretation. Lastly, WGCNA is more likely to find novel associations between genes as the
partitioning of the GCN into modules is performed in an unsupervised manner and hence is a

good fit for identifying novel therapeutic targets with no use of prior knowledge.

1.34 Extracting information from networks

There are several methods within the literature that aim to identify clusters of genes that
maybe associated with disease mechanisms. Acommon method is to search for PPIs from a
database using a list of differentially expressed genes related to a biological pathway of
interest.?®"?2 This allows for a quick identification of hub genes that maybe important. However,
such methods are too reliant on the results from differential expression analysis, which can
differ between methodologies and datasets used.?®®> More comprehensive methods use a series
of mathematical or topological methods to identify sub-networks which can then be

investigated in subsequent analysis."8426426%

Clinical or phenotypic traits are the most common types of data integrated with WGCNA
modules.?®32%6-268 A|though it is possible to use results from other analyses including
differentially expressed genes.?®*® Once a module strongly associated with a disease trait is
found (e.g., with poor outcome) then highly connected hub-genes can be identified within the
module for further investigation., For instance, searching for known drug-target interactions for
the hub-genes.?®® In addition, genes identified by genome-wide association studies can be
assessed for their linkage with modules to detect all of the assumed components related to a
disease.?’”* WGCNA was developed to analyse gene expression profiles across patients and
facilitate integration via the use of ME values. A subsequent study has utilised an approach to
identify concordant hubs in WGCNA modules and PPINs, identified from PPI data based on

differentially expressed gene patterns.>°

Inspecting networks as a single network (monoplex graph) is an informative system-
based approach. However, monoplex networks may oversimplify processes, and when viewed
as individual layers can possibly lead to inferences that maybe misleading or
incomplete.'271272 Multiplex (or multi-layered) networks are a method of stacking monoplex
networks that represent the same or different biological information type. Multiplex networks
may have shared (homogenous) or different nodes (heterogenous) and different types of edges
between nodes across different layers (or slices).'”?""?”® Additionally multiplexed networks can

be categorized accordingly to node, edge and properties.*”*

Multiplexing allows the assessment of both inter and intra layer connections between

nodes, which can be exploited to discern transcriptional and post-transcriptional layers of
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regulation. For example, the associations between miRNAs and protein

expression®’® ,associations between gene co-expression, co-methylation and protein
interaction?’®, and similarities between patient groups based on gene expression, methylation
patterns and miRNA profiles.?’”” Multi-view networks (both multiplex and heterogenous
networks) facilitate multi-omic data integration and you will often see multi-view analysis
methodologies cited as network-based multi-omic data integration techniques.?”®%”° These
approaches could be incorporated within the methodologies of studies discussed here, in

particular those which utilise data susceptible to noise (e.g., gene expression).?”?

Network diffusion models are a subset of network propagation and fusion
methods.?’8280281 These methods simulate a particle that diffuses through a network(s) and
derives a measure of proximity, from which guilt-by-association can be applied. The most
utilised network diffusion method is random walk with repeat (RWR)."9%282283 A random walk
simulates a particle that randomly moves from node to node. RWR is a random where after each
step there is a probability (typically P = 0.7) of returning to the original seed node, specific by the
user. The probability that the particle is at any given node at any given time can be used as a
measure of proximity to the seed.?®? The effectiveness of this approach for integrating gene
expression and copy number data for pathway analysis has been demonstrated.?®* Methods
such as DART (denoising algorithm based on relevance network topology) and DRW (directed
random walk; a random walk-based method) can only perform pathway inference on a single
genomic profile (i.e., the integration of existing pathway information with gene expression

data).285,286

Integrated DRW (iDRW) and random walk with restart on multiplex heterogenous networks
(RWRMH) are two methods which seek to address this by incorporating multi-layered graphs
within their methodology .282287:288 RWRMH performs a local neighbourhood-based search
utilising a specific seed node. In addition to exploring areas within a monoplex layer, it can also
walk to other layers via shared nodes. In RWRMH a parameter controlling the probability of the
particle being at a given node in each layer can be set by the user. The main disadvantage to
RWRMH is that it limits the integration of up to 5 network layers and it is limited to local
searches with 199 nodes in addition to the seed. In addition, when shared nodes are specified it
requires an input list that specifies node-node relations. A similar method, iDRW utilises a RWR
to merge monoplex layers containing omics information with pathway-based gene-gene graphs
to infer pathway activity profiles that are then associated with clinical outcome.?*® iDRW
prioritises pathways that are correlated with poor outcome. A disadvantage over RWRMH is that
merged pathway-level metrics are less interpretable at the gene-level compared to RWRMH. In
addition, iDRW utilises directed graphs from prior knowledge sources (e.g. KEGG) and hence

includes associated biases.
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1.3.5 Network analysis in LPS

1.3.5.1 Hub genes

Network analysis and the identification of hub-genes is a well-recognised systems
approach for identifying putative key molecules of cancer biology that could serve as
therapeutic targets or biomarkers.?522%92% The application of network analysis to identify hubs is
limited for DDLPS with only a few studies at the time of writing investigating LPS (Table 1.4).
239.249,262,289.291.292 The methods vary from building PPINs using online PPl databases (e.g., STRING)
and differentially expressed genes as input, to intersecting multiple bioinformatic/statistical

analysis such as WGCNA.
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Table 1.4: Network analysis studies in LPS that have identified hub genes.

Chapter 1

Ref LPS subtype Method Hub screening Hubs of interest Clinical Module Year
method associations preservati
on
262 DDLPS DEG PPIN Degree centrality APP, MDM2, CDK4 Not investigated No 2017
289 LPS (MLPS - DEG PPIN Degree centrality NIP7, RPL10L, MCM2 DRFS No 2018
discovery and LPS
validation)
21 DDLPS WGCNA, DEG, kME and GS, LASSO UBE2C, ADIPOQ, PRC1 DRFS No 2023
LASSO, survival results
analysis
239 LPS (as partof a WGCNA, PPIN Degree centrality BUB1, RRM2, CENPF, OS,DRFS Yes 2019
STS study) (STRING) KIF20A
249 Retroperitoneal DEG, WGCNA, and LASSO PLCG1 0S No 2023
LPS filtering
GSEA,
WGCNA, LASSO
292 Retroperitoneal WGCNA, Survival Betweenness NINJ1 DRFS, OS No 2024
LPS associations centrality

LPS - Liposarcoma, DDLPS - dedifferentiated liposarcoma, MLPS — myxoid liposarcoma, WGCNA - weighted gene co-expression network analysis,
PPIN - Protein-protein interaction networks, LASSO - Least Absolute Shrinkage and Selector Operator regression, GSEA — Gene Set Enrichment
Analysis, DEG - Differentially expressed genes, OS — overall survival, DRFS - Distant recurrence free survival.
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Some studies in LPS have identified hubs that predict survival trends serving as
candidate biomarkers. For instance, Low gene expression of Ninjurin-1 (NINJ1) was identified to
be predictive of a poorer DRFS and OS in retroperitoneal LPS (including DDLPS) compared to
high expression.?®> NINJ1 is an emerging factor in mediating inflammatory activation following
cellular lysis following cellular death processes and has been associated with a chronic
inflammation.?** NINJ1 has not been targeted in sarcoma, but has been the subject of potential
therapy routes in inflammatory diseases, where inhibition notably reduced pro-inflammatory

cytokine molecules.?%%%

BUBT mitotic checkpoint serine/threonine kinase B (BUB1B), Ribonucleotide reductase
regulatory subunit M2 (RRM2), Centromere protein F (CENPF) and Kinesin family member 20A
(KIF20A) hub genes were found to predict poor OS and DFS in STS which were primarily mixed
LPS subtypes.?® These hubs all have notable functions in the cell cycle where shared function is
not surprising given these were extracted from the same module. Whilst highlighted as
biomarkers, these may have therapeutic potential in LPS, although no such studies have been
conducted. BUB1T has been found to be upregulated in several STS including high-grade MLPS
and PLPS.?*® Furthermore, RRM2 has been found to be upregulated in RLPS tissues, and
knockdowns can inhibit G1/S cell cycle transition.?®® CENPF is upregulated in liposarcoma
tissues being notably higher in DDLPS and has been associated with poor OS and DRFS.%’
Downregulation of KIF20A suppressed tumour growth and inhibited proliferation in STS cell lines

and murine xenografts.?®

Studies have built PPINs using differentially expressed genes in DDLPS which have
identified hub genes that may represent putative targets or biomarkers.?%2%° One study
identified Amyloid-beta precursor protein (APP) which has been found to promote cancer
growth in Ewing’s sarcoma, and has been implicated in other cancers including breast,
prostate, pancreatic and melanoma.*%3%-%03 The role of APP in DDLPS remains unclear. APP is
targeted in the treatment of Alzheimer’s, by inhibitory compounds for beta-secretase an enzyme
that is important to APP processing.?** Hence, APP is possibly an actionable cancer treatment

and may warrant further investigation in DDLPS.

Another study identified hubs in MLPS including nucleolar pre-rRNA processing protein
NIP7 (NIP7), Ribosomal protein L10 like (RPL10L), and Minichromosome maintenance complex
component 2 (MCM2) were identified as hub genes in MLPS that associated with distant
recurrence free survival (DFRS).?2* MCM2 has been found to show upregulation in both mRNA

expression and protein expression in liposarcomas versus normal adipose tissue.3®
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Furthermore, the inhibition of MCM2 increased sensitivity of cancer cell lines to doxorubicin

treatment.3%

Another study leveraged WGNCA to identify modular hubs where Adiponectin (ADIPOQ),
Ubiquitin-conjugating enzyme E2 C (UBE2C), Polycomb repressive complex 1 (PRC1) were
identified as potential biomarkers.?*' Another study used a similar approach?*° focusing on lipid
metabolism associated genes in RPLS and identified Elongation of very long chain fatty acids-
like 2 (ELOVL2) and Phospholipase C gamma 1 (PLCG1) as hubs.?*® They found that high
expression of corelated to a lower predicted infiltration of immune cells and an immune-
excluded phenotype, highlighting ELOVL2 as a potential target for immunotherapeutic

interventions.

To summarise, network-based analysis has been informative to studies in STS and
in a more limited capacity to LPS. However, there is significant scope to expand the application
of a network-based approach, particularly to DDLPS. With a wealth of data and comprehensive
network-based methods available, it is feasible to apply a network-based approach to DDLPS to
reveal genes that are key to the DDLPS disease mechanisms and potential candidates for

therapeutic intervention.

1.3.5.2 Current limitations and future directions

Both studies by Yu et al?®? and Liu et al*® would have likely benefitted from utilising the
modular partitioning of WGCNA in deriving modules of interest associated with clinical
variables or other omics data, which has proven to be successful in identifying key-genes and

pathways in other cancers.>*+27:3%

The study by Zhu et al®** emphasised the use of robust criteria for selecting validation
datasets for module preservation analysis, and additionally utilising a prior-knowledge PPIN to
aid in selecting for hub-genes associated with prognosis. Modules preservation is a technique
that has not been used in any other LPS study despite it being a powerful and efficient metric in

validating co-expression patterns between datasets.?*?

Currently studies have utilised WGCNA and PPIN based approaches to identify
modules and hub-genes. Screening strategies usually involve selecting modules either
associated with a clinical trait (e.g., survival) or centrality indices to screen for genes of interest.
It would be beneficial to explore other sources of data for integration. Other studies integrate
several computational experiments by assessing the gene overlap between significant or
interesting results (e.g., genes that are screened out of a regression analysis or are
overexpressed in cancer versus normal).?**?°! Such studies have been conducted in various

cancers including breast®73%, ovarian®?®3'°, colorectal®”’, prostate®'’, and cervical®*'? among
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others. Studies conducted in gastric®*® and breast®'’ cancers, adopted an approach utilising
gene dependency data from the Cancer Dependency MAP (DepMap) project from the Broad

Institute .’

The DepMap portal provides data from CRISPR-Cas9 knockout studies on various cancer
celllines, including three DDLPS cell-lines (LPS141, LPS510 and LPS853) derived from DDLPS
patients.”™%%* From this data a gene effect score is inferred indicating whether a knockout has
positive or negative effects on the viability of a given cancer cell line. As of the 2022 Quarter 3
(22Q3) DepMap data release, gene effect scores are inferred using the CHRONQOS algorithm.3"
This algorithm works by modelling the observed depletions in single-guide RNA (sgRNA)
abundance from CRISPR-Cas9 screens to determine the gene effect on cell fitness. Depletions

in sgRNA indicates that there are fewer surviving cells carrying sgRNAs 35318

The studies combining WGCNA and DepMap do not directly integrate the data with the
GCN which could be achieved using the MEs.?*%%'° Instead they use high/low dependency genes
as a pre-filtering strategy which was a similar observation for LPS studies combining DEG
analysis with WGCNA. As previously mentioned, this is typically not recommended as not only

does its risk violating scale-free assumptions of WGCNA but can also decrease the accuracy of

it.259

Furthermore, current studies have not used multiplex graphs to leverage multiple types of
information or utilise methods to explore networks and extract information (e.g., RWR). Such an
approach may be particularly useful for identifying relationships among modules, highlighting
robust similarities (e.g., concordant co-expression edges) between datasets, and novel
associations that may otherwise have been missed.?®>3" Finally, for the identification of
putative targets, there is now a wealth of information on drug-target interactions that can be
leveraged.®'®32° This has not as of yet been assessed for DDLPS, and allows the opportunity to

identify hub genes where there is available chemical matter.
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1.4 Research proposal

1.4.1 Research motivation

Current treatment options for DDLPS only reach 5yr overall survival targets in 50% of
patients; frontline treatment in DDLPS cases fails to provide high rates of efficacy with poor
survival and high rates of local/distal recurrence. Additionally, current treatment standards
leave patients with long-lasting adverse side effects. Whilst current in-trial targeted treatment is
promising, especially for MDM2 and CDK4 inhibitors, they are only successful in a proportion of
patients due to disease heterogeneity. Hence, there is a need to find novel therapeutic
strategies for DDLPS, which aim to increase patient survival whilst reducing the risk of adverse
events. In addition, there is more work to be done in understanding DDLPS disease
mechanisms. An integrative WGCNA based approach has not yet been applied to DDLPS with
considerations for drug-target interaction data. This project aims to identify novel candidate

therapeutic targets and to inform on DDLPS disease mechanisms.

1.4.2 Research Aims & Objectives

Hypothesis: An integrative systems biology approach using WGCNA can identify robust,
disease-relevant hub genes in DDLPS that represent candidate druggable targets for
therapeutic development.

Aim 1: Data curation and construction of a robust GCN

Objective 1.1: Use data repositories (NCBI, GEO and Array Express) to identify gene expression
data on DDLPS samples with matched clinical data.

Objective 1.2: Perform clinical data analysis to identify key clinicopathological
variables/features for WGCNA module integration.

Objective 1.3: Propose a gene expression dataset to be selected for network construction and
validation.

Objective 1.4: Construct a robust GCN by exploring available WGCNA options and parameters
and consider available filtering strategies to ensure network quality.
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Aim 2: Identify robust modules of co-expressed genes associated with DDLPS biology

Objective 2.1: |dentify the preservation levels of co-expression modules in independent
validation gene expression datasets.

Objective 2.2: Derive a multi-parameter module score that integrates differential gene
expression, gene essentiality data, and survival associations to prioritise disease relevant
modules.

Objective 2.3: Utilise gene set enrichment analysis (GSEA) using publicly available gene set
annotations to characterise the underlying biology of GCN modules.

Objective 2.4: Integrate available single-cell RNA sequencing data to confirm cell type
associations within the GCN.

Aim 3: Identify hub genes that can be targeted therapeutically through integrated gene
network and druggability assessments

Objective 3.1: Utilise graph-based centrality analysis (degree and eigen centrality) on the
multiplexed module sub-networks to identify hubs.

Objective 3.2: Integrate protein-protein interactions (STRING database) to identify functional
interactions between sub-graph genes and their interactors.

Objective 3.3: Integrate available drug-target information from available databases (therapeutic
target database and chemical probes portal) to highlight putative druggable targets.
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Chapter 2 Methodology

2.1 Ethical approval

This project has ethical approval from the University of Southampton Research Governance

Office, ERGO ID: 64294 and ethical approval is scheduled to end in September 2025.

2.2 Data analysis interfaces

The R programming language (version 4.2.2) was utilised in Rstudio (version 3.3) on a Windows
operating system.®2"%22 Tasks requiring high-performance computation (e.g., read alignment and
read quantification) and use of Unix (Linux) software (distribution version — 4.8.5-44) were
performed on the Iridis 5 supercomputer at the University of Southampton. The Iridis 5
supercomputer was accessed using a Secure Shell (SSH) session via the MobaXterm
programme (https://mobaxterm.mobatek.net). When working remotely, the Global Protect
(https://docs.paloaltonetworks.com/globalprotect) Very Private Network software was used to
access the University of Southampton intranet. Python environments were set using
Anaconda3.%*?®* The working python environment was set to python version 3.11.4 and Ipython
version 8.12.0 and the data analysis suites Spyder (available at https://www.spyder-ide.org/)

(version 5.4.1) were used as interfaces for data analysis in Python.%*

2.3 Data access and assurance

Data were accessed and obtained according to data usage and restrictions policies for given

325

data and data repositories. Data from The Cancer Genome Atlas®?®, accessed via the Genomic
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Data Commons (GDC) consortium®®, and Gene Expression Omnibus (GEO)**’ were open
access. Data from the DNA Data Bank of Japan (DDBJ — available at https://www.ddbj.nig.ac.jp/)
had restricted access and was obtained via application through the National Bioscience
Database Center (NBDC), for which a data assurance policy was agreed and signed by myself
(The DDBJ-NSDC account manager), Professor William Tapper (the coordinating supervisor for
this project) and Professor Jon Strefford (the head of Cancer Sciences at the University Of
Southampton). This data usage policy was renewed on the 29/09/2024 until the 29/11/2024.
This data will be explored using bioinformatic approaches to identify novel candidate drug
targets. The data will be stored in accordance with the data management plan, where public

data will be securely stored on secure research drives that are maintained by the University of

Southampton and accessible through authorised personnel. At the end of the project, all data,
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their location, analyses conducted with associated bioinformatic pipelines will be available on

the research filestores accessible by project members in accordance with data usage policies.

2.4 Data download

TCGA raw read count data (processed by TCGA using STAR) was acquired using the
TCGADbiolinks (version 2.28.4) in R studio. Gene expression data from Gene Expression Omnibus
(GEO: https://www.ncbi.nlm.nih.gov/geo/) was acquired using the GEOquery (version 2.64.2) in
Rstudio.?*%° For the TCGA data, gene quantification and metadata was stored as a “rda” file
using the SummarizedExperiment R package (version 1.30.2). The correctness and
completeness of available metadata was tested against available metadata files from the
published TCGA SARC research article.® Data access to utilize RNA-seq data deposited within
the DNA Databank Japan (DDBJ) repository was requested and granted (01.10.2022). Data was
downloaded over the Linux operating system using rsa key encrypted files to a secure restricted
access and password protected file store using the rsync software (version 3.1.2). rsync was
chosen as the preferred tool for safe file transfer through recommendation from the HPC Soton
team due to the ability to download large data packages in steps, and for integrated Message-

Digest 5 Hashing (MD5#)%*" integrity checks.

Clinical annotations for the NCC and IMS datasets were retrieved from the associated
publication which also detailed additional clinical information for the TCGA SARC cohortina
format that easily allowed cross-study comparisons.’* Additional clinical information that
detailed the primary/recurrent status of the tumours and further treatment modality information
was received upon contacting the corresponding data provider at the NCC (Dr Hitoshi Ichikawa,

Department of Clinical Genomics, NCC).

Datasets identified within the GEO were retrieved using the GEO query R package (version
2.68.0). Datasets requested from the Samsung Medical Center (SMC) were downloaded using
World Wide Web get (Wget, version 1.14) over a File Transfer Protocol (FTP) connection.™*

Datasets downloaded for this project are listed in table 2.1.
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Table 2.1: Dataset manifest for downloaded gene expression data.

Dataset Accession Dataset source Associated publication

phs000178 NCITCGA The Cancer Genome

Atlas Research

Network®
JGAS000177 DDBJ Hirata et al.”
JGAS000182 DDBJ Hirata et al.”
GSE30929 GEO Gobble et al.*
GSE159659 GEO Zuco et al.?*
GSE221494 Institute Curie (GEO) Gruel et al.’®

NCI TCGA - National Cancer Institute The Cancer Genome Atlas, GEO — Gene Expression Omnibus. The
accession number provided for TCGA SARC is the dbGAP accession. The data from Gruel et al was

downloaded peer-to-peer after data was shared from publication others prior to it being hosted on GEO.

2.5 Data integrity

Data integrity was assessed using the MD5# algorithm to ensure all files were content
correct.®® In GeoQuery and TCGAbiolinks MD5# checks are done automatically and when using
Linux were performed manually for each directory using the md5sum command to generate the
checksums upon retrieval and the ‘-c’ option to specify for MD5# codes to be compared. If
discrepancies between the original and generated MD5# codes were found, then the original

data for the compromised file were redownloaded until no discrepancies were present.

2.6 Data storage

Public data was stored using the University of Southampton OneDrive. Private controlled
and large data packages were stored using a research store in accordance with data assurance
guidelines this research store is access restricted to only the relevant research students and

academic staff.
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2.7 FASTQ processing, read alignment and processing

FASTQ reads were downloaded using secure FTP interfaces utilising the wget and sftp
commands on Linux OS. FASTQ paired end reads from RNA-seq experiments were assessed
using the FASTQC package (version 0.11.9) on the Linux platform.®*** Where overrepresented
adapter content was detected, the fastp (0.22.0) programme (using only the adapter trimming
setting, all other parameters were set to off) was used to identify the adapters and remove
them.®% Pre and post QC alignments were then tested to ensure that QC improved alignment
quality by inspecting the percentage of uniquely mapped reads using FASTQC htmlreports to
view alignment log files that were produced by the STAR aligner.®* Alignment and counting of
FASTQ reads were performed using the STAR alignment package (version 2.7.10a) in Linux using
the GRCh38 reference genome assembly.**® BAM files were set to be sorted by coordinates and
the option ‘quantMode’ was set to ‘GeneCounts’ which specifies STAR to perform gene
quantification. The STAR package was chosen as it produces high-quality alignments without
major parameter tuning, is a splice-aware alignment tool, and is fast when using large RAM pool

allocations which were available via the HPC.?*’

2.8 Gene expression filtering and normalisation

For RNA-seq count data, lowly expressed genes which can generate false positives were
removed using the threshold of 10 or more reads in at least 70% of samples in the edgeR R
package (version 3.38.4).%%3% To correct for potential differences in total read depth between
samples, effective library sizes were calculated using the Trimmed Mean of M-component
(TMM) method.?° Scaling using TMM has been shown to have better performance for
normalisation than other methods (e.g., RPKM and FPKM).3*' Then counts per million (cpm) were
calculated for reads using the effective library sizes set by TMM. These normalised counts were

then used in subsequent downstream bioinformatic analysis.

For microarray expression datasets, the probe intensity values were examined for prior
background correction, which were found by inspecting the dataset annotations which are
included in the data package retrieved using the getGEO() function from the GEOquery (version
2.70.0) R package. The GSE159659 microarray data was acquired and inspected. The values
were verified to be log quantile normalised by assessing whether the 99" quantile is larger than
100 (values greater than 100 indicate the data has not been log transformed). This method of
normalisation is common practice in microarray data analysis.*’ The Limma R package (version
3.52.4) was chosen for microarray data pre-processing due to its inclusion of background
correction and normalisation methods.**? In microarray data, there can be numerous probes per

gene interactions. This redundancy helps ensure accurate and reliable measurement of gene
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expression but for downstream analysis it is often necessary to select a single probe per gene to
avoid redundant information and to simplify the data. In cases where there were multiple
interactions for probe-gene, duplicates were consolidated based on average signal intensity
between the probes where the original non-averaged probes were removed from further

analysis.

2.9 Random Seeds and reproducibility

For the entirety of this project, for stochastic functions requiring a random seed number,
this was set as 333 (or 123 where stated). This was required for network projection functions as

well as module preservation functions.

2.10 Data Manipulation

Data within R was manipulated (e.g., filtering, selecting, pulling, pivoting) using functions
from the dplyr (version 1.1.4) R package. To subset strings in R, the ‘stringii’ function from the
stringr (version 1.5.1) package was used. To modify strings, the ‘gsub’ function from base R
(version 4.3.1) was used, and string pattern recognition was performed using either the ‘regexpr’
and ‘grepl’ from base R and BiocGenerics R (version 0.48.1) packages.*** Data processed on
Unix pipelines was performed using the SED (GNU version 4.2.2) and AWK (GNU 4.0.2)

programmes.

2.11 General Data Visualisation

All (unless otherwise specified) generic plots were generated using the ggplot2 (version
3.5.7) R package. The ggplot theme was set as ‘theme_bw’ and the virdis, mako and turbo colour
palettes were used to ensure colour-blind friendly visualisations. To label plot features the
ggrepel (version 0.9.5) R package was used. Heatmaps were generated using the pretty
heatmaps — pheatmap R package®**, hierarchical clustering on rows or columns (further
specified in relevant chapter methodology sections) was performed using the default settings of
a complete linkage algorithm on the Euclidean distance transformed values. The complete
linkage prioritises smaller clusters that are compact and typically show better separation
compared to other linkage methods including single and average that chain smaller clusters
into larger clusters. Hence, the default setting of complete was not changed as finer cluster
detail in visualisations was deemed beneficial for the reason of larger clusters potentially

masking patterns of data that could be important and are overlooked.
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2.12 Network manipulation and visualisation.

Networks were projected using visNetwork (version 2.1.2) and ggraph R package (version
2.2.1). For smaller networks requiring lower compute time networks were visualised as a spring-
embedded projections with physics simulated using the barnesHut with the following settings:
CentralGravity = 0.5, gravitationalConstant =-10000, springLength = 100, and springConstant =
0.05) using visnetwork. Where graphs had moderate complexity the ‘VislgraphLayout’ function
was used, and physics disabled to speed-up projections. Where networks were complex (i.e.,
multiple node/edge types) and dense the ggraph package was favoured due to quicker resolving
times, and the ability to facet by edge and node properties. The tidygraph (version 1.3.1) and
igraph (version 2.0.3) R packages were used prior to visnetwork for filtering, calculation, or
selection of network properties to derive node and edge lists or modify their features.®*** Network
features were selected arbitrarily based on the time to resolve an interactive network, the
readability/interpretability of nodes and their labels and one that shows temporal stability when

interacted with for the purpose of saving visualisations as a static image.

2.13 General Statistical methods

To assess whether the data followed a normal distribution, the Shapiro-Wilk test was
applied using the R function ‘shapiro.test’ from the Stats (version 4.3.1) R package. Hypothesis
testing between groups for normally distributed data was performed using the unpaired
independent t test via the ‘t.test’ function. Non-normal data was tested using the Wilcoxon rank
sum test, this was conducted as opposed to normalising data as the Wilcoxon rank sum does
not assume normality and is robust to skewed distributions. Categorical data was tested using a
Fisher’s exact test. Data summary statistics were generated using the ‘summary’ function to
provide minimum, mean, median, maximum as well as lower (25™) and upper (75") quantiles.
Variance and standard deviation were calculated using the ‘var’ (or ‘sd’ where variance was not
required) function, median absolute deviation calculated using the ‘mad’ function. Where
required data summary metrics were generated using separate R stats functions ‘mean’,
‘median’, ‘quantile’ and if this was desired as a column or row-wise metric the functions were
fed to into R apply functions. Applied statistical methods for clinical data inspection are

described in detail in section 3.3.3-3.3.8.
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2.14 Weighted Gene Co-expression Network Analysis (WGCNA)

WGCNA is a method for analysing and interpreting GCNs constructed from quantitative
omics data, most commonly transcriptomic.?** The approach seeks to identify modules of
genes whose gene expression is correlated (co-expression) and sort them into modules of
similar genes.?®42%1:2% Guilt-by-association is adopter here as the approach assumes that genes

co-expressed with genes that have known functions may also be involved in those functions.

There are several benefits to using WGCNA,234251.252,254,256,348 Qg of these include the
generation of module eigengenes (ME) which are used to summarise the expression profiles of
gene modules and to assess the relationships between modules (e.g. the correlation or
adjacency between MEs).>*' They also act as an efficient way of integrating external omics data
with the primary example being associations with clinical variables such as survival which aids
in selecting modules that may be important to the disease. WGCNA can also perform a dynamic
hybrid cutting algorithm when defining branch cut height in the hierarchical clustering used to
partition the GCN into modules.?* This algorithm defines preliminary clusters based on
dendrogram branches that are distinct from surrounding clusters where the hub (the tip of the
branch) is densely connected, excluding genes that are too from a cluster. It then uses the
dissimilarity matrix to assign excluded genes to close clusters. The benefit of using a dynamic
algorithm is that the cut height of the branches does not have to be pre-defined as is found in

“static” branch pruning.

The first step in WGCNA is to calculate a pairwise gene correlation matrix, with values
ranging from -1 to 1, using available correlation coefficients, commonly Pearsons but can also
include other measures such as Spearman, Kendall, or the midweight bi-correlation, which are
more robust to outliers than the mean-based Pearson’s coefficient.?®° The correlation matrix is
then transformed into an adjacency matrix through soft-thresholding by raising the correlation

matrix to a power of B.

The next step in WGCNA is to construct a topological overlap measure (TOM), where
pairwise similarity between genes is weighted by the connectivity of shared neighbours.9-34
Finally, the TOM is converted into a dissimilarity measure (1-TOM) and modules of tightly co-
expressed genes are defined by performing unsupervised hierarchical clustering and

partitioning of the resulting dendrogram with a dynamic tree cutting algorithm, 196234347

The WGCNA R package was used for the gene co-expression network (GCN) analysis of
bulk RNA-sequencing data (TCGA SARC and NCC datasets). Further details are provided in the
relevant chapter methodologies (see section 4.3.2 & 4.3.6, section 5.3.3 and section 6.3.2) but

in brief filtered and normalised gene expression counts (TCGA SARC and NCC - see section 2.8)
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were used as input to WCGNA. Quality control was conducted using sample dendrograms,
principal component analysis, and sample network metrics. Gene adjacencies were calculated
using the ‘adjacency’ function, specifying a “signed” network and a power of 12 (the
justifications for choosing such options are explained in detail in section 4.4.1). To build a
weighted (see section 1.3.3) GCN the adjacency was used as input to the ‘TOMsimilarity’
function specifying a “signed” network, and a TOMdenom of “min”. The TOM dissimilarity (1 -
TOM) was clustered using a hierarchical clustering algorithm with “complete” linkage, and
modules were defined using a dynamic tree cutting algorithm with a sensitivity parameter
(‘DeepSplit’) of four (justifications for these options are provided in section 4.4.2). Module
eigengenes (ME) were then defined using the ‘ModuleEigengenes’ function and gene module
membership (KME) (see section 1.3.3) were calculated by finding the correlation between gene

expression values to the ‘expression’ values of the ME.

The TOM for the TCGA and NCC was calculated as previously described in section 5.3.1
and section 2.14. This methodology was justified by the results obtained in section 4.4.2 which
showed that these parameters better recapitulated modular strcutures corresponding to
biological patterns. In brief, the TOM was calculated using the ‘TOMsimilarity’ function using a
signed adjacency from gene expression data. To account for differences between the NCC and
TCGA data due to use of different mMRNA enrichment pre-processing, the NCC gene expression

matrix was filtered according to genes within the TCGA gene expression matrix.®*'*

2.15 Eigengene Network (EGN)

Eigengene networks (EGN), a network of MEs (see section 1.3.3) was defined as the
signed adjacency (0.5 * cor(l,j)?) of the ME expression matrix. Diagonal values for the adjacency
matrix were zeroed to prevent self-connections. A graph object for further analysis was then
created using the WGCNA function ‘ExportNetworkToVisAnt’ where the adjacency threshold (a
hard-edge threshold) was set as required (see section 5.3.3. and section 6.3.2 - in brief
thresholds were chosen to either cull or retain ME edges). EGN networks were then projected

using methodology as set out in section 2.12.

2.16 Single-cell RNA-sequencing data description and processing

10X Genomics Chromium Single-cell data was kindly provided by Sarah Watson of the
Institute Curie prior to publication of their findings which have since been published and data
now hosted by GEO (GSE221494).'* The data package provided included the raw RNA
readcounts, processed reads, and cell annotations using markers as described in the published

material. The data has since been hosted by GEO (GSE221494). Several annotations were
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made available, but two were used, the ‘annotation.global’ which provided a broad overview of
the cell types (lymphocytes, myeloid, tumour, endothelial, pericyte, normal adipose, and red
blood cell) and the “annotation.detail” which included finer annotations (CD4+ T lymphocytes,
NK CD56 bright cells, Exhausted CD8+ T lymphocytes, NKT cells, MDSC, CXCL8+ intermediate
monocytes, cDC2, pDC, non-classical monocytes, CD4+ Treg lymphocytes, Mast cells,
Pericytes, TAN, Tumor cells, NK CD56 dim cells, cDC1, classical monocytes, TAMS,
Plasmacytes (Plasma cells), Cycling cells, TAM1, B lymphocytes, Endothelial cells, Normal
adipocytes, Mesothelial cells). The raw data included 11 samples of primary untreated DDLPS

patients; the raw data included 28029 cells.

The Seurat R package (version = 5.1.0) was used to process the data.®* Single cell data
was first filtered using available metadata to filter for samples from DDLPS patients and to
remove red blood cells using the obtained annotations and metadata. A Seurat object was
created using the ‘CreateSeuratObject’ function, specifying a gene to be expressed in a
minimum of 3 cells, and a minimum of 200 expressed genes. For data normalisation, the data
was split by patient and the ‘SCTransform’ function using the variance-stabilising
transformation (sctransfomration) version 2 (V2) was used to retrieve the most variable genes.3*°
The sctransform V2 was considered over other Seurat implemented transformations due to its

favourable performance of other transformations in both the stabilising of variance and the

speed of the algorithm 349350

The features were then prepared for data integration by first using the
‘SelectintegrationFeatures’ function considering all the 3000 most variable genes across patient
data identified by sctransform V2. Next the data was prepared for patient integration using the
‘PrepSCTIintegration’ function to scale the 3000 genes. Anchors for integration were identified
using the ‘FindIntegrationAnchors’ to identify pairs of cells that are similar in expression
between patients for the aligning of data. For this step the normalisation method was set to the
“SCT” SCTransform normalisation method as used previously. The data was subsequently
integrated using the ‘IntegrateData’ function specifying the same SCTtransform normalisation

method.

For dimensionality reduction of the single-cell data principal component analysis (PCA)
was performed to identify principal components (PCs). These PCs were used as input for a
graph-based clustering technique adopted by Seurat where for each cell the nearest neighbour
using the ‘FindNeighbors’ function. This step identifies the similarity between two cells
performing edge weight correction by looking at the topological overlap (the Jaccard similarity).
Cells and their neighbours were then clustered uses the Louvain algorithm via the ‘FindClusters’

function to identify groups of cells similar in their gene expression (PCs). A resolution of
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between 0.4-1.2 is recommended by the authors of Seurat. Here a resolution of 0.8 to achieve a
higher number of clusters. Finally, Uniform Manifold Approximation and Projection (UMAP) was
used to reduce and visualise the data performed via the ‘RunUMAP’ function placing similar
cells together in low-dimensional space, chosen to preserve local and global features of the
data, as well as for fast computation time compared to other methods such a t-stochastic
neighbour embedding (tSNE).*" In addition, UMAP has shown the highest stability being able to
separate cell types effectively. The minimum distance was set to 0.8 and the spread was set to

1.6 for easier cluster visualisation (less compact). The first 30 dimensions was used.

To identify cell gene expression markers, the transformed data (SCT) was first prepared
using the ‘PrepSCTFindMarker’ function and subsequently markers were found using the
‘FindAlMarkers’ function. For this, only positive markers, those expressed in 50% of cells in each

cluster and had a logFC of 0.5 versus other clusters to be considered a cell marker.

2.17 Integrating WGCNA and single cell data

To integrate the single-cell and WGCNA results an overrepresentation test (using the
Fishers exact statistic) to identify overlap for cell cluster genes and WGCNA module genes
conducted using the GeneOverlap R package (version 1.38.0). Two functions from this package
were used. The first was ‘newGeneOverlap’ which constructs a 2x2 contingency table to test the
overlap of the two gene sets. Here these two gene sets were, 1. module genes and 2. the
inferred single cel markers. The second function ‘testGeneOverlap’ performs a hypergeometic
test (Fisher’s exact) to test whether the observed overlap is greater that what is expected by
chance alone. If the intersection between gene sets was found to be less than two genes the
significance was manually zeroed. This was to prevent significant results with sparse overlap. A
-log10(p-value) of 1.3 was considered significant. Results from this analysis was visualised

using the pheatmap R package (version 1.01.2).

2.18 Figure creation

Figures were created primarily using BioRender.com as credited in the appropriate figure
legends. In addition, the Microsoft Office Suite was used to create a small proportion of figures.
Any figure adapted or using data/information presented in published materials are given the

correct citations in accordance with academic integrity.

72



Chapter 3

Chapter 3 Dataset screening and clinicopathological

metrics

3.1 Introduction

Unsupervised/semi-supervised gene networks, particularly gene co-expression networks
(GCN -see chapter 1.2.3) modelled from gene expression data, have seen increased attention
in the literature for offering novel insights into cancer, including DDLPS.238:246,249,268,291,352,353 Th o
successful analysis of GCNs requires several considerations on input data for reliable, robust
and biologically meaningful inferences.?****® Sample number is likely the most crucial
consideration for gene networks where generally it is recommended to have a cohort size of 30
or more samples.?®%3%43% For weighted gene co-expression network analysis, the authors
recommend a minimum sample size of 15, although higher sample numbers are preferential for
robust and reliable results.?*%53%%” Reduced sample numbers decreases the stability of
correlation values used and can result in less reliable distributions of gene connectivity and can
therefore pose challenges for identifying biologically meaningful modules and hub genes.?34%"
%9 OQver the last decade, there has been several initiatives that have increased the availability of
DDLPS omics data, particularly transcriptomic.*14332.333 This makes the application of WGCNA

more feasible in the DDLPS space providing the datasets contain an appropriate number of

samples.

Integrating sample or gene-level information in WGCNA is an important step for inferring
biological/disease functions of gene co-expression modules and screening modules that may
play a crucial role in disease biology.?*®* One common strategy is to integrate clinical-trait data
with modules,?342%8:239,241,243,246,281,286 Mo dules that either correlate with or are significantly
associated with specific clinical traits can be selected. Therefore, the availability of sample
phenotypic data is another important consideration when searching for data, especially those
with annotations for clinicopathological variables that are known to be important to DDLPS.
Metastatic and/or advanced disease are the primary clinicopathological factors discussed in
current clinical management guidelines in the context of DDLPS.?*#" Studies have identified
several clinical variables as significant predictors of survival in DDLPS using multivariate Cox
proportional hazard models.?*'%7:3¢0381 These variables include patient age, patient sex, primary
tumour site, tumour grade, stage, whether surgery was performed, metastatic disease, and the
residual tumour left at resection margins. Integrating clinicopathological variables with WGCNA

modules has yet to be performed at a comprehensive level in DDLPS.
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WGCNA is discussed in-depth in chapter 1.3.3 and has been selected for use in
identifying disease-related modules and their hub genes for several reasons. Briefly, these
include: The ability to derive disease-related gene sets based on gene expression data.>** The
use of module-eigengenes as a data-reduced summary of module-to-module and module-to-
trait relationships.?®' The in-built tool for validating module co-expression patterns across data

summarises network preservation statistics into a single and easily interpretable value.?*

This chapter aims to first identify suitable datasets, following the data considerations
discussed, for use in a WGCNA-based methodology to identify drug targets. Then, to identify any

clinical features that can be used for integration with downstream WGCNA analysis.
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3.2 Chapter aims and objectives:

Hypothesis: A sufficiently large discovery and validation dataset, enriched with comprehensive
clinical information, will be well-suited for identifying novel drug targets using a Weighted Gene

Co-expression Network Analysis (WGCNA) approach.
Chapter Aims and Objectives:

Aim 1: Identify and select an appropriate dataset for WGCNA and downstream validation

of module co-expression patterns:

Objective 1.1: Evaluate available DDLPS datasets considering sample size and sample

information.

Objective 1.2: Determine the most suitable datasets for downstream WGCNA analysis and

module preservation.
Aim 2: Describe clinical characteristics of selected datasets.
Objective 2.1: Provide a comprehensive overview of the clinical data available in each dataset.

Objective 2.2: Highlight relevant patient demographics, tumour characteristics, treatment

history and other clinical variables.
Aim 3: Identify clinical features for downstream module-based target exploration.
Objective 3.1: Identify clinical variables that significantly predict patient survival outcomes.

Objective 3.2: Highlight features that may inform downstream module screening for target

exploration.
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3.3 Methods

3.3.1 Identification of datasets

In addition to the TCGA SARC dataset, further gene expression datasets were identified by
interrogating data repositories including, The Gene Expression Omnibus (GEO), Array Express
(AE) and NCBI as well as the literature. The following combinations of search terms were
“DDLPS”, “dedifferentiated liposarcoma”, “liposarcoma”, with “gene expression”,

»

“transcriptomics”, “microarray”, or “RNA-seq”.

RNA-seq datasets were prioritised over microarray. Firstly, to be concordant with TCGA
SARC. Secondly, for the various technological advantages of RNA-seq versus microarray. RNA-
seq provides whole-transcriptomics quantification of gene expression, has higher sensitivity
allowing the capturing of low-abundance transcripts, can detect novel transcripts and
alternative splicing events, has reduced platform-specific biases, and greater flexibility in data

analysis compared with microarrays.3%2%3

Upon identifying datasets, they were further inspected and summarised according to their
relative sample size, disease subtypes (for datasets encompassing multiple subtypes),
availability of normal adipose controls, and any peer-reviewed publications associated with the
data. Data were examined for the inclusion of clinicopathological annotations and additional
matched metadata. Clinical annotations, particularly those related to outcome measures, were
of particular interest for the purpose of highlighting gene co-expression module-trait

associations that maybe pertinent to disease biology.

Subsequently, for the purpose of selecting datasets for use in WGCNA, datasets were
screened to ensure an adequate sample size of DDLPS samples. Following recommendations
from WGCNA authors, a minimum sample size of 20 was considered sufficient for downstream
analysis. This sample size threshold was selected, over the minimum of 15, to ensure
inferences made were reliable and robust. Fewer than 15 samples would produce too much
noise, while larger sample sizes have been associated with networks exhibiting higher

associations between connectivity and function.®*

Datasets containing matched normal and/or other liposarcoma (or soft-tissue sarcoma)
subtypes are essential for comparative gene expression studies. The results from differential
gene expression analyses using these data will serve the downstream purpose of identifying
gene co-expression modules that contain gene sets that are significantly enriched for biological
functions upregulated in dedifferentiated liposarcoma (DDLPS) compared to either WDLPS or

normal adipose tissue. Notably, datasets containing normal adipose tissue are particularly
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interesting. The upregulation in the transcription of a gene in disease versus normal tissue may

represent potential therapeutic windows for clinical interventions.

Where possible data was derived from treatment naive primary tissue that had not been
subject to chemo-or-radio therapy before and after sample collection. For a project aiming to
identify novel targets that are generalisable it is beneficial that these samples represent DDLPS
biology, without any treatment induced alterations to transcriptional regulatory programmes.
Recurrent disease samples were included in the analysis providing they had no pre-operative or
post-operative CRT (by personal communication with the authors) and they were not identified
as outliers based on their gene expression profile. It is not uncommon for DDLPS to be labelled
as “primary” on first occurrence of a DDLPS tumour even when it is not the first occurrence of a

liposarcoma.

If tissue was identified to be Secondary DDLPS by aetiological definition, these were
accepted provided they pass subsequent QC testing, and the patient had not been subjected to
post-operative C/RT. In instances where the tumour status was unknown, the data provider was
contacted for more information. As an example of this process, the data obtained from DNA
Databank Japan (DDBJ), which includes gene expression and whole exome sequencing (WES)
data, had incomplete clinical information.' This data was derived from two separate
institutions, the National Cancer Centre (NCC) - Japan (JGAS000182), and the Institute of
Molecular Sciences (IMS) - Japan (JGAS000177). Both institutions were contacted and the NCC
were able to clarify the tumour and treatment status of all samples. However, IMS have not yet
been able to provide information on the systemic treatment status of the patients (pre-or-post
operative chemotherapy) and the status of the tumour (Primary/Recurrent) after personal

correspondence.

3.3.2 Data acquisition and integrity assurance

Data from the TCGA SARC was acquired using the TCGA biolinks R package (version
2.28.4) and the ‘GDCquery’, ‘GDCdownload’ and ‘GDCprepare’ functions.*?® Gene expression
data from Gene Expression Omnibus (GEO: https://www.ncbi.nlm.nih.gov/geo/) was acquired
using the GEOquery (version 2.64.2) using the ‘getGEQ’ function.??° These data packages
included both gene expression data as well as available metadata pertinent to this chapter.
Metadata (including clinical data) for the DNA Databank of Japan (DDBJ) National Cancer Center
Japan (NCC) was acquired from a corresponding author from the associated publication directly
(and through request via the NBDC for further information), and from supplementary files

publicly available through the published article.” Data integrity was ensured using the MD5#
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algorithm which is integrated into the ‘GDCdownload’ and ‘GDCprepare’. Further general

details on data acquisition and integrity are detailed in section 2.3-2.5.

3.3.3 Descriptive statistics and data completeness

Descriptive statistics for the patient, tumour and treatment characteristics were
summarised using base R functions and Microsoft Excel where available. For quantitative
variables the lower quartiles, mean, and standard deviation were calculated and tabulated. The
finalfit R package (version 1.0.7) was used to produce a summary table stratified by vital status
of the patients to assess variable split between dead or alive/censored at last point of follow-up.
The proportion of missing observations was calculated for each available and any variable
showing 220% missingness was removed from downstream analysis to preserve statistical
power in survival models. Stratified summary tables were also used to assess case separation,
which details how variables and their categories are distributed among the conditions between
assessed. Where variables are perfectly separated between conditions, survival analysis is
challenging as the coefficients will be inflated towards infinite values, which would translate to
illogically high hazard ratios, and thus incorrect inference. Variables showing near or complete

case separation were removed before univariate and multivariate analysis.

3.3.4 Survival analysis: Univariate and Multivariate Cox Proportional Hazards

Survival analysis was conducted using the following R packages: finalfit (version 1.0.7),
survminer (version 0.4.9) and survival (version 3.5-7). The time to event was taken directly from
available clinical annotations given in days to event (death, recurrence, progression, or disease-
specific mortality). Time as a unit of years to event was calculated by dividing time in days by
365.25. If the event was not already binary encoded, “1 “was taken as the event occurring,
whereas “0” was taken as the censor. Where required for Cox proportional hazards testing
(section 3.3.5) and for plotting survival curves the ‘Surv’ function was passed to the ‘coxph’

function from the survival package.

3.3.5 Survival analysis: Variable Selection Strategy

To select variables for survival model construction, several criteria were used for each
outcome measure available. Variables that passed missingness and case separation tests (see
section 3.3.3) were considered for univariate testing. Mitotic rate and necrosis score were not
included in multivariate models as they are used to calculate FNCLCC grade. To then identify
which variables to include for the best fitted model to available data, a conditional backwards

elimination approach was used. A significance cut-off of p<0.20 for elimination was chosen as
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the stopping criterion, where variable elimination was questioned under the basis of clinical
reasoning; Variables known to be important or typically included in LPS survival models were
deprioritized for elimination. This was set to ensure that clinically important/interesting
variables were not excluded from the model unless variables invalidate the model.%® As the
sample size of the cohorts is low (max = 50), co-linearity assessments were conducted at each
step of the backwards elimination. To assess for co-linearity, variance inflation factor (VIF) was
calculated, and if VIF >5 was found then correlation tests appropriate to the variable format
were conducted. If variables were found to be co-linear, then the variables were either merged,
if feasible, or the highest quality variable was selected based on data completeness, case
separation, or continuous format. An additional stopping criterion was to reach the number of

desired variables to achieve an event-to-variable ratio of ~10:1.3%°

3.3.6 Survival analysis: Variable Caterogisation

Variables were analysed in a continuous format, where possible, to preserve patterns
within the data.®*®%’ Categorization of continuous was not performed to avoid misleading or
inappropriate interpretations from survival analysis.*®® In addition and for the exception of
variables used in the grading of sarcoma tumours, ratified points at which measured

clinicopathological variable can be categorized are not available in DDLPS disease.

3.3.7 Survival analysis: Model diagnostics and assumptions testing

In the first instance, to assess the assumptions of proportional hazards the Schoenfeld
residuals were calculated and plotted against time (Appendix A.2). A chi squared test on the
residuals was then performed between the observed and expected hazards using the ‘coxzph’
function from the survival R package.®*® Any variable found to be significant suggests non-
proportional hazards and were then further assessed for parallelism of log-log survival curve
plots as log-log survival curves should be approximately parallel and should not touch.?”°
Variable categories where there was a single entry were set as NA and if this resulted in no
possible contrast the variable was removed to protect against model overfitting. The variables
retained for further analysis were used as an input to a univariate cox proportional hazards

model.

Variables that were shown to breach the proportional hazards assumptions were not used
as input into the multivariate model. Variable co-linearity was assessed using the variance
inflation factor (VIF) in R studio with the rms package (version 6.7-1) using the ‘vif’ function.?”"-%73
Any variable with a VIF > 5 (strong co-linearity) was further assessed for correlation using

Pearson correlation, Pearson chi-squared test and Kruskal-Wallis tests. Any variable found to
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show further evidence of co-linearity were not used as input into the multivariate Cox

proportional hazards model, where the most complete or informative variable was kept.

3.3.8 Survival analysis: Survival plots

To generate Kaplan-Meier plots and log-log plots the ‘ggsurvplot’ function from the survminer R
package was used, with the fit from the survival package as input. To generate log-log plots
using the ggsurvplot function the ‘fun’ option was specified as “cloglog”. For the assessment of
the Schoenfeld residuals the ggcoxzph function was used. To generate more appropriate scaling
on the plot y-axis the ggcoxzph function was modified to remove the factor (d *) when scaling
the y-axis to prevent incorrect scales which may lead to incorrect interpretation of the standard

deviation of residuals from the O line. This is detailed in the R scripts provided.

3.4 Results

3.4.1 Identification and selection of datasets

In total seven datasets were found to contain data from dedifferentiated liposarcoma (DDLPS)
patient samples for use in this project (Table 3. 7). Datasets containing dedifferentiated
liposarcoma patient samples are predominantly from studies on multiple soft-tissue and bone
sarcoma histological subtypes (Figure 3.1). There are 554 samples across these seven datasets
of which any liposarcoma and adipose normal tissue were selected for further screening,
including 184 [33.2%] DDLPS samples, 72 [13.0%] WDLPS, 36 [6.5%] MLPS, 20 [3.6%] PLPS, 15
[2.7%] adipose tissue, 11 [2.0%] MLPS/RC, and other sarcoma [39.0%]. The majority of DDLPS
(114 [61.9%]) gene expression data were generated using bulk RNA-seq which is beneficial for
this study given the multiple advantages of RNA-sequencing technology over array-based
technologies including the detection of RNA species and whole-transcriptome
guantification.®”*3”% Due to these benefits, RNA-seq experiments (TCGA SARC, NCC, IMS and
SMC datasets) were prioritised for the construction and validation of the gene co-expression

network.
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Datasets identified
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Figure 3.1. Sample counts for each sarcoma disease type by Cohort (dataset). GSE; GEO series
data. TCGA; The Cancer Genome Atlas. IMS: Institute of Molecular Sciences. SMC: Samsung
Medical Center. DDLPS: Dedifferentiated liposarcoma, WDLPS: Well-differentiated
liposarcoma, MLPS: Myxoid liposarcoma, MLPC/RC: Round cell MLPS, PLPS: Pleomorphic
liposarcoma, UPS: Undifferentiated pleomorphic sarcoma, LMS: Leiomyosarcoma, MFS:

Myxofibrosarcoma, SS: Synovial sarcoma, FS: Fibrosarcoma.

Datasets were then screened for sample number meeting the recommended sample size
of 20 as set out by the authors of WGCNA. The higher the number of samples used to construct
a GCN results in more stable correlation values, a higher reproducibility of the network, and
ability to capture biological annotations across gene-gene edges.*”®*’ TCGA SARC (DDLPS, n =
50) and NCC (DDLPS, n = 32) were chosen for downstream analysis based on passing these

criteria.

To increase the effective sample size, a horizontal integration strategy was considered,
merging the available TCGA SARC and NCC data to gain a single dataset of 82 samples.
However, TCGA SARC and NCC datasets use different RNA enrichment strategies for RNA-seq
library preparation (table 4). TCGA SARC uses polyadenylated RNA selection (polyA+ selection),
and NCC uses rRNA depletion (riboZero).®*""* Whilst possible®’8, it is not recommended to
integrate RNA-seq data from these separate library types due to discrepancies in transcript
abundance and the fraction of the transcriptome sequenced.'*%%%? For this reason, and in
favour of a validation strategy, the data were kept separate. TCGA SARC was selected for
WGCNA due to larger sample size, more detailed clinical annotations, and that polyA+ selection

retrieves a higher exonic coverage and shows higher accuracy in gene quantification.?”®
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Table 3.1: Summary of DDLPS gene expression datasets discovered.

Source Dataset ID DDLPS (n) WDLPS (n) Adipose* Technolog Tissue/treatment status Platform/library preparation Passed screening
(n) y

GEO GSE30929 40 52 0 Array Primary and treatment-naive GPL96 No

GEO GSE159659 15 15 15 Array Primary (Matched samples taken from GPL23159 No

the same patient)

GEO GSE6481 15 0 0 Array Unknown GPL96 No
TCGA SARC 50 0 0 RNA-seq, Primary and treatment naive Illumina, PolyA+ selection Yes
IMS JGAS000177 19 7 0 RNA-seq Primary and recurrent samples. Illumina, PolyA+ selection No

Treatment status unknown

NCC JGAS000182 32 0 0 RNA-seq Primary and Recurrent. No systemic Illumina, rRNA depletion Yes
therapy. (riboZero)

SMC SMC 13 15 0 RNA-Seq Primary and recurrent. No systemic Illumina, PolyA+ selection No
therapy.

*Adipose is the normal tissue for comparison with DDLPS and WDLPS tumour samples. GEO: Gene Expression Omnibus. TCGA: The Cancer Genome Atlas. IMS: Institute of Molecular
Sciences. NCC: National Cancer Center Japan. SMC: Samsung Medical Center. DDLPS: Dedifferentiated liposarcoma. WDLPS: Well-differentiated liposarcoma. “Passed screening”

indicated which datasets were chosen for downstream analysis and which were excluded as they did not pass the screening criteria.
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3.4.2 Patient, tumour, and outcome characteristics

Patient, tumour, and treatment characteristics were summarised for the TCGA SARC

(DDLPS subset) and NCC cohorts (Table 3.2).

3.4.2.1 Patient characteristics

The TCGA SARC was the only dataset to report patient age at diagnosis as a continuous
variable, while the NCC summarised these into age categories at decade intervals. The age of
the patients in the TCGA SARC (Figure 3.2A) was found to have a range of 51.8 years, with the
youngest patient in this dataset being 34.9 years and the oldest being 86.8 years at diagnosis.
The mean and median values for age in the TCGA SARC dataset were 63.5 and 62.0 respectively
with the most frequent age category in both the TCGA SARC and NCC datasets being 60-69
years (Figure 3.2B).

The gender split was found to be 2.57:1 (male: female), with 59 male and 23 female
patients (Figure 3.2C). For the TCGA SARC most patients, 49 were from white ethnic
backgrounds where one had a Hispanic background, and 1 was unclassified (Table 3.2). The

NCC data records all patients (n = 32) as being from Japanese patients (Table 3.2).

The majority of DDLPS tumours were in the retroperitoneum or abdomen (68 [83%]), with
the remaining tumours locating to the extremity, shoulder, or girdle (11 [13%]) and the chest
wall or back (4 [4%]) (Figure 3.2D). The age of the patients indicates that the majority of DDLPS
samples within the TCGA SARC and NCC are from older demographics, whose sex was
primarily male, with tumours occurring most commonly in the retroperitoneal or abdominal

anatomical locations.
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Figure 3.2. A: Quantitative patient age from the TCGA cohort. Black dotted vertical lines
represent the lower(left) and upper (right) quartiles, cyan indicates the mean and turquoise
indicates the median. B: Categorized patient age across TCGA and NCC cohorts. C: Patient
gender split by cohort. D: Tumour anatomical location according to cohort.
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3.4.2.2 Tumour characteristics

Most tumours showed microscopic tumour involvement (R1) after excision (43 [57%],
followed by negative (R0O) tumour involvement (30[39%]), and macroscopic tumour involvement
(R2) being the least frequent (3 [4%]) (Figure 3.3A). Residual margins were either unclassified or
not reported in 7 cases (labelled as RX) that were excluded from survival analysis. Tumour
grading was available for the TCGA SARC dataset only, the majority of which were found to be
grade 2 (37[74%)]) followed by grade 3 (12 [24%]) and grade 1 (1 [2%]) (Figure 3.3B). Most TCGA
SARC DDLPS tumours (49 [98%]) are high-grade (grade 2/3) as is typical for DDLPS.

The grading of sarcoma involves evaluating three tumour properties: the mitotic index,
the percentage of necrosis, and the status of differentiation. These evaluations are used to
assign a grade ranging from 1 to 3, with 3 being the highest grade.®” The mitotic index is a
measure of cellular proliferation as a percentage of cells in a microscopic survey across
successive high power-fields (HPF). In sarcoma, the mitotic index is usually counted as the
amount of mitosis across 10 HPFs although this is not specified in TCGA SARC metadata. In the
TCGA SARC the mean mitotic index, was 7.16 (sd = 8.09), with a median of 5, and quartiles of 2
(lower) and 7 (upper) (Figure 3.3C). The mitotic index is used to derive a score: score 1 for 0-9
mitosis; score 2 for 10-19 mitosis; and score 3 for >19 mitosis. In the TCGA SARC 38 [76%]
tumours have a mitotic rate score of 1, 7 [14%] have a score of 2, and the remaining 5 [10%]

have a score of 3 (Figure 3.3D).

The percentage of necrosis is reported as an estimate of the percentage of the tumour
that is necrotic. Tumours with no necrosis observed are assigned a necrosis score of 0, those
with <50% are assigned a score of 1, and >50% a score of 2. In the TCGA SARC most tumours
scored 1 (n =28, [56%)]), followed by a score of 0 (n =21, [42%]) and by a score of 2 (n =1, [2%])
(Figure 3.3E). The level of differentiation in the tumour was not available in the TCGA SARC
metadata. Considering the sarcoma grading system these results indicate that DDLPS tumours
in the TCGA SARC dataset are typically high-grade but generally have a low-proliferative index.
This would suggest that the decision of assigning grades was driven by necrosis scoring and the
status of differentiation. For a DDLPS tumour, where dedifferentiation is expected for diagnosis,

this is not a surprising result.
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Figure 3.3: A: The reported involvement of tumour at resection margins in the TCGA SARC and
NCC datasets. RO; Negative margins, R1; Microscopic tumour involvement, R2; Macroscopic
tumour involvement. B: The reported FNCLCC (Sarcoma) grade of tumours in the TCGA SARC. C:
The mitotic index (percentage of cells undergoing mitosis), and D; The miotic score of tumours
within the TCGA SARC. E: The Necrosis score of tumours within the TCGA SARC cohort.
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3.4.2.3 Treatment outcomes and survival

Surgical resection was conducted in 80 out of the 82 patients [98%] over both the TCGA
SARC and the NCC (Figure 3.4A). Only two patients had not undergone surgical resection,
suggesting that the tumour sample may have been obtained via a biopsy and that resection of
the tumour was not appropriate (Table 3.2). Adjuvant radiotherapy was given to 8/81 [10%)]
patients (Figure 3.4B) indicating the possibility of locally advanced disease within those

patients according to the treatment guidelines available for soft-tissue sarcoma.

Across both the TCGA SARC and NCC datasets four distinct survival outcomes were
assessed (Figure 3.4C, Table 3.2). Disease-specific survival (DSS) and progression-free
survival (PFS) were available for both datasets. Additionally, the TCGA SARC has data on overall
survival (OS) and recurrence-free survival (RFS). The availability of PFS and DSS in both
datasets enables validation of prognostic variables between datasets. In the TCGA SARC
dataset, RFS was the most frequent outcome with 34 events (Table 3.2; Figure 3.4C).
Conversely, in the NCC dataset, PFS had the highest frequency, with 22 events. Overall, PFS

had the most frequent number of events across both datasets, with 51 events in 82 patients.

The estimated 5-year DSS was found to be 51% in the TCGA SARC which was slightly
lower than 76% in the NCC. The 5-year PFS was found to be 31% in the TCGA SARC and 28% in
the NCC rising to 29% within both datasets. Across both datasets the 5-year DSS was 63% and
the 5-year PFS was 29%. The 5-year OS was 43%, decreasing to 23% for RFS in the TCGA SARC
data. For the TCGA SARC both baseline survival probabilities using OS and RFS are within
expectations for DDLPS.'822%1.381 Thg rglationship between patient/tumour characteristics and

survival are investigated in subsequent sections.
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Figure 3.4: Treatment and outcomes. A: The number of patients that received adjuvant
radiotherapy. B: Events per outcome measure by cohort.
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Table 3.2: Patient, Tumour and Outcome characteristics.

Dataset |

Variable TCGA (n=50) NCC (n=32) Total
Age n=50 - -

lg | mean (sd) | ug 34.89|63.54(12.76) | 75.68 - -
Age (by range) n=50 n=32 n=82
30-39 2[4] 1[3] 3[4]
40-49 48] 5[16] 9[11]
50-59 10[20] 10[31] 20[24]
60-69 19[38] 7[22] 26 [32]
70-79 9[18] 8[25] 17 [21]
80-89 6[12] 1[3] 7 [8]
Gender n=50 n=32 n=382
Male 33[66] 26 [81] 59[72]
Female 17 [34] 6[19] 23[28]
Ethnicity/Race/Demographic n=49 n=32 n=81
White 48[98] - 48 [59]
Hispanic 11[2] - 11[2]
Asian (Japanese) - 32[100] 32[39]
Location n=50 n=32 n=82
Chest wall or back 2[4] 11[3] 3[4]
Extremity, shoulder or girdle 5[10] 6[19] 11[13]
Retroperitoneum or abdomen 43 [86] 25[78] 68 [83]

Tumour characteristics

Resection margin n=49 n=27 n=76
RO 22[45] 8[30] 30[39]
R1 24 [49] 19[70] 43[57]
R2 3[6] - 3[4]
FNCLCC Grade n=50 - -

1 1[2] - -

2 37[74] - -

3 12 [24] - -
Tumour size (cm) n=49 - -

lg | mean (sd) | ug 13.0119.2(9.2)| 25.0 - -
Mitotic rate n=50 - -

lg | mean (sd) | uq 217.16(8.09) |7 - -
Mitotic scoring [%] n=50 - -

1 38[76] - -

2 71[14] - -

3 5[10] - -
Necrosis score [%] n=50 - -

0 (no necrosis) 21[42] - -

1 (Necrosis present <50%) 28 [56] - -

2 (Necrosis present >50%) 11[2] - -

Treatment and Outcomes

Distant recurrence [%] n=49 - -
Yes 9[18] - -
No 40 [82] - -
Surgical resection [%] n=50 n=32 n=82
Yes 50[100] 30[94] 80[98]
No 0[0] 2[6] 2[2]
Adjuvant RT [%] n=50 n=31 n=81
Yes 5[10] 3[10] 8[10]
No 45 [90] 28[90] 73[90]
(O] n=50 - -
Events 23 [46] - -
RFS n=50 - -
Events 34[68] - -
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Variable TCGA (n=50) NCC (n=32) Total
DSS n=47 n=32 n=79
Events 17 [36] 8[28] 25[32]
PFS n=50 n=32 82
Events 29[ 58] 22[69] 51[62]
1-year survival % (95% Cl range)

(O8] 84 (74-95 - -

RFS 64(51-79) - -
DSS 85(75-96) 100 (100-100) 91 (85-98)
PFS 61(49-76) 84 (73-98) 70 (61-81)
3-year survival % (95% Cl range)

(O] 59 (46-77) - -

RFS 43(31-61) - -
DSS 63(48-81) 94 (85-100) 77 (67-88)
PFS 43(31-61) 33 (20-55) 38(28-51)
5-year survival % (95% Cl range)

(O] 43 (28-65) - -

RFS 23(12-43) - -
DSS 51(35-75) 76 (61-95) 63 (51-77)
PFS 31(18-52) 28 (15-51) 29 (19-43)
10-year survival % (95% Cl range)

(O] 28 (13-59) - -

RFS NR - -
DSS 44(27-72) NE 58 (45-75)
PFS NR NE NE

TCGA SARC: The Cancer Genome Atlas Sarcoma project. NCC: National Cancer Center Japan. Percentages
for category levels were calculated columnwise and are reported as “[%]”. For continuous variables the lower
quartile (lg), mean, standard deviation (sd), and upper quartile (uq) were calculated and reported as “lq | mean
(sd) | ug”. Survival metrics are abbreviated as follows: OS: Overall survival, RFS: Recurrence-free survival,
PFS: Progression-free survival, DSS: Disease-specific survival. NE: No further events observed for this
timepoint. NR: No patients at risk for this timepoint.
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3.4.3 Survival and clinical covariate analysis

3.4.3.1 TCGA SARC (DDLPS subset)

A total of fourteen clinical covariates and four measures of genomic complexity (taken
from TCGA SARC metadata) were considered for survival analysis. Of these 18 variables, 17
variables passed quality control for missingness (<20%) with the site of distant recurrence
being removed (Table 3.3). Variables were then tested for case separation for each survival
outcomes before survival analysis (see subsequent sections). Missingness of 12% (6 of the 50
available) was identified in variables describing genomic complexity features which were
tumour ploidy, mutation load, chromosome instability number (CIN) and genome doublings.
The variable for new tumour event was found to be co-linear with local (chi squared = 20.33, p =
<0.007) and distant recurrence (chi squared = 6.58, p = 0.01) variables and was removed. This

left a total of 16 variables to be considered for univariate and multivariate analysis.

Table 3.3: TCGA SARC data missingness.

Variable Total records Percentage missingness Missing QC result
Tumour weight (g) 50 0% Pass
Age (years) 50 0% Pass
Previous malignancy | 50 0% Pass
Sex 50 0% Pass
Tumour size (cm) 49 2% Pass
Residual tumour 49 2% Pass
New tumour event 50 0% Pass
Local recurrence 50 0% Pass
Distant recurrence 50 0% Pass
Site of distant 7 (of 9 maximum 30% Fail
recurrence entries)

Mitotic rate 50 0% Pass
Necrosis score 50 0% Pass
Multifocal disease 50 0% Pass
FNCLCC Grade 49 2% Pass
Tumour ploidy 44 12% Pass
Genome doublings 44 12% Pass
CIN 44 12% Pass
Mutation load 44 12% Pass

Data missingness was calculated as the percentage of missing records out of the maximum possible. Failing a
variable was based on a missingness of 220%.
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3.4.3.1.1 Overall Survival

Variables passing quality control for missingness were tested for case separation for
overall survival (Table 3.4) and no variable was removed. Variables were then tested for their
association with OS. To note on the difference in p-values between figures and text, the p-
values reported in text are from the cox Proportional Hazards test, whereas the figures (e.g.,
Figure 3.5A) reports the log rank test statistic p-value. Univariate Cox analysis identified
significant associations with the following variables: Distant recurrence (metastasis vs no
metastasis, HR =3.15(1.28-7.76), p=0.012 ; Figure 3.5A), mitotic rate (HR=1.06 (1.02-1.10),
p=0.003), FNCLCC grade (grade 2 vs grade 3, HR = 3.24 (1.35-7.75), p = 0.008; Figure 3.5B), age
(inyears) at diagnosis (HR = 1.04 (1.00-1.08), p = 0.035), and genome doublings (HR =2.87
(1.09-7.57), p =0.033; Figure 3.5C). Trend to significance was observed with residual tumour
(HR=2.24 (0.87-5.75), p = 0.093) and tumour ploidy score (HR = 1.50 (0.93-2.43), p =0.099)
(Table 3.5).

Table 3.4: Summary of clinical variables within TCGA SARC stratified by vital status.

Variable Category Summary (sd)[%]
OS censor OS event Total

Tumour weight (g) Mean (sd) 544.4 (339.1) 412.6 (353.7) 483.8 (348.7)
Age (years) Mean (sd) 60.1(12.9) 67.6 (11.6) 63.5(12.8)
Previous malignancy No 23[85.2] 20[87.0] 43[86.0]

Yes 4[14.8] 3[13.0] 71[14.0]
Sex Male 20[74.1] 13[56.5] 33[66.0]

Female 7[25.9] 10[43.5] 17 [34.0]
Tumour size (cm) Mean (sd) 19.6 (8.3) 18.7 (10.3) 19.2(9.2)
Residual tumour RO 16[59.3] 6[27.3] 22[44.9]

R1/R2 11[40.7] 16[72.7] 27 [55.1]
Local recurrence No 17 [62.9] 10[43.5] 27 [54.0]

Yes 10[37.1] 13[56.5] 23[46.0]
Distant recurrence Distant Metastasis 1[3.7] 8[34.8] 9[18.0]

New Primary Tumour 1[3.7] 1[2.0]

No 25[92.6] 15[65.2] 40 [80.0]
Mitotic rate Mean (sd) 4.8 (5.9) 9.9 (9.5) 7.2(8.1)
Necrosis score 0 12[44.4] 9[39.1] 21[42.0]

1or2 15[55.6] 14[60.9] 29[58.0]
Multifocal disease No 17 [65.4] 13[59.1] 30[62.5]

Yes 9[34.6] 9[40.9] 18[37.5]
FNCLCC Grade 1 1[3.7] 1[2.0]

2 22[81.5] 15[65.2] 37[74.0]

3 4[14.8] 8[34.8] 12[24.0]
Tumour ploidy Mean (sd) 2.7 (1.0) 2.7 (1.0) 2.7 (1.0)
Genome doublings 0 15[65.2] 10[47.6] 25[56.8]

1or2 8[34.8] 11[52.4] 19[43.2]
CIN Mean (sd) 420.6 (294.1)  465.4(210.9) 441.2(257.6)
Mutation load Mean (sd) 62.1(24.2) 65.2 (25.9) 63.5(24.8)

Percentages were calculated columnwise and are reported as ‘[%]’. sd: standard deviation is reported as ‘(sd)’.
CIN: Chromosome instability number.
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Table 3.5: Univariate Cox survival analysis on overall survival outcome measure.

Variable Categories Number (sd) [%] HR Univariate (Cl, p value)
Tumour Weight Mean (sd) 483.8 (348.7) 1.00 (1.00-1.00, p=0.343)
Prior malignancy No 43[86.0] -

Yes 7[14.0] 0.87 (0.26-2.93, p=0.817)
Sex Male 33[66.0] -

Female 17 [34.0] 1.68 (0.73-3.83, p=0.221)
Tumour size Mean (sd) 19.2(9.2) 1.00 (0.95-1.06, p=0.869)
Residual tumour RO 22 (44.9) -

R1/R2 24 (49.0) 2.24 (0.87-5.75, p = 0.093)
Distant recurrence No 41[82.0] -

Yes 9[18.0] 3.15(1.28-7.76, p=0.011)
Mitotic rate Mean (sd) 7.2 (8.1) 1.06 (1.02-1.10, p=0.003)
Necrosis score 0 21[42.0] -

1 29[58.0] 1.35(0.58-3.13, p=0.483)
Multifocal disease No 30[62.5] -

Yes 18 [37.5] 1.73(0.72-4.17, p=0.223)
FNCLCC grade 2 37 [75.5] -

3 12 [24.5] 3.24 (1.35-7.75, p=0.008)
CIN Mean (sd) 441.2 (257.6) 1.00 (1.00-1.00, p=0.228)
Mutation load Mean (sd) 63.5 (24.8) 1.01 (0.99-1.03, p=0.248)
Age (years) Mean (sd) 63.5(12.8) 1.04 (1.00-1.08, p=0.035)
Genome doublings 0 25[56.8] -

1/2 19[43.2] 2.87 (1.09-7.57, p=0.033)
Localrecurrence No 27 [54.0] -

Yes 23[46.0] 1.26 (0.55-2.88, p=0.585)
Tumour ploidy Mean (sd) 2.7 (1.0) 1.50 (0.93-2.43, p=0.099)

Bold text indicates significance. Cl — Lower and upper 95% confidence intervals. HR — Hazards ratio. P
values are from Wald test statistics for each variable. Percentages are indicated in [%] and standard
deviations are indicated in (sd). Percentages are calculated column-wise per variable. CIN -
Chromosome instability number. RT — Radiotherapy.
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Multivariate analysis revealed FNCLCC grade (HR=6.13 (2.06-18.23, p=0.0017) and
residual tumour (HR =4.31 (1.44-12.92, p=0.009) to be significant predictors of overall survival
(Table 3.6). Both variables predicted increased risk of patient death in higher graded tumours
and incomplete resection cases. This model showed low correlation between variables and
passed Schoenfeld residuals chi-squared test. The model concordance was found to be 0.726
and the likelihood ratio (LR) test on the global model showed significance (LR=12.497, p =

0.002) on two degrees of freedom.

Table 3.6: Multivariate Cox PH results for OS in the TCGA SARC dataset.

Variables Categories Number [%] Multivariate Scl'foenfeld VIF
Cox residuals test
FNCLCC 0.463,p = -
Grade Grade 2 37 [75.5] - 0.104
6.13 (2.06- 1.35
18.23,
Grade 3 12[24.5] p=0.001)
Residual RO 22 [44.9] i 2.65,p=0.496 1.35
tumour
4.31 (1.44- -
R1/R2 27 [55.1] 12.92,
p=0.009)

The number of patients included in the model was 48 with 22 events and 2 missing values. Concordance
=0.726 (standard error = 0.053), R? = 0.229, Likelihood ratio of test = 12.497 (degrees of freedom =2, p
=0.002). Bold text indicates a significant Wald test statistic (p <0.05). An event to variable ratio =11:1.
Multivariate Cox results are presented as follows — HR (lower Cl - upper Cl, p-value). HR - Hazards ratio.
Cl-Lower and upper 95% confidence intervals. P values are from Wald test statistics for each variable.
Percentages are indicated in [%] and are calculated columnwise per variable. Schoenfeld residuals
testis reported as the Pearson Chi-square and the p-value. VIF — Variance inflation factor test for co-
linearity.
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3.4.3.1.2 Recurrence-free survival

For recurrence-free survival (RFS) co-variates describing recurrence events (local
recurrence and distant recurrence) were removed as disease recurrence (recorded as relapse)
is now the dependent variable. No variables were removed based on case separation between
recurrence and non-recurrence (censor) (Table 3.7). A total of 14 variables were tested for
association with RFS. Univariate analysis (Table 3.8) found that genome doublings were
significant (0 vs 1 or 2 doublings, HR =2.15 (1.00-4.58), p=0.049; Figure 3.6). Trend to
significance was observed with residual tumour (RO vs R1/R2, HR = 3.59 (0.68-8.82), p = 0.095)
and tumour ploidy (HR =1.40 (0.98-2.01), p = 0.068).

Table 3.7: Summary of variables within TCGA SARC stratified by recurrence.

Variable Category Summary (sd)[%]
Censor Recurrence Total

Tumour weight (g) Mean (SD) 568.1(377.6) 444.1(332.6) 483.8(348.7)
Age (years) Mean (SD) 58.7 (11.8) 65.8 (12.7) 63.5(12.8)
Previous malignancy no 14 [87.5] 29 (85.3) 43 (86.0)

Yes 2[12.5] 5(14.7) 7 (14.0)
Sex Male 10[62.5] 23 (67.6) 33 (66.0)

Female 6[37.5] 11 (32.4) 17 (34.0)
Tumour size (cm) Mean (SD) 19.2(8.4) 19.2(9.6) 19.2(9.2)
Residual tumour RO 12[75.0] 10 (30.3) 22 (44.9)

R1/R2 4[25.0] 23[69.7] 27 [55.1]
Mitotic rate Mean (SD) 5.4 (7.2) 8.0 (8.5) 7.2 (8.1)
Necrosis score 0 7 [43.8] 14 [41.2] 21[42.0]

1 8[50.0] 20[58.8] 28[56.0]

2 1[6.2] 1(2.0)
Multifocal disease No 10[66.7] 20[60.6] 30[62.5]

Yes 5[33.3] 13[39.4] 18 [37.5]
FNCLCC grade 1 1[6.25] 1[2.0]

2 12[75.0] 25[73.5] 37[74.0]

3 3[19.75] 9[26.5] 12[24.0]
Tumour ploidy Mean (SD) 2.4(0.8) 2.8(1.1) 2.7 (1.0)
Genome doublings 0 10[76.9] 15[48.4] 25[56.8]

Tor2 3[23.1] 16 [51.6] 19[43.2]
CIN Mean (SD) 387.9(232.0) 466.3(268.4) 441.2 (257.6)
Mutation load Mean (SD) 61.4 (18.9) 64.5 (27.3) 63.5 (24.8)

Percentages were calculated columnwise and are reported as ‘[%]’. sd: standard deviation is
reported as ‘(sd)’. CIN: Chromosome instability number.
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Table 3.8: Univariate Cox proportional hazards results

Variables Categories Number (sd) [%] Univariate Cox PH
Tumour weight Mean (SD) 483.8 (348.7) 1.00 (1.00-1.00, p=0.317)
Previous malignancy | No 43 [86.0] -

yes 7[14.0] 0.79 (0.30-2.06, p=0.626)
Sex 1 (Male) 33[66.0] -

2 (Female) 17 [34.0] 0.84 (0.41-1.73, p=0.636)
Tumour size Mean (SD) 19.2(9.2) 1.01(0.97-1.05, p=0.640)
Residual tumour RO (negative) 22 [44.9] -

R1/R2 27 [55.1] 1.75(0.90-3.98, p=0.095)
Mitotic rate Mean (SD) 7.2 (8.1) 1.02 (0.99-1.06, p=0.211)
Necrosis score 0 21[42.0] -

1or2 29[58.0] 1.18 (0.59-2.33, p=0.644)
Multifocal disease No 30[62.5] -

Yes 18 [37.5] 1.50 (0.74-3.06, p=0.259)
FNCLCC grade Grade 2 37 [75.5] -

Grade 3 12[24.5] 1.55(0.71-3.35, p=0.269)
CIN Mean (SD) 441.2 (257.6) 1.00 (1.00-1.00, p=0.343)
Mutation load Mean (SD) 63.5 (24.8) 1.00 (0.99-1.02, p=0.601)
Age (years) Mean (SD) 63.5(12.8) 1.01 (0.99-1.04, p=0.305)
Genome doublings 0 251[56.8] -

1/2 19[43.2] 2.15(1.00-4.58, p = 0.049)
Tumour ploidy Mean (SD) 2.7 (1.0) 1.40 (0.98-2.01, p=0.068)

43 cases included in model with 30 events. Concordance = 0.637. NA = Not included in multivariate
model. Bold text indicates significance in univariate and multivariate testing. Cl - Lower and upper 95%
confidence intervals. HR - Hazards ratio. P values are from Wald test statistics for each variable.
Percentages are indicated in [%] and standard deviations are indicated in (sd). Percentages are
calculated column-wise per variable. A total of 43 patients were included in the model and 7 were
removed for missingness. Cl - Lower and upper 95% confidence intervals. HR — Hazards ratio. P value
are from Wald test statistics for each variable.
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Genome doublings = 0+ 1 or 2
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Figure 3.6: RFS Kaplan-Meier plot for genome doublings. P value is from the logrank test. Fits are
coloured according to variable factors. Dotted coloured lines represent the lower and upper 95%
confidence intervals for respective plots. Grey dotted lines indicate the median survival times.
Points plotted on survival curves represent patient censoring.
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Multivariate analysis both residual tumour (HR =2.48 (1.09-5.62) p=0.030) and FNCLCC
grade (HR =2.94 (1.07-8.06) p=0.036) were significant for RFS (Table 3.9). Patient sex trended
towards significance (0.55 (0.23-1.30), p = 0.771). Results indicate that higher graded tumours
along with incomplete resection of tumours significantly increased risk of disease recurrence

(including death).

Table 3.9: Multivariate Cox PH results for RFS in the TCGA SARC dataset.

Variables Categories [": /:‘]mber Multivariate Cox PH Schoenfeldtest  VIF
Residual 0.010, -
tumour RO 22[44.9] - 5= 0.92

R1/R2 27(s5]  248(1.09-5.62,p=0.030) 1.20
FNCLCC 0.041, -
Grade Grade2  37[755] - oo

Grades  12zas  2:94(1.07-8.06,p=0.036) 1.55

0.172, ]

Sex Male 33[66.0] - 0= 0.65

Female \7[34.0]  055(0.231.30,p=0171) 1.33

The number of patients included in the model was 48 with 33 events and 2 missing values. Concordance
=0.613 (standard error = 0.059), R2=0.139, Likelihood ratio of test = 7.165 (degrees of freedom =3, p =
0.067). Bold text indicates a significant Wald test statistic (p < 0.05). An event to variable ratio = 11:1.
Multivariate Cox results are presented as follows — HR (lower Cl - upper Cl, p-value). HR - Hazards ratio.
Cl-Lower and upper 95% confidence intervals. P values are from Wald test statistics for each variable.
Percentages are indicated in [%] and are calculated columnwise per variable. Schoenfeld residuals
testis reported as the Pearson Chi-square and p-value. VIF — Variance inflation factor test for co-
linearity.
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3.4.3.1.3 Disease-specific survival

No variable was removed due to case separation (Table 3.70). In total 15 variables were
tested for their association to disease specific survival (DSS). Univariate analysis revealed a
single variable, chromosome instability number (CIN, HR = 1.00 (0.99-1.00), p=0.041) as
significant (Table 3.11). A strong trend to significance was observed for multifocal disease (HR

= 2.49 (0.92-6.73), p=0.071).

Table 3.10: Summary of variables within TCGA SARC stratified by DSS event.

Variables Category Summary (sd) [%]
DSS censor DSS event Total

Initial weight Mean (SD) 493.7 (330.8) 459.4 (373.4) 481.3 (343.1)
Previous malignancy no 26 [86.7] 14[82.4] 40[85.1]

yes 4[13.3] 3[17.6] 7[14.9]
Sex 1 22[73.3] 10[58.8] 32[68.1]

2 8[26.7] 7[41.2] 15[31.9]
Age (years) Mean (SD) 66.1[11.1] 62.0 (14.2) 64.6 (12.3)
Tumour size (cm) Mean (SD) 18.3(8.5) 20.5(10.7) 19.1(9.3)
Residual tumour RO 13[44.8] 8[47.1] 21 [45.7]

R1/R2 16 [55.2] 9[52.9] 25[47.8]
Local recurrence No 17 [56.7] 8[47.1] 25[53.2]

Yes 13[43.3] 9[52.9] 22[46.8]
Distant recurrence No 21[72.4] 16 [94.1] 37[80.4]

Distant 8[27.6] 1[5.9] 9[19.6]

Metastasis
Mitotic rate Mean (SD) 7.5(7.3) 7.3(10.0) 7.4 (8.3)
Necrosis score 0 11[36.7] 9[52.9] 20[42.6]

1 19[73.3] 8[47.1] 27 [57.4]
Multifocal disease No 22[75.9] 7[43.8] 29 [64.4]

Yes 7[24.1] 9[56.2] 16 [35.6]
FNCLCC grade 2 21[72.4] 13[76.5] 34[73.9]

3 8[27.6] 4[23.5] 12[26.1]
Ploidy Mean (SD) 2.6 (0.7) 2.9(1.3) 2.7 (1.0)
Genome doublings 0 15[55.6] 10[62.5] 25[58.1]

Tor2 12 [44.4] 6[37.5] 18 [41.9]
CIN Mean (SD) 508.4 (294.1) 343.2 (151.8) 448.6 (262.6)
Mutation load Mean (SD) 63.2(23.3) 65.4 (25.5) 64.0(23.8)

Percentages were calculated columnwise and are reported as ‘[%]’. sd: standard deviation is reported
as ‘(sd)’. CIN: Chromosome instability number.
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Table 3.11: Univariate Cox PH results for DSS in the TCGA SARC dataset.

Variable Categories Number (sd) [%] HR : Univariate (ClI, p vlue)
Tumour weight | Mean (SD) 483.8 (348.7) 1.00 (1.00-1.00, p=0.771)
Previous no 43 [86.0] -
malignancy

yes 7[14.0] 1.40 (0.40-4.95, p=0.601)
Sex Male 33[66.0] -

Female 17 [34.0] 1.06 (0.40-2.79, p=0.912)
Tumour size Mean (SD) 19.2(9.2) 1.02(0.97-1.08, p=0.452)
Residual RO 22[44.9] -
tumour

R1/R2 27 [49.0] 0.94 (0.35-2.49, p=0.898)
Distant No 40[81.6] -
Recurrence

Distant 9[18.4] 0.23 (0.03-1.74, p=0.155)

Metastasis
Mitotic rate Mean (SD) 7.2(8.1) 0.99 (0.92-1.05, p=0.687)
Necrosis Score | 0 21[42.0] -

Tor2 29[58.0] 0.54 (0.21-1.40, p=0.205)
Multifocal No 30[62.5] -
disease

Yes 18 [37.5] 2.49 (0.92-6.73, p=0.071)
FNCLCC grade | 2 37[75.5] -

3 12 [24.5] 0.70 (0.23-2.16, p=0.533)
CIN Mean (SD) 441.2 (257.6) 1.00 (0.99-1.00, p=0.041)
Mutation load Mean (SD) 63.5 (24.8) 1.00 (0.98-1.02, p=0.807)
(burden)
Age (years) Mean (SD) 63.5(12.8) 0.98 (0.95-1.03, p=0.458)
Genome 0 25[56.8] -
doublings

1/2 19[43.2] 0.77 (0.28-2.13, p=0.611)
Local No 27 [54.0] -
recurrence

Yes 23[46.0] 1.49 (0.57-3.88, p=0.414)
Tumour ploidy Mean (SD) 2.7 (1.0) 1.27 (0.79-2.06, p=0.322)

Bold text indicates significance at multivariate level. Cl — Lower and upper 95% confidence
intervals. HR-Hazards ratio. CIN - Chromosome instability number. P values are from Wald
test statistics for each variable. Percentages are indicated in [%] and standard deviations are
indicated in (sd). Percentages are calculated column-wise per variable

For DSS, variables included in the OS/RFS multivariate model (residual tumour and

FNCLCC grade) were used to identify concordance between death and disease-specific death

(Table 3.12). Both residual tumour (HR = 0.87 (0.32-2.35), p=0.787) and FNCLCC grade (HR = 0.80

(0.26-2.52), p=0.706) were not significant. Re-evaluating variables for DSS revealed that

multifocal disease was found to be significant (HR = 3.04 (1.10-8.38) p=0.032) when

considering patient age. Tumours that were multifocal predicted an increased risk of disease

specific death.



Chapter 3

Table 3.12: Multivariate Cox PH results for DSS in the TCGA SARC dataset.

Variables Categories Number [%] Multivariate Schoenfeld VIF
g Mean (sd) Cox residuals test
os
concordance
FNCLCC 9 37 [75.5] ) 0.123,p=0.73 -
grade
0.80 (0.26- 1.03
3 12[24.5] 2.52, p=0.706)
Residual RO 22 [44.9] i 1.997,p=0.16 -
tumour
1.03
0.87 (0.32-
R1/R2 27 [55.1]
2.35, p=0.787)
DSS model
I\/!ultlfocal No 30[62.5] ) 0.668,p=0.41 -
disease
3.04 (1.10- 1.05
Yes 18 [37.5] 8.38, p=0.032)
0.97 (0.93- 0.008,p=0.93 1.05
Age (years) Mean (sd) 63.5(12.8) 1.01, p=0.119)

The number of patients included in the DSS model was 45 with 16 events and 5 missing values.
Concordance = 0.672 (standard error = 0.074), R?2 = 0.118, Likelihood ratio of test = 5.674 (degrees of
freedom = 2, p = 0.059). Bold text indicates a significant Wald test statistic (p < 0.05). An event to
variable ratio = 8:1. Multivariate Cox results are presented as follows — HR (lower Cl - upper ClI, p-value).
HR - Hazards ratio. Cl — Lower and upper 95% confidence intervals. P values are from Wald test
statistics for each variable. Percentages are indicated in [%] and are calculated columnwise per
variable. Schoenfeld residuals testis reported as the Pearson Chi-square and p-value. VIF — Variance

inflation factor test for co-linearity.

3.4.3.1.4

Progression-free survival

Distant and local recurrence variables were removed from analysis of progression-free

survival (PFS) as progression event (including recurrence) is the dependency. Previous

malignancy was removed based on near complete case separation between conditions (Table

3.13). Fourteen variables were tested for univariate association to PFS (Table 3.14). No variable

was found to be significant for PFS. Trend to significant was found in CIN (HR = 1.00 (1.00-1.00),

p =0.062) and FNCLCC grade 1.97 (0.91-4.28), p = 0.085). Hence, univariate analysis for PFS

was non-informative.

Table 3.13: Summary of variables within TCGA SARC stratified by progression event.

Variable

Summary (sd)[%]
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| PFS Censor PFS event Total

Initial weight Mean (SD) 433.3 (297.5) 520.3 (382.4) 483.8
(8) (348.7)
Previous no 20[95.2] 23[79.3] 43 [86.0]
malignancy

yes 1[4.8] 6[20.7] 7[14.0]
Sex 1 16 [76.2] 17 [58.6] 33[66.0]

2 5[23.8] 12[41.4] 17 [34.0]
Age (years) Mean (SD) 62.9 (11.4) 64.0 (13.8) 63.5(12.8)
Tumour size Mean (SD) 19.9 (6.3) 18.7 (10.9) 19.2(9.2)
(cm)
Residual RO 9[42.9] 13[46.4] 22[44.9]
tumour

R1/R2 12[57.1] 15 [53.6] 27 [55.1]
Mitotic rate Mean (SD) 5.5 (6.6) 8.4 (8.9) 7.2 (8.1)
Necrosis score| 0 9[42.9] 12 [41.4] 21[42.0]

Tor2 12[57.1] 17 [58.6] 29[58.0]
Multifocal No 15[71.4] 15 [55.6] 30[62.5]
disease

Yes 6[28.6] 12[44.4] 18 [37.5]
FNCLCC grade| 2 19[90.5] 18 [64.3] 37 [75.5]

3 2[9.5] 10 [35.7] 12 [24.5]
Tumour ploidy | Mean (SD) 2.8(0.8) 2.7(1.1) 2.7 (1.0)
Genome 0 8[47.1] 17 [63.0] 25[56.8]
doublings

Tor2 9[52.9] 10 [37.0] 19[43.2]
CIN Mean (SD) 531.3(327.0) 376.0(171.1) 441.2

(257.6)

Mutation load | Mean (SD) 60.8 (28.1) 65.5 (22.4) 63.5 (24.8)

Percentages were calculated columnwise and are reported as ‘[%]’. sd: standard deviation is
reported as ‘(sd)’. CN: Copy number. CIN: Chromosome instability number.

Table 3.14: Univariate Cox PH results for progression free survival.

Variable Categories Number (sd) HR Univariate (Cl), p
[%] value)
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Tumour weight Mean (sd) 483.8 (348.7) 1.00 (1.00-1.00, p=0.432)
Sex Male 33[66.0] -

Female 17 [34.0] 1.26 (0.60-2.65, p=0.541)
Tumour size Mean (sd) 19.2 (9.2) 1.00 (0.96-1.05, p=0.876)
Residual tumour RO 22 [44.9] -

R1/R2 27 [55.1] 0.85(0.41-1.80, p=0.679)
Mitotic rate Mean (sd) 7.2(8.1) 1.03(0.99-1.07, p=0.199)
Necrosis Score 0 21[42.0] -

1or2 29[58.0] 1.00 (0.48-2.11, p=0.990)
Multifocal disease No 30[62.5] -

Yes 18 [37.5] 1.63(0.76-3.48, p=0.210)
FNCLCC grade 2 37[75.5] -

3 12[24.5] 1.97 (0.91-4.28, p=0.085)
CIN Mean (sd) 441.2 (257.6) 1.00 (1.00-1.00, p=0.062)
Mutation load Mean (sd) 63.5 (24.8) 1.01 (0.99-1.02, p=0.503)
Age (years) Mean (sd) 63.5(12.8) 1.01 (0.98-1.04, p=0.498)
Genome doublings 0 25[56.8] -

1or2 19[43.2] 0.75 (0.34-1.66, p=0.477)
Tumour ploidy Mean (sd) 2.7 (1.0) 0.95 (0.61-1.49, p=0.831)

Cl - Lower and upper 95% confidence intervals. HR — Hazards ratio. P values are from Wald test
statistics for each variable. CIN - Chromosome instability number. Percentages are indicated in [%] and
standard deviations are indicated in (sd). Percentages are calculated column-wise per variable.

Multivariate analysis using FNCLCC grade and residual tumours identified as being

significant from the OS and RFS models were non-significant (Table 3.15). Reevaluating
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variables also revealed no significant variable. A trend towards significance was observed in

FNCLCC grade (HR =1.89 (0.84-4.28, p=0.126) in the re-evaluated model.

Table 3.15: Multivariate Cox PH results for PFS in the TCGA SARC dataset.

Variables Categories Number [%] Multivariate Schoenfeld VIF
g Mean (sd) Cox residuals test
OS/RFS
concordance
FNCLCC 9 37 [75.5] ) 0.10,p=0.75 -
grade
1.89(0.84- 1.03
3 12[24.5] 4.28, p=0.126)
Residual RO 22 [44.9] i 1.36,p=0.24 -
tumour
1.03
0.94 (0.43-
R1/R2 27 [55.1]
2.04, p=0.882)
PFS model
FNCLCC - -
grade Grade 2 3717551 - 0.06, p=0.80
1.89(0.84- 1.01
Grade 3 12[24.5] 4.28, p=0.126)
I\/!ultlfocal No 30 [62.50] ) 0.57,p=0.45 -
disease
1.60 (0.74- - 1.01
Yes 18 [37.5] 3.47, p=0.236)

The number of patients included in the PFS model was 47 with 26 events and 3 missing values.
Concordance = 0.607 (standard error = 0.056), R? = 0.083, Likelihood ratio of test = 4.088 (degrees of
freedom = 2, p = 0.130). Bold text indicates a significant Wald test statistic (p < 0.05). An event to
variable ratio = 13:1. Multivariate Cox results are presented as follows — HR (lower Cl —upper Cl, p-value).
HR - Hazards ratio. Cl — Lower and upper 95% confidence intervals. P values are from Wald test
statistics for each variable. Percentages are indicated in [%] and are calculated columnwise per
variable. Schoenfeld residuals testis reported as the Pearson Chi-square and p-value. VIF — Variance
inflation factor test for co-linearity.

3.4.3.1.5 Summary of TCGA SARC survival analysis

Across all outcomes six variables were found to be significant in univariate analysis and

three in multivariate testing (Table 3.76). In multivariate analysis, FNCLCC grade and residual
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tumour were significant for both OS and RFS, although this significance could not be found in
DSS or PFS. For univariate analysis, the direction of hazard ratio for variables is concordant
across OS, RFS and PFS with similar trends in significance values. For example, FNCLCC grade
predicts an increased risk of events across OS, RFS and PFS, and although not significant in
PFS, there is a strong trend towards significance, showing some degree of concordance. This
concordance is not observed for DSS. A similar trend is also observed at the multivariate level,
although there is agreement in PFS and DSS models that multifocal disease increases risk of
event, although this does not significantly predict PFS. Age was included in the RFS modelin
addition to FNCLCC grade and residual tumour as three variables were accepted due to there
being 33 RFS events. This meant that an event to variable ratio of 10:1 could be retained for

three variables (see chapter 3.3.5).

Table 3.16: Summary of Cox proportional hazards testing across patient outcomes.

Univariate Cox proportional hazards

Outcome measures (HR, p value)

Variable os RFS DSS PFS
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Distant recurrence 3.15,p=0.012 - 0.23,p=0.155 -

Mitotic rate 1.06, p=0.003 1.02,p=0.211 0.99, p =0.687 1.03,p=0.7199
FNCLCC grade 3.24,p =0.008 1.55,p =0.269 0.70,p =0.533 1.97,p=0.085
Age 1.04,p=0.035 1.01, p=0.305 0.98, p =0.458 1.01, p=0.498
Genome doublings 2.87,p=0.033 2.15, p =0.049 0.77,p=0.611 0.75,p=0.477
CIN 1.00,p=0.228 1.00, p=0.343 1.00, p =0.041 1.00, p =0.062
Multivariate Cox proportional hazards

FNCLCC grade 6.13, p=0.001 2.94, p=0.036 - 1.89, p=0.126
Residual tumour 4.31, p=0.009 2.48, p=0.030 - -

Multifocal disease - - 3.04, p=0.032 1.60, p=0.236

HR - Hazards ratio. P values are from Wald test statistics for each variable. OS: Overall survival. RFS:
Recurrence-free survival. PFS: Progression-free survival. DSS: Disease-specific survival. CIN:
Chromosome instability number.

Inspecting the concordance index, the event-to-variable ratio, the model likelihood ratio
(LR) and the LR p-value indicates that the OS model is the most robust, followed by the RFS
model (Table 3.17). However, the RFS model did not reach significance in the global likelihood

ratio statistic (7.165, p = 0.067) although was near to significance.

107



Chapter 3

Table 3.17: Summary of Cox proportional hazards multivariate models by outcome metric.

Model |Variables(n) Significant Events(n) EVratio Concordance Likelihood Likelihood
variables (n) value ratio ratio p-

statistic value

(0N} 2 2 22 11:1 0.726 12.497 0.002
RFS 3 2 33 11:1 0.613 7.165 0.067
DSS 2 1 16 8:1 0.672 5.674 0.059
PFS 2 0 26 13;1 0.607 4.088 0.730

0S: Overall survival. RFS: Recurrence-free survival. PFS: Progression-free survival. DSS: Disease-
specific survival. CIN: Chromosome instability number. EV ratio- event-to-variable ratio. The

likelihood ratio statistic is the global statistic on the model.

108



Chapter 3

3.4.3.2 NCC Survival Analysis

Variables for the NCC were assessed for missingness (Table 3.18) and case separation
between both progression and disease-specific death (Table 3.79). No data was found to have
failed missingness checks. However, due to case separation for disease specific death, only
age range and sex could be considered for survival analysis in NCC. Moreover, due to the
number of events in NCC for DSS being only 8 meant that including two variables would give an
event to variable ratio of 5, which is deemed not satisfactory here, hence, DSS could not be
investigated. Due to case separation in PFS, primary tumour site could not be evaluated in
univariate or multivariate analysis (Table 3.19). Due to low number of samples between
categories of the adjuvant RT variable, the variable was not considered for selection in

multivariate analysis but was tested in univariate analysis.

Table 3.18: Data missingness in the NCC dataset.

Variable Nun:lber of Pe.rctentage QC result
entries missing
Age range 32 0% Pass
Sex 32 0% Pass
Primary tumour site 31 3% Pass
Surgery 32 0% Pass
Residual tumour 27 15% Pass
Adjuvant radiotherapy 31 3% Pass
Recurrent or primary tumour 32 0% Pass
Percentage missingness was calculated as the number of missing entries as a percentage of
the number of maximum possible entries.

Univariate analysis revealed that residual tumour (HR =5.66 (1.27-25.16), p=0.023) was
significant and age (70-89) trended towards significance (HR = 0.26 (0.06-1.06), p=0.060) (Table
3.20). Residual tumour (HR =7.33 (1.60-33.52), p=0.010) remained significant at the
multivariate level (Table 3.20). Residual tumour significance is concordant with the significance

found for OS and RFS in TCGA SARC.
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Table 3.19: Case separation between conditions (progression and disease-specific death) for

NCC data.
DSS PFS
Variable levels censor DSS event censor PFS event
Ag range 30-49 4[16.7] 2[25.0] 4[40.0] 13[59.1]
50-69 12[50.0] 5[62.5] 6[60.0] 3[13.6]
70-89 8[33.3] 1[12.5] - 6[27.3]
Sex Male 19[79.2] 7 (87.5) 9[90.0] 17 [77.3]
Female 5[20.8] 1(12.5) 1[10.0] 5[22.7]
Residual
tumour RO 8[36.4] - 6[60.0] 2[11.8]
R1 14 [63.6] 5[100.0] 4[40.0] 15[88.2]
Adjuvant RT No 24[100.0] 4[57.1] 10[100.0] 18[85.7]
Yes - 3[42.9] - 3[14.3]
Primary Extremity, shoulder, or
tumour site girdle 6[26.1] 0[0.0] 6[60.0] 0[0.0]
Retroperitoneum or
abdomen 17 [73.9] 8[100.0] 4[40.0] 21[100.0]
Surgery Yes 24[100.0] 6[75.0] 10[100.0] 20[90.9]
No - 2[25.0] - 2[9.1]
Percentages were calculated columnwise and are reported as ‘[%]’. sd: standard deviation is
reported as ‘(sd)’. RT —radiotherapy.
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Table 3.20: Univariate and multivariate Cox PH results for PFS in the NCC dataset.

Variable Category Univariate Multivariate Schoenfeld residuals VIF
Residual tumour RO - - - -
R1 5.66 (1.27-25.16, p=0.023) 7.33(1.60-33.52, p=0.010) 0.004, p =0.95 1.02
Age 30-49 - - - -
50-69 0.79 (0.30-2.10, p=0.632)  0.71(0.23-2.18, p=0.545) - 1.35
70-89 0.26 (0.06-1.06, p=0.060)  0.20 (0.05-0.86, p=0.030)  2.040, p =0.36 1.35
Sex Male - - - -
Female 1.74 (0.63-4.80, p=0.287) - - -
Adjuvant RT No - - - -
Yes 1.47 (0.43-5.02, p=0.538) - - -

Th number of patients included in the model was 27 with 17 events and 5 missing values. Concordance = 0.722 (standard error = 0.064), R = 0.400, Likelihood ratio of test =
13.772 (degrees of freedom = 3, p =0.003). Bold text indicates a significant Wald test statistic (p <0.05). An event to variable ratio = 8.5:1. Multivariate Cox results are presented
as follows — HR (lower CI — upper CI, p-value). HR — Hazards ratio. Cl — Lower and upper 95% confidence intervals. P values are from Wald test statistics for each variable.
Percentages are indicated in [%] and are calculated columnwise per variable. Schoenfeld residuals testis reported as the Pearson Chi-square and p-value for multivariate
analysis. VIF — Variance inflation factor test for co-linearity.
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3.4.3.2.1 NCC data: Recurrent tumours

In the NCC, eight of the thirty-two samples were from recurrent tumours. This data was
only available for the NCC data and not the TCGA SARC. A univariate and multivariate Cox
proportional hazards model was constructed to identify the effect size of recurrent tumours on
the PFS outcome. At the univariate level recurrent tumours showed increased risk of PFS event
(HR=2.498 (1.041-5.994), p = 0.04) but did not in multivariate analysis (Table 3.21). There were
no significant differences between recurrent and primary tumours when corrected for

multivariate analysis.

Table 3.21: Univariate and multivariate results for DSS with recurrent tumours

Variable Al p— PESHR. C.p).....
Univariate Multivariate

Residual RO ) )
tumour

R1 5.66 (1.27-25.16, p=0.023) 4.72 (1.01-22.15, p=0.049)
Primary or .
Recurrent Primary ) )

Recurrent i 2.50(1.04-5.99, p=0.040) 1.66 (0.61-4.55, p=0.324)

For PFS the number of patients included in the multivariate model was 27 with 17 PFS events and 5
missing values. Concordance = 0.656 (standard error = 0.062), R? = 0.272, Likelihood ratio of test =
8.563 (degrees of freedom = 4, p = 0.074). The event-to-variable ratio was 8.5. Bold text indicates a
significant wald test statistic (p <0.05). Cl — Lower and upper 95% confidence intervals. HR - Hazards
ratio. P values are from Wald test statistics for each variable.
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3.4.3.3 Comparing TCGA SARC and NCC datasets

3.4.3.3.1 Comparing PFS models

Concordant variables were taken from both the NCC and TCGA SARC DDLPS subset and
used to generate separate PFS models (Table 3.22).54""* PFS was chosen for reasons outlined in
Chapter 3.4.3.2 (Table 3.19) despite PFS model failing to retrieve significance in TCGA SARC,
DSS was not suitable for comparing between models due to complete case separation
observed in the residual tumour variable. As compared to the NCC PFS model, no variable in
the TCGA SARC data reached significance (reflecting results in chapter 3.4.3.1.4; Table 3.22),
although a concordant trend can be observed for both variables used. R1/R2 margins increases
risk, although this factor is higher and significant in NCC data (HR =7.33 (1.60-33.52), p =
0.010). However, a trend to significance is observed within the TCGA SARC data for patients
with higher tumour cell content post-surgery (HR =1.92 (0.86-4.29), p = 0.713). The difference in
HRs is likely to be explained by the lower number of events available for the NCC data and may
be an indication of data overfitting with proportionally larger confidence intervals as compared

to the TCGA SARC data.

Table 3.22: Comparison of PFS models in NCC and TCGA SARC using concordant variables.

NCC PFS model TCGA SARC concordant PFS

model
Label Number HR (multivariate) Number HR
Categories (multivariate)
Residual | g, 8(29.6) - 22 (44.9) ;
tumour
1.92 (0.86-
R1/R2 19(70.4) 7;303(()11 '06)0_33'52’ 27 (55.1) 4.29,
= p=0.113)
Age (range) | 30-49 6(18.8) - 6(12.0) -
1.14 (0.33-
50-69 17 (53.1) O'=701 E()Z.;)SQJ 8, 29 (58.0) 4.00,
p=y. p=0.835)
0.95 (0.26-
70-89 9(28.1) 0;200(()2'00)5_0'86’ 15(30.0) 3.53,
p=v. p=0.938)

Bold text indicates a significant Wald test statistic (p < 0.05). Multivariate Cox results are presented
as follows — HR (lower Cl — upper ClI, p-value). HR - Hazards ratio. Cl — Lower and upper 95%
confidence intervals. P values are from Wald test statistics for each variable. Percentages are
indicated in [%] and are calculated columnwise per variable. NCC PFS model: The number of
patients included in the model was 27 with 17 events and 5 missing values. Concordance = 0.722
(standard error = 0.064), R? = 0.400, Likelihood ratio of test = 13.772 (degrees of freedom = 3, p =
0.003). TCGA SARC PFS model: The number of patients included in the model was 49 with 29 events
and 1 missing value. Concordance = 0.589 (standard error = 0.054), R? = 0.054, Likelihood ratio of test
=2.726 (degrees of freedom = 3, p = 0.436). NCC - National Cancer Center Japan, TCGA SARC - The
Cancer Genome Atlas Sarcoma Project.

113



Chapter 3

To further compare the models, model performance indicators were compared (Table
3.23) showing that the PFS model performs better in the NCC dataset reaching a significant
likelihood ratio (13.772, p = 0.003), although the event-to-variable ratio is lower in the NCC at
8.5:1 as compared to the TCGA SARC with 14.5:1. This, paired with the proportionally higher
confidence intervals observed in NCC data (Table 3.23) indicates that the confidence of model

validity is higher in TCGA SARC data. Schoenfeld residuals and VIF indicated no breaches.

Table 3.23: Cox PH model performance indicators for concordant models in NCC and TCGA

SARC data.

Performance indicators NCC TCGA SARC
Concordance value 0.722 0.589
Likelihood ratio statistic 13.772 (p =0.003) 2.726 (p = 0.436)
Number of events 17 29

EV ratio 8.5:1 14.5:1

EV - even-to-variable. NCC - National Cancer Center Japan, TCGA SARC - The Cancer Genome Atlas
Sarcoma Project.
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3.4.3.3.2 Combined data analysis

Concordant data in the TCGA SARC and NCC were then combined and analysed
together.”"* (see section 3.3.2). Variables available in both datasets were assessed for
missingness (Table 3.24). Primary or recurrent labels were not available for TCGA SARC, and
the variable was removed for this reason. DSS data was not available for three TCGA SARC
patients leaving 79 patients. Due to near complete case separation observed for both DSS and
PFS in the primary tumour site variable, it was removed from subsequent survival analysis

(Table 3.25).

Table 3.24: Variable missingness in TCGA SARC and NCC datasets

Label Entries recorded Percentage missingness QC result
Age range 82 0% Pass

Sex 82 0% Pass

Site 82 0% Pass
Surgery 82 0% Pass
Residual tumour 76 7% Pass
Adjuvant radiotherapy 81 1% Pass
Recurrent or primary 32 61% Fail

Percentages are calculated columnwise and are reported as “[%]” to 1.d.p.

Univariate analysis (Table 3.26) revealed that the cohort (HR =2.79 (1.14-6.84), p=0.025;
Figure 3.7) from which data was retrieved significantly predicted DSS outcome where tumours
in the TCGA SARC had an increased risk of DSS event. Residual tumour showed a trend towards
significance where incomplete resection showed increased risk for event (2.30 (0.85-6.26)
p=0.102). For PFS the residual tumour (HR =2.35 (1.19-4.63), p=0.014; Figure 3.8) and whether
the patient received adjuvant radiotherapy (HR =2.07 (0.92-4.61) p=0.077) trended towards

significance.
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Table 3.25: Case separation for DSS and PFS events in TCGA SARC and NCC datasets

Chapter 3

label levels DSS censor DSS event PFS censor PFS event
Age range 30-49 9[16.7] 3[12.0] 3[9.7] 9[17.6]
50-69 30[55.6] 15[60.0] 16 [51.6] 30[58.8]
70-89 15[27.8] 7 [28.0] 12 [38.7] 12[23.5]
Sex Male 40[74.1] 17 [68.0] 21[67.7] 38[74.5]
Female 14 [25.9] 8[32.0] 10 [32.3] 13[25.5]
Primary
tumour site | Other 12[22.2] 11 [35.5] 3[5.9]
Retroperitoneum or
abdomen 42 [77.8] 25[100.0] 20[64.5] 48 [94.1]
Surgery Yes 54[100.0] 23[92.0] 31[100.0] 49[96.1]
No 2[8.0] 2[3.9]
Residual
tumour RO 24 [47.1] 5[22.7] 19 [63.3] 11[23.9]
R1/R2 27 [52.9] 17 [77.3] 11 [36.7] 35[76.1]
Adjuvant RT | No 51[94.4] 19[79.2] 30[96.8] 43 [86.0]
Yes 3[5.6] 5[20.8] 1[3.2] 7[14.0]
Cohort NCC 24 [44.4] 8[32.0] 10 [32.3] 22[43.1]
TCGA SARC 30[55.6] 17 [68.0] 21[67.7] 29[56.9]

Percentages were calculated columnwise and are reported as ‘[%]’. RT - radiotherapy.
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Table 3.26: Univariate analysis of PFS and DSS in the TCGA SARC and NCC datasets

Variables Categories Number [%] DSS PFS
Cohort NCC 32[39.0] -

TCGASARC 50 [61.0] 2.79(1.14-6.84, p=0.025) 09 (0:63-1.90,p=0.758)
:‘ueniigjf‘l RO 30[39.5] ;

R1/R2 46 [60.5] 2.30 (0.85-6.26, p=0.102)  2-3°(1:19-4.63,p=0.014)
Adjuvant RT | No 73[90.1] -

Yes 819.9] 2.24(0.83-6.07, p=0.113)  207(0:92-4.61,p=0.077)
Gender Male 59[72.0] -

Female 23[28.0] 1.76 (0.74-4.16,p=0.201) °-99(0.53-1.86,p=0.975)
Age range 30-49 12[14.6] -

50-69 46 [56.1] 2.02(0.46-8.89, p = 0.354)  °0-8°(0-40-1.80, p=0.668)

0.9 24[29.3] 3.30 (0.66-16.47, p = 0.54 (0.23-1.30, p=0.170)

0.145)

Bold text indicates a significant Wald test statistic (p < 0.05). Cl — Lower and upper 95% confidence
intervals. HR — Hazards ratio. RT - radiotherapy. P values are from Wald test statistics for each variable.

Percentages are indicated in [%] and are calculated columnwise per variable.

Multivariate analysis (Table 3.27) revealed that for DSS cohort (HR =3.09 (1.19-8.01),

p=0.020) was significant where an increased risk was observed in the TCGA SARC. For PFS,

residual tumour (HR =2.29 (1.16-4.52), p=0.017) was found to be significant, where incomplete

resection predicted a higher risk of disease progression. Patients that received adjuvant

radiotherapy (HR =2.10 (0.88-5.00), p=0.093) showed prediction of increased risk of disease

progression, although the association was not significant. The DSS model Concordance was

0.664 and the model was significant (LR =8.311, p = 0.076). The PFS model concordance was

found to be 0.597, and the model was found to be significant (LR =9.256, p = 0.070). In the

Schoenfeld residuals test, cohort was found to border significance (chi-square = 3.773, p =

0.052) but was not found to violate proportional hazards in univariate testing.
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Figure 3.7: Kaplan-Meier plot for DSS stratified by data cohort. Fits are coloured according to
variable factors. Dotted coloured lines represent the lower and upper 95% confidence intervals
for respective plots. Grey dotted lines indicate the median survival times. Points plotted on
survival curves represent patient censoring.
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Figure 3.8: Kaplan-Meier plot for PFS stratified by residual tumour. Fits are coloured according
tovariable factors. Dotted coloured lines represent the lower and upper 95% confidence intervals
for respective plots. Grey dotted lines indicate the median survival times. Points plotted on
survival curves represent patient censoring.
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Table 3.27: Multivariate analysis of PFS and DSS in the TCGA SARC and NCC datasets.

Variables Categories II:\:/u]mber DSS Schoenfeld test VIF PFS Schoenfeld test VIF
(1]
Cohort NCC 32(39.0) - - - - - -
3.09(1.19-8.01, 3.773,p=0.052 1.02 - - -
TCGA SARC 50 (61.0) p=0.020)
Residual tumour | RO 30(39.5) - - - - 0.514,p=0.47 1.00
- - 2.29(1.16-4.52, - -
R1/R2 46 (60.5) - p=0.017)
Adjuvant - - - - -
radiotherapy No 73(90.1) -
0.952,p=0.329 1.02 2.10(0.88-5.00, 0.145,p =0.70 1.00
Yes 8(9.9) 2.13(0.78-5.77, 0=0.093)

p=0.139)

Forthe DSS modelthe number of patients included in the model was 78 with 24 events and 4 missing values. Concordance = 0.664 (standard error = 0.045), R2=0.101, Likelihood
ratio of test = 8.311 (degrees of freedom =2, p =0.076). The event-to-variable ratio was 12:1 for DSS. For the PFS model the number of patients included was 76 with 46 events.
Concordance = 0.597 (standard error = 0.039), R2=0.115, Likelihood ratio of test = 9.256 (degrees of freedom =2, p = 0.070). The event-to-variable ratio was 23:1 for PFS. Bold
text indicates a significant Wald test statistic (p < 0.05). Cl — Lower and upper 95% confidence intervals. HR — Hazards ratio. P values for HRs are from Wald test statistics for
each variable in the model. Schoenfeld test is reported as the Pearson Chi-square and the associated p value (Chi-square, p). VIF = Variance inflation factor. Percentages are
indicated in [%] and are calculated columnwise per variable.
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3.5 Discussion

TCGA SARC and NCC have similar sample sizes (32 vs 50) and enough samples for
WGCNA.*""* This presents an opportunity to identify preserved co-expression patterns among
two datasets that pass the WGCNA recommended sample size.?®> The TCGA SARC is among the
most comprehensive projects identified containing 50 DDLPS samples that underwent
pathological review by an expert panel.® This review included an assessment of available
pathology reports that included immunohistochemical (IHC) and molecular diagnostics
(chromosome 12q15 copy number gain). Positive stains in IHC for MDM2/CDK4 and 12q
extrachromosomal structures on cytogenetic reports are considered diagnostic indicators for

WD/DDLPS.?%0%¢1

Other gene expression datasets found, whilst not chosen for WGCNA or validation, are
suitable for other analysis. For example, GSE30929%2 and GSE159659°% are microarray
datasets with paired DDLPS-adipose or paired DDLPS-WDLPS samples, that can be used for
differential gene expression between DDLPS and WDLPS and normal. Recently, GSE30929 and
GSE159659 have been used in an integrated WGCNA approach in identifying gene expression
biomarkers for DDLPS (compared to comparator tissue).?" Differential gene expression analysis
conducted using the GSE30929 cohort revealed significant upregulation of cell cycle genes in
DDLPS compared to fatty acid metabolic processes and AMPK signalling processes in WDLPS.
In their study, differentially expressed genes were cross-referenced with co-expressed genes
that showed the strongest association with being a DDLPS sample, hence screening out genes
that are differentially co-expressed and upregulated in DDLPS. It is expected that integrating
results from differential gene expression analysis from GSE159659 or GSE30929 are likely to

highlight modules pertaining to cell cycling.

Analysis of patient, tumour, and survival characteristics available within the TCGA SARC
and NCC indicate that these datasets are representative of DDLPS as a disease, mirroring the
conclusions made from NCC data generators.'* These results also reflect what is observed in
studies using larger datasets such as the demographic and clinical data available in the Survival
Epidemiology, and End Results (SEER) database and the Canadian Institute for Clinical
Evaluative Sciences (ICES) and other studies of similar scale.'®?>%"3% The only minor
differences is that in the TCGA SARC and NCC data, patient sex shows a slight predilection
towards male patients, which is not reflected in these wider studies, although it is generally

accepted now that DDLPS occurs at a higher rate in males than females.
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FNCLCC grade and residual tumour were found to be significant predictors for OS and RFS.
These variables are cited as being significant for LPS, and variables known to have
clinicopathological importance were prioritised in the variable selection strategy (backward
elimination),8493107,360,361,382,383 \\/hj[st this may have provided a bias towards known
clinicopathological variables, it was desired to find a balance between a model that fits the data
well but also one that is generalisable to the clinical understanding of DDLPS.?®® For OS and RFS
multivariate models this was successful where there was concordance in the explanatory

variables, and the results of both are in-line with clinical understanding.

No significant associations could be identified for PFS in the TCGA SARC, although some
concordance in the trend of hazards ratios and p-values were noted. PFS is an important metric
used in liposarcoma for clinical trial endpoints and may have been a measure to explore further
downstream in target identified (e.g., to identify associations between gene expression and
PFS). However, results here indicate this metric for the TCGA SARC should not be used for
further analysis. Out of the four metrics analysed, performance indicators show that the OS Cox

PH model should be brought forward for use in integration with WGCNA.

Cohort was found to be the only significant factor for DSS when assessing concordant data
in TCGA SARC and NCC, both in univariate and multivariate analysis. Treatment guidelines for
DDLPS are similar where surgery is the mainstay, with radio-or-chemo-therapy being
considered for advanced or metastatic disease.®® This difference is likely due to the TCGA SARC
being a slightly larger sample size and sampling. Presence of residual tumour at resection
margins were found to predict PFS in the NCC alone, and in the combined analysis of TCGA
SARC and NCC data. However, when comparing models generated from concordant data in the
TCGA SARC cohort separately, and in-line with the analysis of TCGA SARC data, no variable was
shown to significantly predict PFS. Cohort was not a significant factor for PFS, and 5-years
survival probabilities were found to be similar, where PFS events were more equal occurring
between the cohorts. In addition, important clinical variables such as FNCLCC grade, distant
recurrence, and multifocality where not listed in the NCC and hence could not be assessed.
Having these concordant variables would have allowed for model validation between TCGA

SARC and NCC, which will be a limitation moving forward.

Recurrent tumours in the NCC were not found to predict PFS or DSS when corrected for
multivariate but was significant at the univariate level. Primary and recurrent tumour expression

should be compared prior to use as a validation cohort for co-expression patterns.

The largest limitation in these analyses is the sample size. Not only does the small sample
size limit statistical power and the generalisation of results to other studies, it also limits the

margins by which robust exploratory data analysis can be conducted. For multivariate survival
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analyses it is suggested to keep a high event-to-variable ratio.**® With restricted sample size
(and hence small event numbers) it meant that multivariate models had to be kept small
meaning important variables may have been excluded due to statistical power concerns.
Despite this limitation however, results from survival analysis presented clinical features that
are concordant with the literature. Whilst generally, missingness was not an issue in TCGA
SARC, except for a few variables such as site of distant recurrence, and the measures of
genomic complexity, with a higher sample number it may have been possible to impute values

for data completeness.

Another limitation was for the distant recurrence variable. Distant metastasis is a known
factor for DDLPS survival, and it was hoped that this would be a feature that could be
investigated in WGCNA analysis. The clinical annotations for distant recurrence available for the
TCGA SARC were reported as not-applicable “NA”, “New Primary Tumour” or “Distant
Metastasis”. It was not possible, within the remits of the project, to elucidate whether “NA” was
attributed to no distant recurrence event or whether distant recurrence was inspected for those
patients. For the analysis in this chapter “NA” was taken as no distant recurrence event. Hence,
it is possible that more patients went on to metastasise, although, it should be noted that the
rates of metastasis observed in the TCGA SARC cohort matches the ~25% generally accepted in

the literature.36:104.108

Furthermore, a conditional backwards elimination approach was used for variable
selection. This method carries the limitations of overfitting data and provides vulnerability to
variable co-linearity.*®® To reduce this limitation, the p-value for the stopping criteria was set at
0.2, and variables known to be important where questioned for removal in instances where they
violated the criteria. This was done to avoid removing important variables and making a model
that only describes the TCGA SARC data. Having a model that was generalisable is beneficial to

the project aims given that it is sought to identify clinical targets for DDLPS.

Finally, the data used here was from secondary sources, often being multi-institutional,
from non-UK sources and conducted up to ~15 years prior to this project start date. This means
that the clinical practice may have differed slightly between patients and institutions, and that
acquiring specific knowledge on variables was more challenging and the scope to gain addition

data was limited.

In summary, dataset searching has identified suitable datasets that can be used in a
discovery-validation strategy for WGCNA, and clinical data analysis has identified significant
variables in the TCGA SARC data that can be integrated with subsequent WGCNA analysis to

identify modules pertinent to disease.
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Chapter 4 Investigating the relationship between
modularity and robustness in the DDLPS
GCN

4.1 Introduction

As outlined in detail in Section 1.3.3.1, WGCNA is a systematic approach to describe the
patterns of gene correlation across different samples. Briefly, the main steps of the pipeline are:
Data preparation, sample clustering, network construction, module detection, ME calculation,

and then relating modules to external traits (see section 1.2.3 and section 2.14)234251,253,254

Each of these steps is critical and requires careful consideration before progressing to the
next phase. For instance, in step 2, failure to exclude outliers can introduce greater
heterogeneity in sample gene expression profiles, which in turn may affect gene connectivity
values by altering the correlation coefficients in step 3. Consequently, this impacts upon how
accurately hierarchical clustering and the dynamic tree cutting algorithm assigns genes to
modules in step 4.%* Sample outlier detection commonly employs methods such as clustering
algorithms (for instance, K-means or hierarchical clustering), and principal component analysis
(PCA). Each of these methods brings its own strengths and weaknesses.34¢%43% The use of
topological measures from a signed weighted sample network to identify outlying samples or
groups is more contextually robust.?® Properties assessed include scaled connectivity, which
measures the overall connection strength between a given sample and all other samples in the
network, and the clustering coefficient, which quantifies the connection strength among a
sample's neighbours.***%7 These network metrics can provide important insights into the

relationship between samples.®’

Another key consideration for WGCNA is that during the network construction phase (step
3), the adjacency data should exhibit an approximate scale-free topology.?** The standard
approach to verify this involves comparing the degree distribution of the data to a power-law
model. This comparison is typically done by calculating the fitting index value (R?) from a linear
fitting model on a frequency plot of gene connectivity, which has been transformed to a log
scale. Scale-free networks are non-homogenous in their connections, where hub genes are
densely connected and easily distinguished. However, these networks are relatively rare, and
networks can also follow other degree distributions, including an exponential distribution.388-38°

These are typically attributed to homogenous graphs where all nodes have approximately
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uniform connections and hubs are less separable.**°3%2 Networks following an exponential
distribution have been particularly useful in describing food webs, which are networks of ‘who
eats whom’ in an ecological community, but can also be applied to molecular networks, such
as protein-protein and gene regulatory networks.3°3%23% Although, the majority of molecular
networks have been shown to approximate a scale-free topology, an exponential distribution
remains an alternative possibility. Therefore, an important QC step is to test whether the data is
best described by a power-law distribution, indicating clear, distinguishable hubs, or an

exponential distribution where gene connectivity is more homogenous.3%43%

After network construction, WGCNA uses the hclust function from the Stats R package®*'
to perform agglomerative hierarchical clustering and an iterative, top-down approach to cut
branches of the dendrogram to define gene clusters (step 4).2** The choice of linkage method in
hierarchical clustering (Figure 4.1) and sensitivity parameter of the dynamic tree cut function
can significantly impact the size and number of resulting clusters. Therefore, careful
consideration and validation of the results are necessary at this phase. To determine the
optimal method, assessment of intramodular connectivity (IMC), a measure of the cumulative
connection strength a given module gene has with all other module genes, and the relationship
between IMC and gene significance (GS) metrics are useful in this regard.?®* Biologically
meaningful gene connectivity distributions will exhibit an association with GS scores, indicating
which modules encapsulate features of biological importance.?®53®” Here standard validation
approaches (e.g., Dunn Index, cophenetic correlation) would not be optimal amid many clusters
where there is high dimensionality, noise and for a number of clusters, low separability using
distance or similarity metrics.**® To minimise noise, the strategy in WGCNA is to use metrics
(e.g., IMC) which summarise the module as a whole and focus on modules with biological
relevancy (high correlation between IMC and GS).*** However, this strategy necessitates the

proposal of suitable GS measures.
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Figure 4.1: Demonstration of different linkage methods. A Average linkage takes the mean of
all distances between two clusters. B Single linkage takes the smallest (minimum) distance
between two clusters. C Complete linkage takes the largest (maximum) distance between two
clusters. D Centroid linkages takes the center (mean distance within clusters) of between
clusters. E Ward’s linkage method calculates the error sum of squares of each cluster and
chooses the cluster with the smallest value.

Results from the survival analysis (see Section 3.4.3.1) identified a multivariate model for
overall survival within the TCGA SARC cohort specific to DDLPS. Using this model, the
expression values for each gene will be used to construct gene-level multivariate models. The
correlation of a gene’s expression pattern with the deviance residuals from these models will be
used as a GS measure, indicating an association with poor outcome (highlighting patterns
where gene upregulation corresponds to increased risk). Another GS measure based on
differential gene expression between DDLPS and WDLPS using the GSE159659 dataset,
identified in Section 3.4.1. and discussed in Section 1.1.5. Differential expression results from
this data have been used in previous studies implementing WGCNAZ?#°?°! in g strategy to screen-
out genes based on the intersect between co-expression modules with high DDLPS sample
correlations and genes up and down regulated in DDLPS. These differential expression results

were deemed suitable for highlighting modules with genes differentially expressed in DDLPS.

Two studies conducted in gastric?*® and breast®'° cancers, adopted an approach utilising
data from the Cancer Dependency MAP (DepMap) project from the Broad Institute.?"* The

DepMap portal provides inferred gene dependency and cancer vulnerability information from
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CRISPR-Cas9 knockout studies on various cancer cell lines, including three DDLPS cell-lines

(LPS141, LPS510 and LPS853) derived from DDLPS patients.®%3 A limitation for the CHRONOS

algorithm is that inferred dependencies may be incorrect as a gene with a complete and

efficient knock-out for a weak scoring essential gene may score higher relative to a gene that

should attain higher essentiality scores because the knockout was incomplete and showed

poor efficiency.*'> CHRONOS also assumes a linear relationship between a given genes

knockout and cell viability, assuming that cell growth rate is constant over time. Despite these

limitations, this information can provide valuable insights into the dependencies of malignant

cells and potentially highlight therapeutic targets. The thee proposed GS measures are

summarised in Table 4.1.

Table 4.1: Summary of proposed GS measures.

GS Measure

Description

Use

Source

Clinical GS Correlation of a given Highlights regions of Multivariate
genes expression values partition with strong model identified in
to the deviance associations to Section 3.4.3
residuals from a per- increasing or decreasing from survival
gene multivariate risk associated with analysis of TCGA
model. upregulated expression. SARC DDLPS
clinical data.®
DEG GS The logFC signed Highlight regions of Differential gene
adjusted values from partitions that are expression
differential expression positively or negatively analysis of
analysis of GSE159659. associated with up and GSE159659
down regulated genesin  Microarray data.
DDLPS vs WDLPS.
Dependency Gene effect score from To identify regions of CRISPR-cas9 gene
GS the CHRONOS partitions associated knockout screens

algorithm to infer gene
essentiality in DDLPS
cell lines.

with cancer promoting
and protective genes.

conducted on
DDLPS cell lines
by the DepMap
project.

Another step to assess the robustness of the GCN is through validation of modular co-

expression patterns in a validation gene expression dataset using module preservation

analysis.?? Preservation is primarily represented through the composite Z-summary score

which is a permuted and composite metric describing the significance of module preservation.

This score combines seven correlation network statistics between the reference and test

networks, the first four describe network density, then the remaining three describe network

connectivity:

1. The mean correlation.
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2. The mean adjacency.

3. The mean squared gene module membership values.

4.The mean correlation between genes and their module eigengene.

5. The correlation of intramodular connectivity’s.

6. The correlation between gene module membership.

7. The correlation of modular correlation matrices between test and refence.

Density and connectivity measures are summarised by the median of respective metrics
and are finally summarised by taking the mean of both density and connectivity measures to
derive the summary statistic. To circumvent setting thresholds of significance for each
individual metric, modulePreservation function randomly permutes module labels in the test
network and recalculates preservation metrics for each permutation and is standardised into a
Z statistic, presented as an asymptotic p-value where the null model is taken as no preservation
following a normal distribution. In Chapter 3.4.1 the NCC dataset was identified and proposed

as a validation dataset to the TCGA SARC DDLPS data.

The overall goal of this results chapter is to delve into the intricacies of constructing a
GCN using WGCNA. The process begins with a thorough inspection of the data at both the
sample network and gene connectivity levels. This involves careful consideration of quality
measures, such as outlier detection and ensuring scale-free topology. The chapter then
explores various options for constructing the GCN, and after assessing relationships between
IMC and GS measures as well as the validation of GCN modules, proposes the most robust

GCN partition for downstream analysis and target screening.
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4.2 Chapter aims and objectives.

Hypothesis: QC measures and GCN optimisation can collectively contribute to the definition of

arobust DDLPS GCN.
Chapter Aims and Objectives:
Aim 1 -Identification and evaluation of sample outliers in RNA-seq datasets.

Objective 1.1: Identify outliers by assessing relationships between samples and characterising

their properties.

Objective 1.2: Determine the optimal cutting point for outlier removal to ensure the robustness

of subsequent analysis.

Objective 1.3: Evaluate the impact of outlier removal on the gene connectivity distribution within

GCNs, thereby assessing the effectiveness of the outlier removal process.

Aim 2 - Determination of the most optimal WGCNA methodology for defining a GCN

partition.

Objective 2.1: Construct a GCN using each available method to explore the impact of different

methodologies on the resulting network structure.

Objective 2.2: Utilise GS measures to rank network partitions based on the strength of
associations between gene connectivity and biological relevance, thereby identifying the most

biologically meaningful network partition.

Objective 2.3: Conduct module preservation analysis using the NCC dataset to validate modular

co-expression defined in the TCGA SARC DDLPS GCN.
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4.3 Methods

4.3.1 RNA-seq FASTQ read processing, alignment, and quantification

Paired-end reads from RNA-seq experiments, in FASTQ format, were evaluated using the
FASTQC package (version 0.11.9) on the Linux operating system.?* The alignment and
quantification of these FASTQ reads were performed using the STAR alignment package (version
2.7.10a) against the reference human genome, assembly version GRCh38.%¢ The STAR package
was selected for its ability to produce accurate alignments without extensive parameter tuning,
its splice-aware alignment capabilities, and its efficiency when allocated large RAM pools.¥
The quality of alignment was assessed by examining the percentage of uniquely mapped reads.
This was achieved by utilising the FASTQC html reports to scrutinise the alignment log files
generated by the STAR aligner.®* The resultant BAM files were configured to be sorted by
coordinates, and the option ‘quantMode’ was set to ‘GeneCounts’, instructing STAR to count
the number of reads per gene to quantity gene expression. The gene structure and positional
annotations for the alignment were supplied through the GRCh38.108 gene transfer format

(GTF), which was downloaded from Ensembl.>%’

4.3.2 WGCNA quality control

The WGCNA was implemented using the R package ‘WGCNA’ (version 1.72-1).2%* Before
constructing the GCN, sample relationships were examined through the assessment of scaled
connectivity and clustering coefficient from a weighted sample network. This was achieved
using the ‘adjacency’ function in WGCNA, with a soft-thresholding power of 2. Network metrics
for each sample were calculated using the ’fundamentalNetworkConcepts’ function in

WGCNA 297:3%8

To identify outliers, the above approach was combined with PCA and hierarchical
clustering of principal components (PCs), using the FactoMineR (version 2.1.1) and factoextra
(version 1.0.7) R packages. For outlier removal, the most appropriate threshold of median
absolute deviation (MAD) around the median was identified by assessing alterations to gene
connectivity distributions. The initial assessment involved evaluating the R?>value of a linear fit to
the log-log connectivity for thresholds of MAD around the median. To characterise the outliers,
available clinical data was inspected, and variables were compared between groups using
appropriate tests according to normal distribution and format (see statistical methods, chapter

2.3).
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Gene connectivity was calculated using the ‘softConnectivity’ function in WGCNA, with
the biweight midcorrelation (‘bicor’) set as the correlation function and a signed network
specified. In WGCNA, correlation values are soft thresholded by raising the coefficients to a
given power, which retains gene connectivity whilst suppressing weak connections towards
zero, thus promoting scale-free topology.'**Gene connectivity for candidate powers were tested
based on the distribution of gene connectivity, max and min values of connectivity, and the
number of unassigned genes in downstream clustering (using the “complete” linkage method, a

sensitivity parameter of 3, and the TOM min).

The goodness-of-fit of gene connectivity distribution to a power law or exponential model
was tested using the powerlaw Python package (version 1.5).%%° The “fit.distribution_compare’
function was used to compare the power law and exponential distribution. This function uses a
likelihood ratio test to decide on the better fitting model. A significant p-value (p < 0.05/log10(p)
> 1.3) from the likelihood ratio test indicates that one of the two models significantly describes
the data. Testing was conducted for each soft-thresholding power (2 to 20 with intervals of 2) on
the original non-cut data (DDLPS50), the chosen MAD threshold, the next most stringent
threshold, and the threshold using the median. The NCC RNA-seq data was also assessed using

the same methods as outlined above as detailed in the Appendix A.3.

4.3.3 Gene-level multivariate Cox regression

To identify modules associated with clinical outcome, the multivariate overall survival
model, as described in Section 3.4.3, was employed. It was found that the residual tumour and
FNCLCC grade were significant variables for survival in this multivariate OS model. To further
refine the model, gene expression values for a given gene corresponding to the sample were
included as an additional variable for all genes in a stepwise manner, thereby creating a gene-
wise multivariate model for each gene. Subsequently, the deviance residuals, which detail the
expected risk of an event, were correlated with the respective gene expression values. This
correlation resulted in the derivation of ‘CorDeviance’, designated as the “Clinical GS” metric,
which was used to identify where strong patterns of upregulation infer increased or decreased

risk of death.
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4.3.4 Differential gene expression

For microarray expression datasets, the probe intensity values were examined for prior
background correction, which were found by inspecting the dataset annotations which are
included in the data package retrieved using the getGEO() function from the GEOquery (version
2.70.0) R package. The GSE159659 microarray data was acquired and inspected. The values
were verified to be log quantile normalised by assessing whether the 99" quantile is larger than
100 (values greater than 100 indicate the data has not been log transformed). This method of
normalisation is common practice in microarray data analysis.®’ The Limma package was
chosen for microarray data pre-processing due to its inclusion of background correction and
normalisation methods.?*? In microarray data, there can be numerous probes per gene
interactions. This redundancy helps ensure accurate and reliable measurement of gene
expression but for downstream analysis it is often necessary to select a single probe per gene to
avoid redundant information and to simplify the data. In cases where there were multiple

interactions for probe-gene, duplicates were consolidated based on average signal intensity.

The following Limma R package functions were used to perform the differential expression
test. The initial fit was made using the linear model fitting function ‘lmFit’, then the contrasts for
DDLPS vs WDLPS, WDLPS vs Adipose and Adipose vs DDLPS were fitted to the linear fit. The
‘eBayes’ function was used to apply an empirical Bayes statistic to the model with prior degrees
of freedom set to0 0.01. The ‘TopTable’ function was used to retrieve gene statistics for
differential expression and the False Discovery Rate (“fdr” — Benjamini-Hochberg method)
method was used to adjust p-values which was ranked by the B-statistic (log-odds). To derive
the GS score, the FDR-adjusted p-value from differential expression with the contrasts of
DDLPS vs WDLPS, WDLPS vs Adipose, and Adipose vs DDLPS was used. This p-value depicts
the significance of genes across all contrasts. This was -log10 transformed for interpretability
and signed by the logFC value from the DDLPS vs WDLPS contrast. This GS score was named
the “DEG GS”. The GSE159659 dataset was chosen over another microarray dataset,
GSE30929, for deriving the GS score as it contained a higher overlap (84.2% in GSE159659
versus 60.6% in GSE30929) with the 16,032 genes in TCGA SARC DDLPS post-filtering and had

matched normal adipose samples.
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4.3.5 Gene dependency map

The cancer dependency MAP (DepMap) is an ongoing project by the Broad Institute that
maintains a comprehensive database of cancer cell lines, including three DDLPS cell lines
(LPS141, LPS853, LPS510). Each of these cell lines was queried for data from CRISPR gene
knockout screens.?"*3**° The CRISPR gene knockout effect score for each gene derived from the
CHRONOS algorithm was obtained using the depmap R package (version 1.10.0)%*¢*1%%5 gand
inverted, so that positive values indicated gene dependency. The mean gene effect value across

all three cell lines was used as a GS score, which was named the “Dependency GS”.

4.3.6 Partition quality assessment

To define the most robust GCN partition, various options for hierarchical clustering and
dendrogram cutting within WGCNA were explored. The linkage methods considered included
Ward.D, Ward.D2, single, complete, and average (Figure 4.1). These methods were selected
due to their compatibility with the “hybrid” method for dynamic tree cutting in the
‘CutTreeDynamic’ function in the WGCNA R package.*®® A gene tree, or dendrogram, was
constructed for each linkage method using the dissTOM as input to the ‘hclust’ function,
specifying it as a distance object ‘as.dist’. These gene trees where then used as input to the
’CutTreeDynamic’ function, employing the “hybrid” method, and adjusting the deepSplit
parameter from one to four. The deepsplit option controls the sensitivity of dendrogram cutting,
where higher values generate more modules with fewer genes. There are also two main
methods for calculating the TOM, where the topological overlap between two genes can be
calculated as either the minimum sum between gene adjacencies (TOM min) or the mean of
adjacencies (TOM mean). The various options provide 40 unique GCN partitions; here are
labelled according to the options used (e.g., min_average_4, corresponds to a GCN partition
derived using the TOM min, average-linkage hierarchical clustering, and a cutting sensitivity of

four).

Each GCN partition may exhibit different IMC values, which represent the density of gene
co-expression within a module. Higher values suggest a more densely co-expressed module.
The patterns of pairwise relationships between kWithin and the GS measures will also differ
among GCN partitions. A GCN partition that contains modules with a high correlation between
the kWithin and the GS measures indicates potentially biologically significant modules. This not
only reveals patterns of biological relevance within the network but will also assistin
downstream module screening, as modules will be flagged as interesting based on high positive

or negative values.

133



Chapter 4

To assess the connectivity distribution in the network, the intramodular connectivity
(kWithin) for each module was calculated using the ‘intramodularConnectivity’ function from
the WGCNA R package. This function used the module labels from the tree cutting algorithm
and adjacency matrix, with the scaleByMax option set as “TRUE”. This option scales the
modular connectivity values by the most connected gene in the module, allowing connectivity
values to be normalised for module size and enabling comparison of partitions with variable-
sized modules. The IMC values were summarised for each module by calculating the mean

scaled connectivity values.

To identify the partition that best captured functional relevance in DDLPS, the kWithin
values for each module were correlated with the three measures of GS (as described in Section
4.2.3,4.2.4 and 4.2.5). The correlation between the kWithin and these three gene significance
measures were then summarised using the maximum and minimum values, and the partition

with the highest ranked metric was chosen.

4.3.7 Module Preservation

To validate modular co-expression patterns within the TCGA SARC DDLPS GCN, module
preservation analysis was conducted using the independent NCC dataset (See Section
3.4.1).%2 For the preservation analysis conducted, the ‘modulePreservation’ function from the
WGCNA R package was used with 500 permutations, a ‘maxModuleSize’ and a
‘maxGoldModuleSize’ of 248.252 The networkType was set as “signed” and the correlation
coefficient used was the ‘bicor’ for its efficient computation time.?° The guidelines for
interpreting preservation results as set by the authors of WGCNA module preservation analysis
are used, which suggest any module with a 2 <Zsummary < 10 shows significant evidence of
preservation, a Zsummary > 10 is considered highly significant, and any module with Zsummary

<2 is considered to have no significant evidence of preservation.
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4.4 Results
4.4.1 Optimisation of WGCNA
4411 Outlier detection and removal

Principal component analysis of TCGA SARC DDLPS (n = 50) gene expression data was
employed, in conjunction with hierarchical clustering, to identify sample outliers. This approach
led to the identification of three primary clusters within the PCA space (Figure 4.2A-B).
However, the first two PCs only accounted for ~26% of the data variance, suggesting additional
sample heterogeneity. These distinct clusters were also discernible in the sample network

metric plot (Figure 4.2C).
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Figure 4.2: Sample clustering for the TCGA data A: Hierarchical clustering using the principal
components from a PCA. B: Top two dimensions by variance explained with hierarchical clusters
projected. C: Sample network metrics detailing relationship between samples, coloured by
clusters from A.

To explore these further, the methylation, reverse phase protein array (RPPA) and copy
number (CN) clustering analyses results available from the existing TCGA publication was cross
referenced with the clusters from the HCPC (figure 4.2A ; Figure 4.3A-B).**" This revealed that
CN and RPPA clusters showed no significant overlap (Table 4.2). However, the methylation
clusters did (chisq = 25.42, -log10pvalue = 4.14 ; Table 4.2). Further analysis of the standardised
residuals from the chi squared test (chisq standardised residuals = 5, where anything >2 is
significant) and percentages of the overlap (80%) revealed a significant overlap between HCPC

cluster 1 and Methylation cluster M5 existed (Figure 4.4).
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Overlap between HCPC clusters and Paper Clusters
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Figure 4.3: Overlap between methylation clusters and the clusters identified through
hierarchical clustering of principal components (HCPC). A Chord diagram of cluster
representation of HCPC clusters among the RPPA (reverse phase protein array), CN (copy
number) and M (methylation) clusters. B Percentage representation of data as displayed in A.

Table 4.2: Chi squared statistics for HCPC clusters versus Methylation, CN and RRPA clusters
from TCGA publication.®

Cluster type Chi Squared statistic DF -log10(pvalue) Significant
Copy Number 9.18 4 5 1.2465 No
Methylation 25.42 4 4.3830 Yes
RPPA 14.82 10 0.8571 No

DF —degrees of freedom. RPPA — Reverse Phase Protein Array.
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Chi-Squared Standardised Residuals

Std Residual

25

0.0

HCPC Cluster

-2.5

-0.7

KN @b‘ @"3
Methylation Cluster

Figure 4.4: Chi squared standardised residuals for HCPC clusters versus methylation clusters.
HCPC - Hierarchical clustering of principal components. M - Methylation clusters. Std residual-
standardised residual from a chi-squared contingency table.

To further explore the relationship between these clusters and having identified a
significant overlap between the cluster 1 and Methylation cluster 5 (M5) differential expression
and gene set enrichment analysis was subsequently conducted. For this clusters 2 and 3 were
merged to contrast with cluster 1. Genes upregulated in cluster 1 were found to be enriched for
immune processes (Figure 4.5) including leukocyte mediated immunity (leukocyte mediated
immunity, -log10padj = 126). This may suggest a relationship between DNA methylation and

transcriptional programmes involving the immune system.
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GO:BP Enrichment: Clustr 1 versus Cluster 2-3
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Figure 4.5: Gene Ontology (GO) Biological Process (BP) enrichment plot for genes differentially
expressed between HCPC clusters 1 versus clusters 2-3. Dot colour indicate the Benjamini-
Hochberg adjusted p value. Dot size indicates the number of genes intersecting with that term.

This analysis was repeated for the NCC gene expression data (n = 32). In this data PCA
clustering (Figure 4.6A-B) identified three clusters. A lack of available adjunct data in the NCC
metadata meant that cross referencing clusters with molecular annotations (e.g., protein
expression or methylation, as was used in TCGA data above) was not possible."™ Further
analysing the NCC samples on a sample network (Figure 4.6C) reveals a tighter clustering of
clusters as compared to the TCGA data where clustering coefficients and scaled connectivity
show greater linearity (Figure 4.2). Linearity between these would suggest that sample
clustering is the result of variations along a continuous scale (e.g., expected biological variation)

rather than discreet groups due to biological or technical variance.?%>34¢
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A Cluster Dendrogram B Factor map C NCC Sample Network Metrics
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Figure 4.6: Sample clustering for the NCC data A: Hierarchical clustering using the principal
components from a PCA. B: Top two dimensions by variance explained with hierarchical clusters
projected. C: Sample network metrics detailing relationship between samples, coloured by
clusters from A.

Differential expression and subsequent gene ontology enrichment analysis was
conducted to assess differences in enriched functions between sample clusters (Figure 4.7).
Cluster 1 vs Cluster 2 was enriched for immune processes. For example, leukocyte activation
involved in immune response (-log10padj = 19.88) (Figure 4.7A). Cluster 2 versus cluster 1 DEGs
are enriched for extracellular matrix organisation processes (e.g., extracellular matrix
organization, -log10padj = 9.97) (Figure 4.7B). Cluster 2 versus cluster 3 is enriched for cellular
development processes (e.g., renal system development, -log10padj =6.81 (Figure 4.7C).
Cluster 3 versus cluster 2 are enriched forimmune cell processes (e.g., leukocyte migration, -
log10padj =17.58) (Figure 4.7D). Cluster 1 vs Cluster 3 are annotated for neuronal (e.g.,
neuromuscular processes, -log10padj = 2.68) and ion transport (e.g., regulation of monoatomic
ion transmembrane transport, -log10padj = 3.20) (Figure 4.7E). DEGs in Cluster 3 versus Cluster
1 are enriched for extracellular matrix organisation (e.g., extracellular matrix organisation, -

log10padj = 3.59) (Figure 4.7F).
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GO:BP Enrichment — Cluster 1 vs Cluster 2
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Figure 4.7: Gene Ontology (GO) Biological Process (BP) enrichment plot for genes
differentially expressed (up and down) between HCPC clusters. Cluster 1 versus

cluster 2 are denoted in A upregulated and B downregulated. Cluster 2 versus 3 is
presented in C for upregulated genes D for downregulated. Cluster 1 versus cluster 3

for E upregulated genes and F for downregulated genes. Dot colour indicate the

Benjamin-Hochberg adjusted p value. Dot size indicates the number of genes
intersecting with that term.
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The potential impact of outlier removal on scale-free topology was explored in the TCGA
by assessing sample clustering coefficients and their scaled connectivity, using thresholds of
MAD around the median. This was undertaken to identify a data subset exhibiting uniform gene
expression between samples, thereby facilitating robust WGCNA.3*¢ Soft thresholding powers of
1 to 20 were tested, revealing that a threshold of 2xMAD around the median maximised the R?
fitting index of a scale-free distribution for powers = 12, as proposed by the authors of WGCNA
for a signed GCN (Figure 4.8).*°> Using the 2xMAD threshold led to the identification of 14 outlier
samples (Figure 4.9A), which were also evident when projecting a sample network (Figure

4.9B). These samples were subsequently removed.
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Figure 4.8: R of the linear model fit for connectivity across values of 3 for the tested thresholds.

2
The red dotted line indicates the value of R that suggests an approximately scale-free network
which is set out by the authors of WGCNA as being 0.8.
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Figure 4.9: A Sample network metrics coloured by whether samples violate the 2*MAD threshold
(blue line). B Corresponding sample network. Node size indicates node degree.

4.4.1.2 Characterising outliers

Clinical data was examined to characterise the outlying samples. As stated in Section
3.5, all samples underwent review by a pathology panel as per the requirements for the TCGA
SARC study.® Our analyses (Section 3.4.2) indicated that these samples exhibit DDLPS disease
characteristics that align with other studies in the literature, thereby confidently classifying

these samples as DDLPS.

Statistical tests for each variable between included or excluded samples revealed
significant differences in tumour mutational load (p = 0.07; Figure 4.10A), and FNCLCC grade (p
=0.01: Figure 4.10B). Disease-free status on follow-up (p = 0.05: Figure 4.10C) is bordering on
significance. Tumour ploidy (p = 0.09) and local recurrence (p = 0.06) exhibited trends towards
significance (Table 4.3). Given that the grade was found to be an important predictor in the OS
and RFS multivariate models, this may suggest that outlier samples have distinct survival

probabilities.
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Figure 4.10: A Mutation load stratified by sample removal BFNCLCC Grade of patients by sample
removal C Disease free status of patients on follow-up.
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Table 4.3: Comparison of clinical characteristics between included and excluded TCGA
samples.

Included (mean (sd) Excluded (mean (sd)
Variable median) median) p.value
Tumour weight (g) 504.44 (363.57)445.0 430.71(313.3) 390.0 0.622
Tumour Size (cm) 18.45(8.39) 19.5 21.16(10.94) 18.0 0.41°
Avg12qg copy number 22.50(3.38) 25.0 21.07 (4.98) 22.5 0.432
Mitotic Rate 6.72(7.79) 5.0 8.29(9.05) 2.5 0.89°2
Ploidy 2.58 (2.06) 2.1 3.04 (1.07) 3.1 0.092
Subclonal genome fraction 0.15(0.17) 0.1 0.12(0.09) 0.1 0.922
CIN 434.6 (270.23) 377 458.36 (230.46) 424.5 0.652
mutational load 57.63(22.49) 55.5 78.64 (24.75) 78.0 0.01°
Age 62.85(12.94)61.9 65.32(12.58) 63.9 0.54°
- Included (n=36) Excluded (n =14) -
FNCLCC grade 0.01°¢
1 0 1
31 6
3 5 7
Residual tumour 0.51¢
RO 17 5
R1 16 8
R2 3 0
Adjuvant Radiotherapy 0.13¢
Yes 2
No 34 1"
Previous malignancy 0.38¢
Yes 4
No 32 1
Disease-free at follow up 0.05¢
With tumour 22 4
Tumour free 11 9
New tumour event 0.53°¢
Yes 18 5
No 18 9
Localrecurrence 0.06°
Yes 20
No 16 1
Distant recurrence 0.41¢
Yes 8 1
No 28 12
Primary tumour site 0.37¢
Retroperitoneal/Upper abdominal 32 12
Lower extremity 1
Upper extremity 1
Superficial Trunk 1
Chest 1
Lower abdominal/Pelvic 2
Gender 0.19¢
Male 26 2
Female 10 7
Necrosis Score 0.36°
0 15 6
1 21
2 0 1
Genome doublings 0.18¢
0 20 5
1or2 11 8
Multifocal disease 0.74¢
Yes 14 4
No 21 9

Superscript denotes statistical test ?: Wilcoxon rank-sum test. 2. Unpaired independent T-test. °: Fisher’s exact
test. Bold p.value indicates a significant (p < 0.05) result. (sd): Standard deviation
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Survival probabilities were calculated for OS, RFS and DSS outcome measures, and
subsequently compared between the included and outlier samples (Table 4.4). The outlier
cohort exhibited a lower number of events, although survival probabilities were consistent for
the first and third years but were notably higher for the fifth year. This is likely attributable to the
small sample size in the outlier group.

Table 4.4: Survival probabilities for included and outlier samples for OS, RFS and DSS survival
outcome measures.

rsnu;:is‘:.larles Included Outlier
Number at risk | Number at risk |
oS Probability Number of Probability Number of
events events
1year 0.83 306 0.86 102
3year 0.58 147 0.64 412
5year 0.37 714 0.64 3]0
RFS
1year 0.61 21114 0.70 6|4
3year 0.45 105 0.40 3|3
5year 0.18 4|6 0.40 2|0
DSS
1year 0.81 2416 0.92 121
3year 0.58 10|5 0.72 6|2
5year 0.49 5|1 0.57 3|1

OS - overall survival, RFS - recurrence free survival, DSS — disease specific survival.

At the univariate level, no significant difference in survival outcomes was observed
between the groups (Table 4.5; Figure 4.11). A new variable, termed “Outlier”, was
incorporated into the OS, RFS, and DSS multivariate models (see section 3.4.2.1 and refer to
Table 4.4). These results suggested that for OS (HR =0.18 [0.05-0.66], p=0.010) and RFS (HR =
0.35[0.13-0.95], p=0.039), but not for DSS (HR =1.26 [0.35-4.57], p=0.723), being classified as
an outlier was a significant predictor of improved survival outcome. Each of the OS, RFS and
DSS models were then re-evaluated for both the included and outlier groups. The OS and RFS
models demonstrated that significant variables maintained their significance in the included

group (Table 4.6), but not in the separate outlier group (Table 4.7).
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Table 4.5: Multivariate models modified with whether samples were included or excluded.

0S model Variable Variable HR HR
categories levels (univariable) (multivariable)
Residual Tumour RO 22 (44.9) - -
4.69 (1.60-
R1/R2 27 (55.1) :32 (0;807;)93) 13.76,
+/9, P70 p=0.005)
FNCLCC Grade 2 37(75.5) - -
15.38 (4.17-
3 12 (24.5) 3%‘ (1 ;305608) 56.72,
+/9, P=H. p<0.001)
QC Result Included 36 (72.0) - -
. 0.69 (0.25- 0.18 (0.05-
Outlier 142800 4 91 p=0.473) 0.66, p=0.010)
RFS model
Residual Tumour RO 22 (44.9) - -
1.89 (0.90- 2.84 (1.26-
R1/R2 27 (55.1) 3.98,p=0.095) 6.39, p=0.012)
FNCLCC Grade 2 37(75.5) - -
4.88 (1.71-
3 12 (24.5) ;22 (O'=701 '269) 13.89,
=29, P72 p=0.003)
Gender 1 33 (66.0) - -
0.84(0.41- 0.58 (0.26-
2 17(34.0) 1.73, p=0.636) 1.33, p=0.202)
QC Result Included 36 (72.0) -
. 0.68 (0.29- 0.35(0.13-
Outlier 142800 4 56 h=0.358) 0.95, p=0.039)
DSS model
Multifocal Disease NO 30 (62.5) - -
2.49 (0.92- 3.20 (1.10-
YES 18(37.9) 6.73,p=0.071) 9.25, p=0.032)
0.98 (0.95- 0.96 (0.92-
Age Mean(SD) 63.5(12.8) 4 53" 0.458) 1.01, p=0.120)
QC Result Included 36 (72.0) - -
. 0.63 (0.20- 1.26 (0.35-
Outlier 142800 4 94 p=0.420) 4.57, p=0.723)

OS - overall survival. RFS — Recurrence free survival. DSS — Disease specific survival |
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Figure 4.11: Kaplan-Meier plots for includes versus excluded samples for the A OS outcome
measure and B the RFS outcome measure. Fits are coloured according to variable factors. Dotted
coloured lines represent the lower and upper 95% confidence intervals for respective plots. Grey
dotted lines indicate the median survival times. Points plotted on survival curves represent
patient censoring.
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Table 4.6: Multivariate models using the filtered DDLPS36 (MAD*2 cut) data.

0OS model . . L
(included) Categories Number HR (univariable) HR (multivariable)
Residual RO 17 (47.2) - -
Tumour
2.60 (0.93-7.32, 4.24 (1.29-13.93,
R1/R2 19 (52.8) 0=0.070) 0=0.017)
FNCLCC Grade | 2 31(86.1) - -
13.74 (3.82-49.45, 25.53 (5.62-116.05,
8 5(13.9) p<0.001) p<0.001)
RFS model
(included)
Residual RO 17(47.2) - .
Tumour
1.62(0.72-3.67, 2.13(0.90-5.05,
R1/R2 19 (52.8) 0=0.244) 0=0.085)
FNCLCC Grade | 2 31(86.1) - -
4.60(1.58-13.38, 6.04 (1.97-18.57,
8 5(13.9) p=0.005) p=0.002)
Gender 1 26 (72.2) - -
0.89(0.37-2.16, 0.68 (0.27-1.69,
2 10(27.8) p=0.804) p=0.402)
DSS model
(included)
M.ult|focal No 21 (60.0) i i
Disease
2.55(0.81-8.08, 2.86 (0.89-9.24,
ves 144000 _6.411) p=0.079)
62.9 0.97 (0.92-1.02, 0.96 (0.91-1.01,
Age Mean(SD) 159 0=0.196) p=0.141)

OS - overall survival. RFS - recurrence free survival. DSS - disease specific survival.
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Table 4.7: Multivariate models using the outlier samples from the 2*MAD cut.

0OS model Categories Number HR (univariable) HR (multivariable)
Residual Tumour RO 5(38.5) - -

R1/R2 8 (61.5) 1.53(0.16-14.80, p=0.712) 6.89 (0.28-169.05, p=0.237)
FNCLCC Grade 2 6 (46.2) - -

3 7 (53.8) 2.11(0.34-12.95, p=0.420) 6.61 (0.35-123.75, p=0.207)
RFS model
Residual Tumour RO 5(38.5) - -

R1/R2 8 (61.5) 3.73(0.44-31.33, p=0.225) 6.17 (0.52-73.03, p=0.149)
FNCLCC Grade 2 6 (46.2) - -

3 7 (53.8) 1.02 (0.25-4.10, p=0.981) 3.40 (0.24-48.39, p=0.366)
Gender 1 7 (50.0) - -
DSS model
Multifocal Disease NO 9(69.2) - -

YES 4(30.8) 2.23(0.29-16.85, p=0.439) 4.26 (0.08-227.88, p=0.475)
Age Mean (SD) 65.3(12.6) 1.04 (0.95-1.14, p=0.421) 0.96 (0.80-1.16, p=0.693)

OS - overall survival. RFS - recurrence free survival. DSS - disease specific survival.
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Finally, given the results from section 4.4.1.1, the relationship between the cut point used
and the methylation clusters form the TCGA SARC publication was assessed.® This identified
that these clusters are independent (chisq = 5.34, p-value = 0.068)). However, in assessing the
residuals it was identified that the M5 methylation cluster was significantly (chi square
standardised residuals = 2.22; Figure 4.12) represented in the included sample set (n = 36) but

not the excluded (n = 14).

Chi-Squared Standardised Residuals

M5

Standardised Residual

B

1
M4 09 0.9
0

-1

.

Methylation Cluster

M1

Outlier Status

Figure 4.12: The standardised chi squared residuals for outlier status versus Methylation
Cluster. Outlier status is the status of whether samples passed the sample network metrics
quality control. Methylation cluster denotes the cluster that DDLPS patients were assigned in
the TCGA SARC publication based on DNA methylation.®
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4.4.1.3 Scale-free topology analysis

To determine whether the gene expression data exhibited scale-free topology, a likelihood
ratio test was utilised to assess whether the data was best described by a power law or an
alternative exponential model. The test was applied to four datasets: the 2xMAD threshold data
(n =36, DDLPS36), the original data (n = 50, DDLPS50), a 1.5xMAD threshold (n =34, DDLPS34),
and using the median value (n = 16, DDLPS16).

The results indicated that the DDLPS36 data adhered more closely to a power law
distribution for powers beta = 10 (as shown in Figure 4.13A). This contrasted with DDLPS50,
where such a pattern was not observed for the powers tested (Figure 4.13B). Furthermore, the
test statistics and significance values for a power law distribution were found to be higher in the
DDLPS36 dataset compared to the original data (as depicted in Figure 4.13A-B). This trend is
also observed in the DDLPS34 data which provides similar results to the DDLPS36 data (Figure
4.13C). When using the median as the cutting threshold, an exponential distribution begins to
become more apparent (Figure 4.13D) and is more comparable to the original data (Figure
4.13A). This suggests that both the DDLPS36 and DDLPS34 data subsets provides a more

unform dataset for WGCNA analysis as compared to the original data and using the median.

151



Chapter 4
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Figure 4.13: Goodness-of-fit of connectivity distribution for power law versus an alternative
exponential distribution for: A. A 2*MAD threshold (DDLPS36) on sample network metrics. The
result for a power of 2 could not be reported as it retrieved “NA” in statistical testing. B.
Connectivity distribution with no sample network metric filtering (DDLPS50). C. A 1*MAD
threshold (DDLPS34) and D. Using the Median scaled connectivity and clustering coefficient as
the threshold (DDLPS16). Red dotted line indicates a significant result from a likelihood ratio test
(-log10(p-value) = 1.3) where any point above the line is significantly described by one of the
distributions tested. The normalised likelihood ratio test statistic details which model is best
fitted where any point right of the solid black line is best described by a power law distribution

and any point left of the black line is best described with the alternative exponential distribution.
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In this approach where sample number is an important consideration, it is desirable to
maintain as many samples as possible whilst maximising scale-free topology. For this reason,
DDLPS34 was not considered over the DDLPS36 subset. Then the DDLPS36 was compared
against the best of 50 random permutations of outlier exclusions (using the 36:14 split of
DDLPS36) (Figure 4.14A-B). This showed that for most powers, the gene connectivity of random
partitions was highly significantly described by an exponential distribution versus a power law
(Figure 4.14B). However, for powers of 14, 16 and 20, it is observed that the random shuffling is

described better by a power law distribution (Figure 4.14B).

Samples flagged for exclusion based on outlying expression levels using a 2*MAD
threshold on sample network metrics are associated with higher mutational load, tumour grade
and have better survival outcomes (OS and RFS) when adjusting for tumour grade and residual
margin, but not in univariate testing. Due to sample size, it is difficult to draw robust
conclusions. The outlying samples did not represent a specific disease subtype, based on
annotations available, and removal was considered to benefit the identification of drug targets

using the GCN.
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Figure 4.14: Goodness-of-fit of connectivity distribution for power law versus an alternative
exponential distribution for: A The DDLPS36 data and B The maximum values from 50
permutations or random removals of 14 samples from the original cohort. Red dotted line
indicates a significant result from a likelihood ratio test (-log10(p-value) = 1.3) where any point
above the line is significantly described by one of the distributions tested. The normalised
likelihood ratio test statistic details which model is best fitted where any point right of the solid
black line is best described by a power law distribution and any point left of the black line is best
described with the alternative exponential distribution.
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4.4.1.4 Selection of the soft-thresholding power

The selection of the most suitable soft-thresholding power is an important step in
WGCNA. In this analysis, the commonly used power of 12 was compared against the power of
14, where the R? value inflects (Figure 4.8 - 2xMAD) as well as the power of 10 where a power
law fit becomes significant (Figure 4.14A). To illustrate the effects of soft-thresholding and the
necessity for higher powers in signed networks, a power of 6 was also evaluated. The gene

connectivity distribution for these powers was subsequently tested (Figure 4.15A-H; Table 4.8).

For the power of 6, the connectivity distribution appeared more homogenous, resembling
an exponential-like distribution (Figure 4.15A). In agreement with the goodness-of-fit testing
(Figure 4.15B), the low R? value of 0.64 indicated that at this power, the data did not exhibit
scale-free topology (Figure 4.15B). This is supported by the power of 6 giving a very high mean
connectivity of 463 (Table 4.15A).

The power of 10 (Figure 4.15C) shows a better R? fit (Figure 4.15D) of 0.93 as compared to
the power of 6, although contains genes that have a markedly higher connectivity with a mean
value of 81 (Figure 4.15C; Table 4.8) as compared to power of 12 with a mean value of 39
(Figure 4.15C; table 4.8). In comparing powers of 12 and 14, it was observed that the power of
14 skews gene connectivity towards a closer fit for a scale-free topology as compared to the
power of 12 (Figure 4.15C-E). However, powers > 12 resulted in a substantial reduction in both
mean (20) and maximum (179) connectivity in the network (Figure 4.15E-F; Figure 4.15H-G;
Figure 4.16A-C; Table 4.8). This also led to a sizeable increase in the number of unassigned

genes from downstream clustering (e.g., power of 14, 7027/16032 - Table 4.8).

The power of 10 (0.93; Figure 4.15D) had a reduced R?fitting index as compared to the
power of 12 (0.97; Figure 4.15F) and showed lower significance in the formal goodness-of-fit
testing (Figure 4.14B). In WGCNA, “grey” modules, are typically used to label a module for
genes that are “unassigned” or independent in their patterns of co-expression. The power of 10
provides a smaller “grey” module, containing just 59 genes (Table 4.8) as compared to the
2,012 for power of 12. However, the power of 12 shows a gene connectivity distribution that
adheres better to the assumptions of a scale-free topology. The selection of the soft-
thresholding power is a balance between achieving a scale-free topology and maintaining
meaningful connectivity in the network. After careful consideration, a soft-thresholding power of

12 was chosen, as this value provided the best balance between these two objectives.
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Figure 4.15: Assessment of degree distribution and fit to power law distribution for three powers
of beta. A degree distribution and B fitting index for beta of 6. C degree distribution and D fitting
index for beta of 10. E degree distribution and F fitting index for beta of 12, the recommended
power for WGCNA. G degree distribution and H fitting index for beta of 15.
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Table 4.8: Summary of gene connectivity values and unassigned genes from downstream

clustering analysis

Max Mean
power Maxsize Mean size Size of grey module connectivity connectivity
6 202 59.38 NA 846.47 463.57
10 178 61.43 59 323.87 81.05
12 263 57.46 2012 233.95 38.80
14 215 50.88 7027 178.81 20.06
A Connectivity across SFT powers B Connectivity across SFT powers Cc Connectivity across SFT powers
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Figure 4.16: Summary of connectivity (k) across powers. A The mean k, B the max k and C the

median k.
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4.4.2 Evaluating GCN partitions

4.4.2.1 GCN partition ranking

Overall, there were 40 distinct GCN partitions assessed, each with a different number of
modules and number of genes within those modules (Table 4.9). Maximum module sizes range
from 931 to 12,553, minimum modules correspond to the baseline minimum value set for
dynamic tree cutting of 30 ranging from 30 to 1,342. Mean module sizes range from 60 to 4,008
genes. In WGCNA, “grey” modules. The size of the grey modules ranges from 0 to 10,120 (Table
4.9). When considering max module sizes, the grey module was not counted, as it was observed
that for some partitions the grey module was very large (e.g., containing >50% of expressed
genes) (Table 4.9). Wards D method provided the largest modules overall with no “grey”
module. Ward D2 and Single provided similar module sizes, followed by average, and then
complete linkage producing the module with the smaller number of genes. Complete (paired
with low sensitivity parameter values) and single linkage methods produced the largest “grey”
modules. Wards methods produced no grey modules, with average producing the second
smallest grey modules. Increased sensitivity parameter for the dynamic cut increased the
number of modules and decreased the module size. A mean TOM threshold produced smaller

modules compared to a minimum TOM threshold although the overall pattern was similar.
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Table 4.9: Descriptive metrics for module number and sizes across GCN partitions.

Max Min Mean Size of
Number of module  module  module “grey”

Partition modules size size size module

Min complete 4 266 1201 30 60.27068 1201
Min complete 3 245 2012 30 65.43673 2012
Mean complete 4 239 1960 30 67.0795 1960
Mean complete 3 213 2869 30 75.26761 2869
Min complete 2 138 5844 30 116.1739 5844
Mean complete 2 130 5453 30 123.3231 5453
Mean average 4 114 1445 33 140.6316 582
Min average 4 90 2098 31 178.1333 463
Mean complete 1 74 8556 32 216.6486 8556
Mean average 3 74 1434 37 216.6486 758
Mean ward.D2 4 72 931 32 222.6667 0
Min average 3 71 2130 36 225.8028 561
Min ward.D2 4 69 1162 42 232.3478 0
Min complete 1 68 10120 30 235.7647 10120
Mean ward.D2 3 39 2201 73 411.0769 0
Min ward.D2 3 33 1816 83 485.8182 0
Mean average 2 30 1991 58 534.4 1449
Min average 2 28 2513 39 572.5714 645
Min ward.D 4 19 3722 86 843.7895 0
Mean ward.D 4 19 4209 81 843.7895 0
Min ward.D2 2 18 3411 83 890.6667 0
Mean ward.D2 2 18 4662 88 890.6667 0
Min ward.D2 1 14 4043 83 1145.143 0
Mean ward.D 3 13 4958 90 1233.231 0
Mean ward.D2 1 13 6299 88 1233.231 0
Mean average 1 13 2187 203 1233.231 1769
Min ward.D 3 12 4908 86 1336 0
Min average 1 11 3296 167 1457.455 1953
Mean single 4 7 4891 827 2290.286 4891
Min ward.D 2 6 6876 156 2672 0
Min single 2 6 6313 955 2672 6313
Min single 3 6 6314 955 2672 6314
Min single 4 6 6312 954 2672 6312
Mean ward.D 2 6 6790 258 2672 0
Mean single 1 6 5498 1342 2672 5498
Mean single 2 6 5497 1342 2672 5497
Mean single 3 6 5499 1342 2672 5499
Min single 1 5 5469 959 3206.4 5469
Min ward.D 1 4 12195 260 4008 0
Mean ward.D 1 4 12553 258 4008 0

Partition nomenclature details the TOM calculation used as either Mean or Min , then the
hierarchical clustering linkage method used being one of Single, Complete, Average,
Ward.D and Ward.D2, then followed by the sensitivity parameter of the dynamic cutting
algorithm from 1 to 4. Module size calculations were made after the exclusion of the “grey”
module which depicts unassigned (or independent) genes.
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Partitions showed a range of IMC values across module size (Figure 4.17). Those derived

using the mean TOMs yielded the highest overall IMC value, likely attributed to the average

module size (Figure 4.11). GCN partitions derived from complete linkage using TOM min or TOM

mean with a cutting sensitivity of 2 or above also showed high IMC compared to other methods

(Figure 4.17). Moreover, they produced more modules, with complete linkage and a cutting

sensitivity of 3 or above, for either TOM min or TOM mean, yielding over 200 modules (Figure

4.17).
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Figure 4.17: Intramodular connectivity across partitions of GCN derived from

different GCN

construction, clustering and cutting options available in the WGCNA. Higher intramodular

connectivity values indicate modules with tighter co-expression.
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Assessing the maximum correlation values of kWithin against the GS measure indicated
that GCN partitions from the complete-linkage methods provided the highest correlation values
for the Clinical GS (Figure 4.18A), Dependency GS (Figure 4.18B), and DEG GS (Figure 4.18C).
These high values typically correspond to the GCNs calculated using the TOM min (Figure
4.18A-B), except for mean_complete_2 in the DEG GS (Figure 4.18C). The minimum values
represent the negative correlations, which can be inferred as being not associated with DDLPS.
These also indicated that the complete linkage method performed best (Figure 4.19A-C),
except for mean_average_4 in the DEG GS (Figure 4.19C). TOM mean provided lower minimum
values for both the clinical GS (Figure 4.13A) and DEG GS (Figure 4.13C). Using the minimum
and maximum values to rank the GCN partitions revealed that the partition derived from the
TOM min, complete linkage with a cutting sensitivity of 3 (min_complete_3) provided the overall

best partition (Table 4.10). This partition contained 245 modules of co-expressed genes.
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Table 4.10: Top 10 highest ranked partitions. Each of the summaries for GS vs IMC results were ranked. The sum of these ranks were taken (sum) where a lower
sum rank indicates a higher rank overall.

partition Modules GSv(ernI\;InC) GSvsMI (max) DMvsMI_min DMvsMI_max DEGvsMI_min DEGvsMI_max :: Rank
min_complete_3 245 -0.597 0.632 -0.437 0.624 -0.423 0.675 31 1
min_complete_4 266 -0.597 0.632 -0.437 0.624 -0.423 0.675 33 2
mean_complete_4 239 -0.609 0.6 -0.387 0.584 -0.455 0.651 40 3
mean_complete_3 213 -0.609 0.564 -0.387 0.584 -0.455 0.651 43 4
min_complete_2 138 -0.389 0.543 -0.265 0.624 -0.423 0.661 53 5
mean_complete_2 130 -0.365 0.479 -0.387 0.584 -0.391 0.695 55 6
min_complete_1 68 -0.389 0.507 -0.26 0.624 -0.37 0.661 57 7
mean_complete_1 74 -0.376 0.488 -0.387 0.584 -0.41 0.595 60 8
mean_average_4 114 -0.531 0.353 -0.318 0.409 -0.46 0.489 65 9
min_average_4 90 -0.408 0.386 -0.307 0.305 -0.285 0.395 83 10
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To demonstrate the overlap between partitions, modules in which MDM2 and CDK4, two

key genes in WDLPS/DDLPS tumorigenesis, were sorted into were compared for size (Figure

4.20A-B) and co-occurring genes (Figure 4.20C-D). Across partitions it is observed that the

number of genes in each of the “MDM2” and “CDK4” modules have consistent sizes for more

than half of the partitions. “MDM2” module shows a higher concordance of co-expressed genes

between partitions as compared to the “CDK4” module (Figure 4.20C-D). This suggests that for

many partitions the overlap between partitions is higher (single, Ward D, Ward D2) compared to

some partitions (complete, average) where there is a drop-off of concordant module genes.

However, itis also observed that there are “core” co-expressed genes with both MDM2 and

CDK4 that have high occurrence across partitions (Figure 4.20C-D).
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Figure 4.20: Overlap between partitions. Number of genes partitioned into the same module as
A MDM2 and B CDK4 across the different partitions. Wordclouds representing co-occurring
genes with C MDM2 and D CDK4 where darker and larger words have higher occurrence in the

same module across partitions.
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4.4.2.2 Permutation of module gene assignment

A robust GCN partition would contain underlying patterns of connectivity associated with
DDLPS biology and not by random distribution alone. To test this the gene IDs were randomly
scrambled, keeping the module number and size constant, creating 200 partitions with
randomly shuffled module gene assignments. Comparing the chosen GCN partition
(min_complete_3) with the random permutations (Figure 4.21), indicated that the chosen
partition showed patterns of gene connectivity that are associated with biological relevance
and not by random noise alone. These were all tested as significantly higher (p < 0.05) in the

chosen GCN partition as compared to the random partitions.
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Figure 4.21: Permutation testing for min_complete_3 (blue dot) against random partitions. A the
intramodular connectivity (k-within). K-within was correlated with each of the three GS measures
for each module and summarised according to the max, min, and mean values of their pairwise
bicor correlation for B-D: Clinical GS E-G: DEG GS and H-J: Gene Dependency (GD) GS.
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4.4.3 Module Preservation Analysis

To validate module co-expression patterns within the TCGA SARC DDLPS GCN module
preservation analysis was conducted using the NCC dataset (Figure 4.22). To summarise
preservation and infer statistical significance, the composite Zsummary preservation score was
used. This revealed that in the TCGA SARC DDLPS GCN 199/244 modules (81.5%) with a
Zsummary > 2. Of these, 183 (75%) had a Zsummary >2 <10 and 16 (6.6%) had Zsummary > 10.
There were 45 (18.4%) modules that had a Zsummary < 2 and were not significantly preserved.
The gold module had a Zsummary = 1.7, showing that random sampling could not attain
preservation levels that were significant suggesting that modules obtaining significance are due
to underlying patterns in the data. Module preservation Zsummary shows a weak correlation
with module size (Pearson r=0.31), where Zsummary is expected to be dependent on the size

of the module.?5?

Module preservation
Correlation: 0.31

20

Preservation Zsummary score

50 100 150 200 250
Module size

Figure 4.22: Module preservation analysis results as represented by the Zsummary preservation
score, a composite score of seven network metrics between the reference (TCGA SARC DDLPS
GCN) and the test (NCC) data. Modules are coloured uniquely (n = 244). The black dotted circle
represents the “gold” module which is a module of 248 randomly samples genes form the whole
network. The red line indicates a 2 < Zsummary < 10 and the purple line indicates a Zsummay >
10. The correlation coefficient (0.31) between Zsummary and module size was calculated using
the Pearson correlation.
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4.5 Discussion

This chapter defines a robust GCN partition, which will be taken forward in subsequent
chapters for module screening. The selected GCN was derived using the TOM min calculation
and partitioned using complete linkage hierarchical clustering, with a dynamic tree cut
sensitivity of three. The default methodology for WGCNA is to use the TOM min, while the TOM
mean is considered an experimental feature.®* Typically, TOM mean can identify more densely
co-expressed modules compared to the TOM min. However, for smaller datasets, TOM min

helps protect against outlying or spurious genes by taking the minimum sum of adjacencies.’®

The observed module numbers across partitions are consistent with the expectations for
different linkage types and sensitivity parameters. Both Ward’s D1 linkage and single linkages,
regardless of sensitivity, yield fewer than 20 unique modules. Single linkage methods, which
calculate the minimum distance between clusters, often lead to elongated, chain-like
modules. Ward D generates dendrograms like single linkage, as it minimises the sum of
squared distances from the cluster mean. Conversely, Ward’s D2 typically generates more
clusters than D1, as this algorithm calculates distances from cluster centroids rather than the
mean. The average method yields a cluster count that falls between that of single and complete
linkage. Average linkage was designed to strike a balance between the large clusters seenin
single linkage and the reduced sensitivity to outliers observed in complete linkage. Complete
linkage, which uses the maximum distance between cluster objects to define clusters, resulted
in a GCN partition comprising 245 modules when the tree cutting algorithm’s cutting sensitivity
was set to three. This outcome is expected, as the maximum distance prevents the formation of
large single clusters through object chaining, a phenomenon observed with the single linkage
method.**® However, this approach is more susceptible to errors caused by gene outliers within

the pre-cluster, as it calculates the maximum distance.

In assessing the scale-free distribution of gene connectivity among soft-thresholding
powers, it was found that using powers greater than 12 resulted in markedly reduced mean and
maximum connectivity values. This was expected as higher powers suppress lower correlation
values closer towards 0. A power of 12 struck a balance between a more homogenous degree

distribution and a scale-free topology with culled gene connectivity values.
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Most studies using WGCNA tend to ignore sample network metrics, opting instead to use
sample dendrograms followed by a static cut.?**?*' Studies that do consider sample network
metrics typically rely solely on the standardised (z-scored) scaled connectivity alone to identify
and filter outliers.****% This approach overlooks the clustering coefficient and the pairwise

relationship with scaled connectivity leaving valuable network information unevaluated.?

A common approach to reduce noise involves to pre-filtering genes used for GCN
construction by only taking the top n genes with the highest variance. However, this approach
was not adopted here, as it was important to consider all genes passing read count filtering to
preserve information regarding gene connectivity. Filtering prior to WGCNA can break the
assumptions of a scale-free network, which is why the authors of WGCNA advise against
it.2342% Additionally, non-uniformity in sample gene expression profiles can alter the results of
variance-based filtering, leading to poor gene connectivity distributions among the retained

genes.

In this chapter, comprehensive QC is shown to be beneficial. Post-QC the data better fits
the assumptions of WGCNA. PCA and hierarchical clustering combined with sample network

metrics on TCGA SARC DDLPS gene expression data, effectively identified outliers.

Initial clustering results from HCPC clustering indicated outliers and subsequent
exploration identified that cluster 1 was enriched for patients belonging to the M5 methylation
cluster from the TCGA publication.® In their analysis M5 cluster contained mostly DDLPS and
LMS patients that showed poor prognosis. Indeed, after also cross referencing the methylation
clusters with the groups identified through sample network metrics revealed that included
samples were enriched for this poor prognostic cluster. Immune annotations were also
observed in DEGs upregulated in the HCPC cluster 1. Hence methylation data should be

inspected in future analyses, especially for any modules retrieving immune annotations.

Outlying samples demonstrated better survival probabilities when corrected for tumour
grade and residual margin variables and showed a higher mutational load. Generally, somatic
mutation analyses on DDLPS suggest that these tumours are characterised by a low mutational
burden compared to other solid tumours.® Differences in somatic mutation burden then might
be non-consequential and could even stem from inaccuracies/false positives from the calling
pipelines used by TCGA SARC. Furthermore, differences in survival outcomes are likely driven
by sample size, which makes it difficult to make robust conclusions. All samples here are

robustly DDLPS, having not only undergone diagnostic panels, but also an independent review
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panel for the TCGA study. Removing these outliers significantly improved the underlying scale-

free topology of the GCN.34¢

In this project, two key assumptions underpin the decision to remove outlying samples.
First, GCNs are assumed to exhibit a scale-free topology. Second, under the first assumption,
hub-genes, are believed to play a crucial role in diseased processes.?*®?*° Under these
assumptions, hub-genes, or other genes associated through co-expression, may represent
potential drug targets. By maximising scale-free topology, through the removal of outlying
samples, the GCN can better distinguish hubs from non-hubs. This observation is
demonstrated in Figure 4.3 and Figure 4.9, where a closer adherence to a scale-free topology
results in clearer hub definition. Therefore, excluding these samples was deemed beneficial for

the goal of identifying drug targets.

In this chapter, several methods for generating GCN partitions are tested on the filtered
(DDLPS36) dataset, and the best partition is defined. Disease studies using WGCNA do not
typically test node-trait relationships from a QC perspective, nor do they employ random
permutations where gene assignments are scrambled to generate random networks.4%¢4%
Comparing to random networks, a common practice in network science, allows for the
comparison of a network to a null model, and helps infer whether networks arise from random

stochastic processes or underlying biological processes.

Inherently, scale-free networks display “preferential attachment”, a growth mechanism
describing the evolution of such networks. This is often illustrated in social interaction
networks, where new nodes entering the network are more likely to attach to existing influential
hubs, following a “rich get richer” pattern. In contrast, a random stochastic network should

exhibit roughly equal probability for a new node to attach to any existing node.

Assessing random permutations coupled with module preservation analysis, allows us to
ascertain the robustness of the network. Here, it is demonstrated that the network partition
shows a significantly higher distribution of IMC vs GS and preserves modular patterns of co-

expression in an independent dataset.

Finally, module preservation analysis was conducted to validate modular patterns of co-
expression in the NCC dataset where it was found that 81.5% of all modules were significantly
preserved, and 6.6% showed highly significant preservation. In downstream analysis this will be
an important consideration for selecting modules for further investigation and drug target

screening. This method was not selected in the assessment of partitions as the primary
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composite score for preservation, the Zsummary statistic, is dependent on module size. The
partitions tested showed various max module sizes (excluding “grey” module) from 1,201 (7.5%

of expressed genes) to 12,553 (78.3%) and would not be a fair comparison between partitions.

The main limitation going forward is sample size. This limitation presents a significant
challenge to clustering algorithms and hinders our ability to identify the factors driving
heterogeneity within the cohort. Despite this limitation, a robust DDLPS GCN partition has been
identified and validated using an independent DDLPS disease cohort. Furthermore, using
metrics that aim to summarise the module, for example the IMC as used in this chapter to
select the GCN partition, or the module eigengene (ME), can aim in reducing noise attributed to

low sample number.?’
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Chapter 5 Characterising the underlying biology within
the DDLPS GCN

5.1 Introduction

In Section 4, a GCN partition with 245 modules of co-expressed genes was constructed
using WGCNA on DDLPS RNA-seq data from the TCGA SARC data.’* WGCNA assumes that
modules within this GCN contain functionally related genes with similar biological roles and are
under shared regulation.?®* Therefore, it is important to provide biological context to these

modules, their genes, and the relationships observed in the GCN.%’

To understand higher-order relationships between modules, eigengene networks (EGNSs)
are constructed and the ME-based connectivity (kME), is derived from the correlation of a gene
expression profile to the ME expression (see section 1.2.3). ' EGNs have far fewer edges than
GCNs (global), providing a streamlined and effective approach to analyse complex gene co-
expression data. They are also useful for data integration to explain observed patterns of gene
co-expression. Acommon approach is the integration of functional enrichment analysis (e.g.,
Gene set enrichment analysis - GSEA, overrepresentation analysis — ORA, etc) which can be
displayed using module-term annotations, or using quantified measures of enrichment (e.g.,
enrichment scores and/or statistical significance). These annotations can be used to label
modules and sort them into communities within the EGN in a supervised manner, or
alternatively communities can be detected using unsupervised clustering (e.g., Louvain
Community Detection) relying on network characteristics (e.g., scaled intramodular

connectivity and modularity gain) or other clustering approaches (e.g., k-means).291:308:409-411

Modules are selected for further inspection based on a characteristic of interest, called a
gene significance (GS) measure, which pertains to the significance of a gene in the context of
the disease. In Section 4.1, three GS measures were proposed and used in Section 4.4 to
identify a robust GCN partition through correlation with intramodular connectivity (IMC). These
GS measures are:

1. Correlation of gene expression values to the deviance residuals from the OS
multivariate Cox PH model (section 3.4.3.1).
2. LogFC signed -log10 FDR-adjusted p-value from differential gene expression analysis of

a DDLPS vs WDLPS vs adipose contrast.
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3. The mean gene effect scores from DepMap CRISPR-Cas9 inferred cancer vulnerabilities

in DDLPS cell lines (LPS141, LPS853, LPS510).3"

Other studies (as discussed in Section 1.3) with similar aims integrate the results from
several computational experiments and have been conducted across cancer types.?*>**' Such
studies have been conducted in various cancer types.?48307-3101247.311.312 Ty g studies in DDLPS
have been conducted using such approaches.?**?°' These studies leverage information from
various aspects of disease biology to pinpoint key elements, allowing hypotheses on the
functional relevance of patterns observed. However, these studies typically only consider the
positive correlations to GS measures describing adverse disease phenotypes, pro-tumour, or
poor clinical outcomes. Both signs of the correlation are important and describe processes that

interplay and result in the disease phenotype.

Recently, a single-cell RNA sequencing analysis in DDLPS (Section 1.1.3)'*® revealed
transcriptomic profiles in WD/DDLPS similar to adipose stromal progenitor cells (ASPCs),
which are pluripotent cells in white-adipose tissue (WATs). This indicates a shared progenitor
for WDLPS and DDLPS, through conserved genomic alterations such as MDM2 amplification.
Key differences between the WDLPS and DDLPS TMEs were noted. DDLPS exhibited stronger
signals for angiogenesis, proliferation, and metastasis, whereas WDLPS showed stronger
signals for adipogenesis. DDLPS was found to possess a more tumour permissive TME, with
higher TGF-B signalling and a higher presence of immunosuppressive immune cells. This
dataset can be overlayed with the GCN derived from bulk-RNA sequencing to validate and
deconvolute gene signatures that correspond to the tumour and its stroma. Furthermore, co-
expression of genes and their programmes can be driven by other cells within the
microenvironment due to cell-cell communication.*’? These patterns are captured by bulk RNA-

sequencing but can be further delineated using scRNA-seq data to infer cell types.

In this chapter, GCN modules are first explored for significant enrichment in biological
processes and molecular pathways to provide a broad biological context to the underlying
functions in the GCN. The three GS measures are used to rank modules to screen out modules
of interest and those corresponding to a favourable outcome are then scrutinised.
Subsequently, single-cell data from the Institute Curie will be leveraged to deconvolute the
TCGA DDLPS GCN and further explain and validate the observed modular cell type signature

associations.’®
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5.2 Chapter aims and objectives.

Hypothesis: A weighed gene co-expression network partition contains modules that represent
biologically relevant functions within the tumour and its microenvironment, contributing to

disease biology.
Chapter Aims and Objectives:

Aim 1 - Characterisation of DDLPS GCN modular relationships and biology

Objective 1.1: Use the Louvain Community Detection algorithm to highlight inter-module
relationships.

Objective 1.2: Use available human gene sets (e.g., from MSigDB) to provide biological context
to modules and overlay with results from community detection to identify concordance
between approaches.

Objective 1.3: Integrate single-cell RNA-sequencing data to identify cell type associations
within the GCN partition.

Objective 1.4: Conduct enrichment analysis on an independent RNA-sequencing dataset to

identify any concordance between these findings.

Aim 2 - Identify modules of interest using GS measures and elucidate modular
mechanisms.

Objective 2.1: Explore the modular distribution of GS measures in the GCN partition.
Objective 2.2: Use these GS measures to rank and select modules of interest for further

exploration.

Aim 3 - Inspect modules associated with a favourable outcome.

Objective 3.1: Perform an in-depth modular enrichment analysis on modules associated with
favourable outcomes.

Objective 3.2: Integrate cell type clusters identified in scRNA-seq data to highlight cell type

interplay in top-ranked modules.
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5.3 Methods

5.3.1 GCN construction and module detection

The WGCNA package and its uses are described in-depth in Section 1.3.3. The WGCNAR
package was used for the gene co-expression network (GCN) analysis of bulk RNA-sequencing
data (TCGA SARC and NCC datasets — see section 3.4.1). Filtered (see section 2.8) and
normalised gene expression counts from the TCGA SARC data® were used as input to WCGNA.
Quality control was conducted using sample dendrograms, principal component analysis, and
sample network metrics as described in section 4.3.2. Justifications for the choice of the
following WGCNA parameters are outlined in detail in section 4.4.2. Gene adjacencies were
calculated using the ‘adjacency’ function, specifying a signed network using the Spearman
correlation coefficient and a power of 12. Spearman correlation was chosen to account for
gene outliers and account for non-linear gene expression relationships. To build a weighted
(see section 1.3.3) GCN the adjacency was used as input to the ‘TOMsimilarity’ function
specifying a “signed” network, and a TOMdenom of “min”, which is the minimum between
adjacency values.*"®* The TOM dissimilarity (1 - TOM) was calculated and clustered using a
hierarchical clustering algorithm with complete linkage. Modules were defined using a dynamic
tree cutting algorithm with a sensitivity parameter (DeepSplit) of four (justifications for these

options are provided in section 4.4.1-4.4.2).

Given differences in RNA-seq library preparation methods, an additional normalization
step was applied to the NCC dataset'"* to ensure compatibility with the TCGA SARC data for
downstream analysis. The gene expression matrix was subset according to matching Ensembl
gene IDs in the TCGA DDLPS data, resulting in 14,441 genes compared to the 16,032 genes in
the TCGA SARC data post-filtering. Subsequent WGCNA methods were identical to those
described for the TCGA DDLPS data.

5.3.2 Module eigengene calculation, correlation, and adjacency

MEs were calculated using the ‘ModuleEigengenes’ function giving a ME expression for
each module per patient (for the TCGA DDLPS GCN this derived 245 MEs). The kME (see
section 1.3.3) was calculated by computing the Spearman correlation between gene
expression values and the ME expression. To construct the signed adjacency matrix for the
EGN, adjacency values were calculated using the formula 0.5 + correlation(MEi, MEj)? /2,

where j and j are modules represented by their ME. The diagonal of the ME adjacency was
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zeroed to remove self-adjacency values of 1. This adjacency is the eigengene network (EGN)

represented as a matrix.

The EGN matrix was then exported as an edge data frame using the ‘exportToVisant’
function (WGCNA package) using an adjacency threshold of 0.8 and subsequently converted to
an igraph object using the ‘graph_from_data_frame’ function. The hard threshold of 0.8 for the
adjacency was chosen to retain only positive correlations of a high value whilst preserving
network structure. The EGN was then projected as described in section 2.12, using the

VisNetwork R package (version 2.1.2).

5.3.3 Louvain community detection

The Louvain community detection algorithm within the igraph R package (version 2.0.3),
using the ‘cluster-louvain’ function, was employed to identify communities within the EGN.34°
This step enables the detection of communities containing modules of shared function and can
be paired with downstream results (e.g., GSEA) for interpretation of modular relationships.
Initially, nodes are assigned to independent communities and moved locally to a community
that maximises modularity (the optimal number of edges or the highest degree density). This
process is then repeated at the community level, where nodes represent communities, merging
them if it maximises modularity. The process continues until maximum modularity gain is
reached. The Igraph implementation processes nodes randomly, making it a stochastic
process.*' The Igraph implementation was favoured over setting a seed for the Louvain
algorithm due to its balance of fast computation time and accuracy.*™ In this application,
degree represents the ME connectivity, meaning communities represent MEs that are
maximally connected. Under the assumptions made by WGCNA, modules represent genes with
similar underlying biological functions and shared transcriptional regulation, so ME

communities represent modules of correlated function and shared regulation.

5.3.4 Module gene set/pathway annotations

To identify enriched biological functions within network modules, a pre-ranked gene set
enrichment analysis (GSEA) was conducted using the fgsea R package*'® (version 1.31.0) and
gene sets from MSigDB.*'® These gene sets included “hallmark - C1”, “Reactome — C2:CP
subset”, and “GOBP”. These gene sets were chosen based on them describing multiple
molecular functions, pathways and biological processes that are often pertinent to disease.

The gene list used as input for testing against gene sets included all GCN genes named

174



Chapter 5

according to HGNC symbols and ranked according to the KME for each module. Ranking using

the KkME was preserved and detected fuzzy module-gene relationships and related annotations.

In addition to pre-ranked GSEA, gene overrepresentation analysis (ORA) was conducted
using the ToppFun (Transcriptome, Ontology, Phenotype, Proteome, and Pharmacome
Annotations based gene list Functional Enrichment Analysis) online tool available as part of the
ToppGene Suite (toppgene.cchmc.org).*’” The multiple protein query and annotations tool at
STRING (Search Tool For Recurring Instances of Neighbouring Genes), available on the STRING
website (string-db.org), was also utilised.?”” These tools allowed for quick assessment of gene
lists derived from the module gene assignment (using the module labels to define module gene
membership), genes overlapping between modules and single-cell clusters, genes differentially

expressed between subsets, and top methylated probes.

5.3.5 Module screening

Module screening was conducted using the GS measures described in sections 4.1 and
5.1. The Intramodular connectivity (IMC) was calculated as described in section 4.3.6 and
correlated with each of the three GS measures. Justifications for this approach are detailed in
sections 4.1 and 4.3.6. The Spearman correlation value of the IMC versus GS was used to rank
the modules. Modules with a higher absolute correlation between intramodular connectivity
and GS measures are inferred to have higher biological significance.?® The selected GS
measures detail inferred tumour gene dependencies, transcriptomic reprogramming (via
differential gene expression), and insight into the correlation of gene expression with the risk of
death over time. Hence, top ranking modules could be seen as “unfavourable”, representing
molecular or clinical signatures linked to poor disease outcomes such as increased
proliferation (e.g., cell cycle). Conversely, modules negatively correlated with the GS measures
may indicate inverse characteristics (e.g., immune activation or apoptosis) and can be seen as

“favourable”.

5.3.6 Module network concepts

After identifying modules of interest using the module screening strategy these were
explored using gene connectivity network concepts; the maximum adjacency ratio (MAR), the
scaled connectivity (SC) and the clustering coefficient (CC) which are recommended by the
authors of WGCNA for identifying hub-structures within the module.*®’ This was calculated

using the ‘fundamentalnetworkconcepts’ function from the WGCNA R package. Using these
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metrics can highlight patterns of connectivity within the module and allude to the module hub
gene by degree centrality. Intramodular connectivity patterns are important to network analysis
as genes with higher connectivity may be of importance to the biological function represented

in the module.

5.3.7 Methylation data

Methylation data from the Illumina 450k platform and methylation probe annotations
available in the TCGA SARC were acquired using the TCGA biolinks R package.3?® Methylation
expression and annotation objects were filtered first by a mapping quality of >60 at both
mapped sites, where a mapping quality of 60 represents unique mapping*’'. Probes were
selected based on having annotated gene names that matched the TCGA SARC DDLPS
processed RNA-seq data (see section 2.6) from available annotations. Probes with a mapping
quality of < 60 and no matching gene annotation were removed from further analysis.
Differentially methylated probes were identified according to the 100 most variable probes

among the samples.

To integrate the methylation data with the GCN, the absolute Spearman correlation
between the probes CpG methylation value and the MEs was calculated, identifying both
positive and negative correlates. The top 200 correlated probes with MEs were then filtered to
those having a matching HGNC gene symbol annotation. These top variable and correlated
probes were inspected for the relationship between gene expression and methylation. A
function was created to calculate the Spearman correlation between gene expression and CpG
methylation values, along with a p-value. Additionally, the sequence to which these probes
maps (start and end — available in the annotations) was extracted, and a scatter plot was

generated for visualisation.

5.3.8 Genomic contexture of methylation probes

To identify the genomic position of the 450k methylation probes, and assess whether these are
within enhancer/promoter regions in genes of interest the NCBI Genome Viewer online tool
(available at https://www.ncbi.nlm.nih.gov/gdv/browser/genome/) was used.*'® Probe positions
were taken from the gene annotation data (hg38) available from the TCGA SARC project.® The
beginning and end positions were manually tagged on the NCBI GDV. The Following tracks were

loaded:
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Intronic coverage: describes the relative coverage of genomic DNA reads mapping to these

positions.

Exonic coverage: describes the relative coverage of genomic DNA reads mapping to these

positions.
CpG islands track: displays known high frequencies of CpG sites.

Enhancer regions: identifies potential intragenic regulatory elements that may be methylated to

regulate gene expression.*'®

5.3.9 ScRNA-seq analysis, module overlap and exploration.

10X Genomics single-cell RNA-sequencing data on 11 DDLPS patient samples was kindly
provided by Sarah Watson at the institute-curie, including 28029 cells prior to filtering.’*® Data
retrieved included cell type annotations as described in the published material and were used
in this analysis. Single cell read data was processed and filtered as described in section 2.16.
All single-cell data was analysed using the Seurat R package (version = 5.1.0) **® Red blood cells
were removed from the cell pool leaving 27446 cells. This scRNA-seq data is the first available
for human patient DDLPS samples and is a novel opportunity to deconvolute the DDLPS GCN
and identify cell-specific co-expression patterns. To integrate the single-celland WGCNA
results, the overlap between cell cluster genes and WGCNA module genes were identified. This
was achieved using an overrepresentation test and the reported Fishers exact statistic via the
GeneOverlap R package (version 1.38.0). If the intersection between gene sets was found to be
less than two genes, the significance was manually zeroed to prevent significant results with
low levels of overlap. A -log10(p-value) of 1.3 was considered significant. Results from this

analysis were visualised using the pheatmap R package (version 1.01.2).

Gene expression for the given genes in the single-cell data were visualised using the
‘DotPlot’ and ‘Featureplot’ functions from Seurat, with the assay set to “SCT” for the
featureplot function. To inspect the genes expression of genes overlapping between modules
and single-cell data, the ‘intersect’ function from base R was used and passed to DotPlot or
FeauturePlot for visualisation. For genes of interest, tumour cells were extracted from the
single-cell data using the provided annotations, and cells were subset according to high or low
gene expression values. High or low expression values were decided based on the distribution
of gene expression values as inspected on a histogram. Differentially expressed genes (putative

cluster markers) between these subsets were identified using the ‘FindMarkers’ function in
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Seurat, employing the default Wilcoxon rank sum test. Only those passing a threshold of 0.5
logFC were considered. Genes were further filtered according to an average logFC > 2 and a
Bonferroni adjusted p-value of 0.01, ensuring that only genes highly expressed with high

significance in a specific cluster were identified.
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5.3.10 Cell signatures

Fibro-adipogenic progenitor (FAP) (skeletal muscle) sighatures were obtained from a
systematic literature review.*?° These were split into two types, embryonal and adult FAP
signatures. Both positive marker sets were tested. Adult FAPs included CD34, PDGFRA, CD201
(PROCR), CD166 (ALCAM), CD105 (ENG), CD90 (THY1), CD73 (NT5E), CD15 (FUT4), COL1A1,
TCF4. Embryonal signatures were PDGFRA, DCN, FN1, LUM, OSR1, POSTN, FAP, THY1, VIM,
NT5E, COL1A1, COL1A2, COL3A1, PTN, OGN, and FBLN5. Tumour associated endothelial and
pericyte signatures were derived from multiple sources in the literature. TEC signatures were
taken as (CD276, TEM7 (PLXDC1), CD31 (PECAMT1), VEGFR2 (KDR), VWF, NESTIN (NES), CD133
(PROM1)).%*' Transdifferentiation/vascular mimicry was assessed based on the expression of

CD31 (PECAM1), CD34, and CDH5.%2%3

Endothelial-to-mesenchymal transition signatures were taken as ACTA2, FSP1 (AIFM2),
COL1A1, COL1A2, FBN1, Vimentin (VIM), and MMP2.%?* |t was noted that CD31 and VWF and VE-
cadherin are decreased in endothelial-to-mesenchymal transition (EndoMT) although negative
expression markers were not assessed. CAF markers were taken as ACTA2, FAP, S100A4,
PDGFRA, PDGFRB, and Vimentin (VIM).**® Classical adipose-derived MSC signatures were taken
from previous studies and include CD73 (NT5E), CD90 (THY1), CD105 (ENG), CD166 (ALCAM),
and CD44.426427

5.3.11 Single-cell Co-expression analysis

The co-expression tables analysis (COTAN) R package was used to calculate gene co-
expression within the TME.*?® COTAN utilises contingency tables to compute the gene co-
expression across cells using raw RNA read counts. The ‘proceedToCoex’ function was used on
the raw RNA counts. The ‘calculateCoex’ function was used to calculate gene co-expression
setting ‘actOnCells’ as FALSE as gene co-expression values were desired and not cell-cell
correlations. The diagonal was set to zero to remove self-correlations in the ‘getGenesCoex’

function.
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54 Results

5.4.1 Characterising GCN communities

5.4.11 Cancer hallmarks are enriched within the DDLPS GCN

The MEs were calculated for the TCGA DDLPS GCN revealing seven Louvain communities
(Figure 5.1A). Correlation among MEs, in accordance with the Louvain communities, reveals
clusters of Mes that may be enriched for similar biological processes (Figure 5.1B). To explore
the biological processes/pathways these modules recapitulate, pre-ranked (by kME) GSEA was
conducted using Reactome, GOBP and Hallmark gene sets. An overview of the top ten most
enriched Reactome pathways (by NES) is displayed in Table 5.1. The cell cycle emerges as a
strongly enriched process particularly in M201 and M100 (Table 5.1). In general, these

processes were heterogenous although repeated elements were noted (Appendix A.4)
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Figure 5.1: Module eigengene (ME) analysis. A: EGN with results from calculations to detect
Louvain communities within the network, as depicted by the assigned colour. ME edges were
defined according to having an adjacency > 0.80. B: Hierarchical clustering of Spearman
correlation values for MEs with annotations for associated Louvain communities (LC).
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Table 5.1: Top ten Reactome pathways enrichments

Module label Reactome ID Reactome name Size -Log10(p-value)
M201 R-HSA-69278 Cell cycle mitotic 502 87.796159
M100 R-HSA-69278 Cell cycle mitotic 502 81.875461
M178 R-HSA-1640170 Cellcycle 618 80.545186
M142 R-HSA-69278 Cell cycle mitotic 502 78.697535
M86 R-HSA-168249 Innate immune system 838 77.445364
M56 R-HSA-156842 Eukaryotic translation elongation 89 74.947877
M106 R-HSA-72613 Eukaryotic translation initiation 116 73.127866
M141 R-HSA-72766 Translation 288 73.016042
M53 R-HSA-156842 Eukaryotic translation elongation 89 68.577138
M150 R-HSA-72766 Translation 288 64.633429

M —Module, size —the size of the gene set. -Log10(p-value) is the Benjamini-Hochberg adjusted p-value.
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The top five enrichments were visualized onto the EGN for the Reactome (Figure 5.2A), GOBP
(Figure 5.2B), and hallmark (Figure 5.2C) gene sets, identifying a strong concordance between
annotations and Louvain ME communities. The enrichments across these gene sets suggest an
importance for translation, immune, extracellular matrix (ECM) remodelling, molecule
transport, cell cycle, and metabolism. These functions are expected in cancer biology and
outline many well-defined cancer hallmarks.** Furthermore, the most frequent amplifications

in DDLPS cluster mostly according to their known gene functions (Appendix A.5).
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Figure 5.2: Top five most frequent module enrichments from A: Reactome. B: Gene Ontology
Biological Processes (GOBP) and C: Hallmark gene sets. Module eigengenes (MEs) are indicated
by a circle, whose size is proportional to the ME degree connectivity, and colour indicates Louvain
community. Squares indicate an enriched gene set, where size is proportional to the number of
modules that term is enriched.
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WGCNA conducted independently on NCC RNA-seq data revealed a weighted GCN that
was partitioned using the same parameters as the TCGA DDLPS network into 243 modules. MEs
were calculated and Louvain communities were detected based on an adjacency >0.8,
revealing four communities and projected as an EGN (Figure 5.3A). Network structure indicates
a relationship which appears more binary (nodular) as compared to the TCGA DDLPS,
confirmed when looking at the correlation between all MEs (to rule out this was not an effect of
hard thresholding the adjacency) (Figure 5.3B). Subsequently, enrichment analysis on the NCC
GCN partition retrieved far fewer significant modular enrichments (Table 5.2). For GSEA on
GOBP gene sets, only 11 modules retrieved 22 significant enrichments (top positive and
negative) with five unique gene sets. The most frequent GOBP gene set was found to be neuron

projection regeneration (n = 10) most enriched in NCC M61 (NES = 2.16).

& E"

Figure 5.3: A Eigengene network (EGN) using results from WGCNA analysis on NCC RNA-seq
data passing an adjacency of 0.8 and coloured according to Louvain community. B Heatmap of
ME Spearman correlation coloured according to Louvain community detection algorithm.
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Table 5.2: Most frequent enriched top gene sets for the NCC GCN.

Reactome Reactome Frequency GOBP GOBPID Frequency
ID
Integration of R-HSA- 14 Neuron G0:0031175 10
energy 163685 projection
metabolism regeneration
Regulation of R-HAS- 12 Positive G0:0008630 6
Insulin 422356 regulation of
secretion intrinsic
apoptotic
signalling
pathway
Class A1 R-HAS- 4 Biomineral tissue G0:0031214 2
rhodopsin-like 373076 development
receptors
- - - Ephrin receptor G0:0048013 2
signalling
- - - Organic acid G0:0006082 2
metabolic
process

GOBP - Gene ontology biological process gene sets.

5.4.1.2 Inferred enrichment for single-cell cluster marker gene overlap in GCN shows

high concordance with GSEA and LC results

Single-cell RNA sequencing data on 11 DDLPS samples was leveraged to better
understand and contextualise module relationships with the wider TME (Figure 5.4A)."*® Single-
cell overlap analysis indicated 66/245 modules showing significant overrepresentation (Fisher's
exact) for cell cluster marker genes in the TCGA DDLPS GCN (Figure 5.4B) and the NCC DDLPS
GCN (Figure 5.4C). These analyses reveal a rich TME with multiple cell types and suggest that
gene co-expression profiles within the GCN correspond with those cell type signatures, which
line up with gene set annotations (Figure 5.2). The most frequent cell type represented in the
GCN was tumour cells across 22 modules, followed by myeloid cells in 14 modules and
endothelial cells (ECs) in 12 modules. The overlap among Louvain community analysis, gene set
enrichment analysis, and single-cell cluster overrepresentation indicates strong concordance.
Like GSEA results, performing this analysis on the NCC GCN (Figure 5.4C) reveals a more

dichotomised relationship among ME correlation with cell types.
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Figure 5.4: DDLPS single-cell cluster marker integration with the TCGA DDLPS GCN.A Projection
of the first two dimensions of a UMAP reduction for 27446 cells. B-C: EGN with significant and
highest module enrichment for cell cluster marker genes for B TCGA DDLPS and C NCC DDLPS.
node size is proportional to the degree centrality. Colour indicates the cell type annotation
according to broad cell type designations.
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5.4.2 Module screening using GCN metrics

Modules were screened using the correlation between intramodular connectivity (IMC)
and GS measures (the CorDeviance as described in section 4.3.3- Figure 5.5A), the logFC
signed -log10(p-value) from a differential expression data (see section 4.3.4 - Figure 5.5B) and
the gene effect score from DepMap (Figure 5.5C). Modules were then selected based on a
combined ranking metric (sum rank of each metric) (Figure 5.5D; Appendix A.6). The highest-
ranking module was M241, a module associated with cell cycle processes, which along with

other top-ranked (combined ranking metric) modules are discussed in detail in section 6.
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Figure 5.5: Module screening to search for module of interest where intramodular connectivity
(IMC) correlated positive or negative with A: The correlation of each gene expression to the
deviance residuals from the TCGA DDLPS Cox proportional hazards model derived in section 3.
B: The logFC signed -log10(FDR adjusted p value) from a differential expression experiment on
DDLPS vs WDLPS and C: The mean gene effect scores from three DDLPS DepMap cell-lines
(LPS141, LPS510, and LPS853) depicting gene essentiality. The ranks of these individual metric
were summed to find modules of interest. The highest ranked modules are displayed inside the
zoom boxin D where M241 showed the highest overall rank (1%), M173 (not shown) was the lowest
ranking module with a rank of 245 (the number of modules).
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5.4.3 Lowest ranking modules
5.4.3.1 A diverse range of disease processes are enriched in the lowest ranked
modules

Herein, the lowest-ranking modules will be referred to as favourable modules, of which
the top ten (from highest to lowest GS rank) are M173, M236, M234, M45, M194, M54, M98, M2,
M131, and M107 (Table 5.3). All these modules, except for M194 (Zsummary = 1.64), showed
significant preservation (Zsummary > 2) of co-expression patterns between the TCGA DDLPS
and the NCC DDLPS data. M173 had the highest Zsummary preservation score of the favourable
modules of 10.13. Hence, these modules show conserved transcriptional programmes (and by
inference their downstream translated biological processes) between independent DDLPS gene
expression data.

Table 5.3: Top favourable modules according to the module screening using the correlation
between the intramodular connectivity (IMC - kwithin) and the GS measures.

Module kWithin Sum of GS ranks Zsummary
label (IMC) Clinical GS DepMap GS DDvs WD GS (overall rank)

M173 0.4351 -0.3412 -0.2598 -0.1522 669 10.13
M236 0.4984 -0.1237 -0.2273 -0.3051 658 2.01
M234 0.4960 -0.0990 -0.0569 -0.3363 587 4.02
M45 0.4575 -0.2421 -0.1564 -0.0696 580 5.89
M194 0.5619 -0.3174 -0.0865 -0.0732 568 1.64
M54  0.4986 -0.5329 -0.2028 0.0282 564 2.43
M98 0.3654 -0.2610 -0.2179 0.0003 562 4.62
M2 0.5036 0.0518 -0.1395 -0.2998 561 3.55
M131 0.4383 -0.3421 -0.1566 0.0131 554 4.69
M107 0.4269 -0.1277 -0.0164 -0.1621 546 7.41

IMC - intramodular connectivity. GS — gene significance, Zsummary — a Z-test composite of
preservation statistics permuted with random sampling.
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To identify the enriched functions, GSEA was conducted on module genes ranked by the
kME. The enrichments identified were found to be diverse (as demonstrated for the top ten
enrichments) (Figure 5.6A; Table 5.3). The most significant and strongly enriched gene set
(ranked by NES and p-value) was the GOBP adaptive immune response (NES = 3.48, -log10p =
73.8) in M45. In total, three of the ten modules (M173, M45 and M54) were shown to have
enrichments in immune-related processes (Figure 5.6A; Table 5.3). This shared enrichment
may also explain why these three modules also display higher connectivity between them

compared to other modules grouped within this GCN sub-graph (Figure 5.6A).
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Figure 5.6: A EGN of the top ten favourable modules and their strongest (by NES) GOBP and
Reactome enrichment. Blue edges indicate ME connections and red edges indicate their top
pathway. B Overrepresentation analysis for module gene overlap with single-cell cluster gene
markers. Colour indicates the -log10(p-value) of the overrepresentation test.
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Leveraging scRNA-seq data reveals significant enrichment for inferred single-cell cluster
markers (Figure 5.6B), which reveals tumour associated macrophage M1 (TAM1) related gene
expression signatures in M173 and M45, endothelial cells (M107, M173, M234, and M131),
pericytes (M107 and M234), mesothelial cells (EC) (M173), and tumour cells (M107, M131, M98,
M234, and M236). TAM1 signatures suggests an inflammatory environment (IFN signalling)
which would be consistent with these modules being favourable due to the signature for

immune activation.

Notably, there is a close association between tumour cells and cells of the vasculature
within the same modules (e.g., M107, M234, and M131 - see Figure 5.6B) indicating a tight co-
expression between genes expressed in different cell types. This could be attributed to tumour
angiogenesis through either endothelial sprouting or trans-differentiation/vascular mimicry
processes, which have been reported in WDLPS.** Further to this, the gene expression profile of
pericytes bares a strong similarity to tumour cells particularly in DDLPS characteristic SCNAs
including MDM2, CDK4, HMGAZ2 and FRS2 (Figure 5.7). Assessing markers typically associated
with DDLPS, mesenchymal cells like fibroblasts (particularly an activated fibroblast-like
phenotype), MSCs, and tumour ECs (TECs) reveals several observations (Figure 5.10). Firstly,
tumour cells possess high expression for MSC/CAF markers and express CD34, a vascular
EC/haematopoietic stem cell marker also used to identify cancer stem cells (CSC). Secondly,
ECs express high levels of known EC markers but also show expression for mesenchymal

markers, indicating endothelial to mesenchymal transition (EndoMT).
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Figure 5.7: Single-cell RNA sequencing expression of gene signatures corresponding to different
disease/differentiation processes. *- Indicates endothelial to mesenchymal transition (EndoMT)
marker. Figure created using BioRender.com.
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KkME (Figure 5.8A) and ME correlations (Figure 5.8B) among top ten favourable modules
show distinct clusters of modules that are connected through conduit modules (e.g., M45).
Single-cell enrichment displays differing cell type signatures between these modules (with
some overlap), implicating heterogenous cell roles in the TME (Figure 5.6B). M173, M234 and
M107 all contained genes that are expressed in ECs but only M107 and M234 show significant
correlations (Figure 5.8B). This could represent heterogenous cell types in the TME or modular

biological pathways.
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Figure 5.8: A Plot detailing kKME — gene module membership values for genes within the top ten
positive modules. Colour indicates module label. B Significant Spearman correlation between
module eigengenes. Colour indicates the correlation values. Non-significant Spearman
correlations are not shown.

The top-ranked favourable module is M173 (Figure 5.9A) which is most strongly enriched
for Interferon signalling of both type | - a-B (NES = 3.22, -log70p = 21.4) and type Il -y (NES = 3.03,
-log10p = 18.89) pathways, among other immune-related pathways/processes (Figure 5.9B).
M173 contains 15 genes in the interferon type | a-p signalling, and 5 genes for the IFN-y
response. The co-expression of these genes suggests that this module represents IFN-induced

transcriptional programmes.

M173 is correlated with M45 (rho =0.44, p = 0.008 - Figure 5.8B; Figure 5.9C), which is
enriched for adaptive immune response (NES = 3.48, -log10p = 73.87) and antigen presentation
processes (Figure 5.9D), specifically ‘immunoregulatory interactions between a lymphoid and
non-lymphoid cell’ (NES = 3.43, -log70p = 32.00). Additionally, C-type lectin domain family 4
member E (CLEC4E), a gene within M45, is typically associated with a sterile inflammation

response that is notably higher in M1-like macrophages.**'
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Figure 5.9: Module analysis results for M173 (A-B) and M45 (C-D). Module connectivity for AM173
and C M45 detailing the SC - scaled connectivity and the MAR — maximum adjacency ratio within
the module coloured by the clustering coefficient. Combined Reactome and GOBP (Gene
Ontology Biological Processes) gene set enrichment results for B M173 and D M45. Bars are
coloured by the -log10 adjusted p-value (filtered for -log10 adjusted p > 1.3) and sorted according
to the top and bottom ten processes by NES — normalised enrichment score.

There is no strong association between M173 and modules annotated with T-cell markers
M12 (CD3, FOXP3, GZMB, PD1) (rho = 0.37, p = 0.026) and M164 (ITGAL, GZMK, ITK, CDS8,
CD247) (rho =0.38, p = 0.023), although still significant. Single-cell data suggests M173 and M45
(albeit with a lower value) contain genes that are most prominently expressed in M1-like tumour
associated macrophages (TAM1) (Figure 5.6B). Other favourable modules indicated ECM (M98),
cholesterol metabolism and transport (M194), tumour-associated vasculature/angiogenesis

(M236, M234), differentiation processes (M131, M107) and EndoMT signatures (M234)
(Appendix A.6).

5.4.3.2 TME inflammation signatures correlated to cholesterol/lipid metabolism and

angiogenesis

There was a strong interferon signature identified in the top favourable modules most
notably in M173 through IFN response genes including IFIT1, IFIT2, IFIT3, IFI27 in a variety of cell
types (Figure 5.10A). These cell types include macrophages (of the TAM1 phenotype) but also in
tumour cells (e.g., IFI27, IFI6, IFI44), ECs (e.g., IFI27, IFIT1, IFIT2, and IFIT3) mesothelial cells

(e.g., IFI6, IFI27, IFIT3), and pericytes (IFI27). This module alone indicates inferred IFN

inflammation present within the TME.
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Figure 5.10: A Overlap of genes between M173 and single-cell data, average expression is
indicated by colour, and the size of the dots indicate percentage of expression in that cell type. B
EGN sub-graph of top five favourable modules and their five immediate neighbours. Colour
indicates, C Heatmap for enrichment of cell types in modules where colour indicates the -
log10(p-value).

To explore this relationship further, the top five favourable modules were used as seeds in
a random walk with restart (RWR) approach to identify the five most immediate neighbouring
modules (Figure 5.10B; Figure 5.10C). These five nearest neighbouring modules are M62, M63,
M96, M107 and M57. From previous analysis M45 was found to be enriched for antigen
presentation processes (Figure 5.9D), detailing active antigen presentation and a pro-
inflammatory signature. Antigen presentation was also identified in M57 (Figure 5.11A, Figure
5.11B) which contains several MHC class 1 related genes (HLA-A, HLA-B, HLA-C, HLA-E, HLA-F,
TAPBP etc) (Figure 5.20C). The most enriched Reactome pathway for M57 was Adaptive
immune response (NES = 3.49, -log10padj = 76.91). M234 and M236 were enriched for functions
in cell differentiation and EndoMT processes respectively with expression of genes in vascular

cells (Appendix A.7).
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Figure 5.11: M57 module analysis. A Module connectivity graph showing the SC - scaled
connectivity, and MAR - Maximum adjacency ratio, coloured by the clustering coefficient. B
Reactome and GOBP enrichment analysis results passing a -log10 adj p > 1.3, displayed are the
top ten positive and negative results ordered by NES — normalised enrichment score, coloured by
-log10 adj p value. C Intersect of M57 genes with single cell RNA-seq cell clusters, labelled

according to “global” annotations. Figure created in BioRender.com.
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Another module in the M173 neighbour network (Figure 5.10B) is M62 (Figure 5.12A) as a
conduit between modules associated with IFN-responses or antigen-presentation and
lipid/cholesterol metabolism, along with ECMO and angiogenesis signatures (e.g., M107, M236).
M62 was found to be enriched for IFN a-B response (NES = 2.49, -log10p = 7.09) (Figure 5.12B)
among other immune-related gene sets using the KME as a gene list ranking metric. M62 by
partition contained no genes included in the Interferon signalling gene set, suggesting the ME

expression of M62 is correlated with interferon response gene expression within other modules.

Genes within M62 suggest a role in cholesterol and lipid homeostasis and metabolism
(e.g., CETP, CEBPA, NR1H3 (LXRa), GPX4, GPBART1), prostaglandin synthesis (PTSG1 (COX1))
immune cell migration and infiltration (e.g., ADGRE5 (CD97) and ADRB2) and angiogenesis/ECM
interactions (e.g., CD248).*** NR1H3 is important for the upregulation of cholesterol efflux
molecules, including ABCA1 and ABCG1 (M238 and M155 respectively), to which M62 shows a
strong correlation (rho = 0.59, <0.007 and rho = 0.54, p <0.001 respectively). M155 contains
genes that are highly expressed in tumour associated neutrophils, corresponding to the role of
cholesterol metabolites in recruiting immunosuppressive cells.**> CETP encodes a cholesterol
ester transferase, which was found to show highest gene expression in vascular cells (ECs and

pericytes) (Figure 5.12C).
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Figure 5.12: M62 module analysis. A Module connectivity graph showing the SC - scaled
connectivity, and MAR - Maximum adjacency ratio, coloured by the clustering coefficient. B
Reactome and GOBP enrichment analysis results passing a -log10 adj p > 1.3, displayed are the
top ten positive and negative results ordered by NES — normalised enrichment score, coloured by
-log10 adj p value. C Intersect of M62 genes with single cell RNA-seq cell clusters, labelled
according to “global” annotations. Figure created in BioRender.com.
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A direct neighbour to M62 in the GCN sub-graph (Figure 5.10B) is M96 (Figure 5.13A),
which showed enrichments (Figure 5.13B) in DNA strand elongation (NES =2.15, -log10padj =
3.33), regulation of endothelial cell differentiation (NES = 2.02, -log10p =2.5) and regulation of
cell migration involved in sprouting angiogenesis (NES = 1.87, -log10p =2.13). Overlapping genes
(Figure 5.13C) with single-cell data reveals ABC transporters (ABCA70, ABCA6, ABCA9)
expression in tumour cells among other genes implicating this relation to lipid homeostasis,
adipogenesis and angiogenesis (e.g., EBF2 and NRP1) and a correlation to the function of M62
(including GPBAR1). Together (ARDB2 and NRP1 may contribute to modulating endothelial cell

function and causing vasodilation, which would further drive inflammation within the TME.
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Figure 5.13: M96 module analysis. A Module connectivity graph showing the SC - scaled
connectivity, and MAR - Maximum adjacency ratio, coloured by the clustering coefficient. B
Reactome and GOBP enrichment analysis results passing a -log10 adj p > 1.3, displayed are the
top ten positive and negative results ordered by NES — normalised enrichment score, coloured by
-log10 adj p value. C Intersect of M96 genes with single cell RNA-seq cell clusters, labelled
according to “global” annotations. Figure created in BioRender.com.
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M96 shows a positive correlation to M61 (rho = 0.41, p = 0.014), which contains several

genes that are highly expressed in ECs (Figure 5.14A, Figure 5.14B), involved in cholesterol

metabolism (influx) (SCARF1 and PCSK9) and regulation of angiogenesis (CLEC14A, FLT4, TIET)

or other endothelial functions/phenotypes (VWF). Top enrichments for M61 indicate GOBP

endothelium development (NES = 2.59, -log10padj = 12.4).
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Figure 5.14: M61 module analysis. A: Module connectivity graph showing the SC - scaled
connectivity, and MAR - Maximum adjacency ratio, coloured by the clustering coefficient. B:
Intersect of M61 genes with single cell RNA-seq cell clusters, labelled according to “global”

annotations. Figure created in BioRender.com.
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Another module in the GCN sub-graph is M63, which contains the ACAT7 gene encoding
an enzyme required for cholesterol esterification and thus the production of cholesterol esters.
Notably, M63 is the only module with a weak positive correlation to the clinical GS score (rho =
0.26), inferred as being correlated to a poor outcome (Figure 5.10B). M63 shows a moderate

positive correlation to M62 (rho =0.39, p = 0.018).

VEGFA is a potent angiogenic molecule and was clustered into M97 (Figure 5.15A), a
module which is not present in the GCN sub-graph, butis correlated to M62 (rho =0.53, p <
0.007). M97 contains enrichment for DNA strand elongation (NES =2.38, -log10padj = 4.42) but
also contains genes involved in fatty acid uptake and generation of free fatty acids (e.g., CD36
(FAT), LIPE, SLC27A3) and adipogenesis/lipid metabolism (notably PPARG) (Figure 5.15B).
Corresponding to this M97 also showed enrichment for GOBP fatty acid beta oxidation (NES =
2.09, -log10padj = 3.63). M107 (Appendix A.7) was found to be enriched for genes related to
angiogenesis (Appendix A.7). It was also found to be enriched for genes in aquaporin mediated
transport (NES = 1.59, log7-padj = 1.89) (Figure 5.16A), where aquaporins are known to be
associated with angiogenesis and fibrosis. Gene expressed are largely inferred to be from

tumour, EC and pericyte clusters (Figure 5.16B).
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Figure 5.15: M97 module analysis. A: Module connectivity graph showing the SC - scaled
connectivity, and MAR - Maximum adjacency ratio, coloured by the clustering coefficient. B:
Intersect of M97 genes with single cell RNA-seq cell clusters, labelled according to “global”
annotations. Figure created in BioRender.com.
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Figure 5.16:A: Enrichment plot for pre-ranked GSEA for GCN genes using the Reactome
Aquaporin Mediated Transport pathway gene set. Genes were ranked according to their kME for
M107 B: Intersect of M107 genes with single cell RNA-seq cell clusters, labelled according to
“global” annotations. Figure created in BioRender.com.

Regions of the network sub-graph (M96, M234, M236, M194 and M194 - containing LCAT)
and their correlations (e.g., M61, M97, M63 and M162) are enriched for cholesterol/lipid
metabolism genes along with angiogenesis and ECM remodelling, expressed in various cells
across the TME, particularly ECs, pericytes, and tumour cells. These signatures are linked,
through M62, to interferon response signatures observed in M173 and direct neighbours (M45,

and M57) primarily in tumour cells, ECs, pericytes and macrophage (TAM1-like).

Increased intake/biosynthesis of lipids, including cholesterol, promote an inflammatory
environment. High-levels of cholesterol can induce ER-stress, activating XBP1 (M162) target
genes, including CTLA4 and PDCD1.**2 There is a positive correlation between M62 and M162
(rho = 0.45, p = 0.006) and a weak, non-significant correlation with M12 (rho =0.26, p = 0.12).
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However, M162 is significantly correlated with M12 (rho = 0.58, p < 0.007). These results suggest
that WD-like fatty regions of the DDLPS tumour, through increased metabolite generation,

contribute to a chronically inflamed TME.

5.4.3.3 Tumour fibrosis driven by IFN signalling

Stimulation through is known to mediate a multitude of molecular programmes. To
explore the transcriptional effect of IFN response in the TME, several of the IFN response genes
noted in M173 for their expression levels in tumour cells (Figure 5.17A) were further examined.
Most notable of these were Interferon alpha inducible protein 6 (IFI6) and Interferon alpha
inducible protein 27 (IFI27). IFI6 has been studied across a variety of cancers and has been
implicated in resistance to immunotherapy, with mesenchymal-like ESCC tumours expressing
IFI6 showing worse overall survival and extensive ECM remodelling.**® IFI6 (Figure 5.17B)
displayed a notable cut-off for high and low expression levels corresponding to the 95

percentile, where populations of tumour cells show high expression levels.
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Figure 5.17: A: Expression of IFN response genes from M173 showing highest expression in
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Partitioning tumour cells by /F/6 expression levels (cut by the 95 percentile of expression)
and filtering to highlight top differentially expressed genes (logFC > 1.5 and padj < 0.07)
identifies genes enriched for ECM organisation (Figure 5.17C). These include CD248 (M62), FAP,
GSN, COL1A1, LAM1, LUM, and TGFp receptors (TGFBR3). TGF signalling has been postulated
to drive phenotypic change in adipocyte progenitor cells towards a DDLPS phenotype, primarily
through the inhibition of adipogenic programmes and the depletion of cholesterol/lipid
metabolites. TGFp signalling is known to upregulate CD248 expression in stromal cells*** and
lead to intracellular cholesterol accumulation via MEK-ERK1/2 signalling phosphorylating
SREBP2. Cholesterolis a factor in a positive feedback loop for TGF internalisation (via lipid raft

mediated endocytosis) and increased TGFB expression.**

COTAN gene co-expression analysis reveals co-expression of both IF/6 (Figure 5.18A) with
ECM organisation and remodelling genes. Twenty-one of the top 100 genes were included in the
Reactome Extracellular Matrix Organisation gene set, which was the most significantly enriched
pathway (NES = 2.11, -log10p = 30.36; Figure 5.18B). This suggests extensive ECM remodelling
with downstream proteins involved in matrix deposition (e.g., PCOLCE, which encodes a C-
endopeptidase enhancer 1 and processes procollagen into mature triple helical collagen fibrils,
and GSN, Type 5 and 6 COL genes, FBN1, among others). ECMO genes are co-expressed with

the inflammation response.
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Figure 5.18: A: Single-cell COTAN gene co-expression analysis showing the top 30 genes co-
expressed with IFI6 across cell types. B: Pre-ranked (by co-expression value) GSEA Enrichment
plot for Reactome Extracellular Matrix Organisation. NES: Normalised Enrichment Score. The p

value is a BH adjusted p-value.

The source of fibrotic/ECMO gene expression appears to be primarily the tumour itself,
indicated in the GCN via modules M121, M107, and M236, which show the highest
overrepresentation of genes in inferred single-cell tumour cell clusters (Figure 5.19A) and the
expression of ECMO genes as evidenced by their enrichments (Appendix A.7). Furthermore,
tumours express multiple fibrotic/ECM genes (Figure 5.20A-B), such as FBN1, LUM, FAP, VIM,
COL1A1, COL1A2, and COL3A1. This suggests that tumour cells treated with interferons are
contributing to tumour fibrosis, indicating a strong signature for fibrosis within the TME, in line
with our cytological understanding of DDLPS and other dedifferentiated/undifferentiated

mesenchymal tumours.
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Figure 5.20: A Gene expression of embryonic FAP markers in DDLPS single-cell data. Colour
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UMAP (DDLPS cells) representation of FAP genes. Colour indicates average expression.
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There is no strong indication of an association between hypoxia and angiogenesis, as
inferred from the negative correlations among M236 (rho =-0.66) and M107 (rho = -0.44) with
HIF1A M127 modules, suggesting other routes for angiogenesis. There was a moderate
correlation between M107 and M197 (IL6) module (rho = 0.34), but no significant correlation was
found between M236 and M197. Furthermore, in the TCGA DDLPS cohort, there does not seem
to be a significant correlation between the gene expression of CD248 (M62) with HIF1A (M137)
(rho=-0.11, p =0.5054) or HIF3A (M107) (rho =0.14, p =0.4113), PECAM1 (M186) (rho =-0.06, p
=0.7106), and CD34 (M4) (rho =0.27, p =0.1181). However, there was a moderate and
significant correlation with CD705 (END - M183) (rho =0.42, p = 0.0123) and VEGFA (M97) (rho =
0.38, p=0.0221).

There is no indication that angiogenesis in DDLPS is linked to hypoxia as M137 (containing
HIF1A) is negatively correlated with angiogenic modules M97 (containing VEGFA) (rho =-0.64, p
<0.001) and M183 (containing CD105 - END) (rho =-0.41, p =0.014). There is a positive
correlation between angiogenic modules and M107 (containing HIF3A); for example, M107
shows a strong positive correlation (rho = 0.70, p <0.001) with M4 (containing CD34-).

Conversely there is a negative correlation between M137 and M107 (rho =-0.44, p < 0.008).

5.4.3.4 Epigenetic modulation corresponds to differential inflammation response

across observed the GCN

Gene expression markers suggest a tumour endothelial cell (TEC) phenotype within the
TME (Figure 5.7). ECs are known to exhibit heterogenous epigenetic profiles that are aberrant in
TECs.**® Epigenetic modulation upon induction of inflammatory immune signals has been
reported in the literature. Hence, methylation data from TCGA DDLPS was leveraged.®
Methylation data was sorted by the top variable methylation probes across samples. These
probes were correlated to module eigengenes to identify those associated with modules
containing IL/IFN response genes. The NES from respective Reactome gene sets (Reactome -
signalling by interleukins and Reactome interferon signalling) was overlayed (Figure 5.21A). A
clear pattern emerges for the correlation of ME expression with hypo or hypermethylation that

corresponds to the IFN and IL response gene enrichments.

There were 886 PTPRN2 annotated methylation probes available in the TCGA SARC
methylation data. Of these probes, 485 (54.8%) were found to possess a negative Spearman
correlation coefficient of = 0.2 with the M173 ME expression. Only 15 (2%) probes were found to
have the inverse relationship. Assessing the methylation of PTPRN2 and its gene expression

reveals an inverse methylation-to-expression relationship where methylation probes (Figure
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5.21B) show increased gene expression for increased methylation proportion correlating to
lower M173 ME expression values (Figure 5.21C). IFN/IL-induced signalling is associated with
lower gene expression and hypomethylation for PTPRN2 and the M173 ME. PTPRN2 was
partitioned into M224 (Figure 5.22A) which was found to be enriched (Figure 5.22B) for
Eukaryotic Translation Elongation according to pre-ranked GSEA (NES = 2.78, -log10padj =
11.89). Genes other than PTPRN2 in M224 include aquaporins and their regulators in blood
vessel (AQP17 and KLF2), endothelial nitric oxide synthase (eNOS) trafficking (NOSTRIN), and
lipid transport (FABP4). KLF2 is present within this module, is enriched in endothelial cells, and

regulates endothelial genes known as key regulators of vascular function.*¥’
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annotations are the results from a Gene set enrichment analysis conducted on the signalling with
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The top three PTPRN2 methylation probes (cg12211161, cg09450352, and cg00596819)
were found to correspond to intronic regions where there are annotated CpG islands, high GC
content, and gene enhancer regions (Figure 5.23). This corresponds to the observed increase in

PTPRNZ2 gene expression with hypermethylation at enhancer sites.
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5.5 Discussion

In this chapter, a range of enriched biological processes and molecular pathways in the
GCN modules were identified and GS measures were used to rank modules to identify modules
of interest with low correlation. In these shortlisted modules a heterogenous interferon
signature was notable and correlated with tumour fibrosis (ECM remodeling) and lipid
metabolism. IFN response genes corresponded to differential methylation across the GCN
altering epigenetic programmes in DDLPS samples — notably PTPRN2. Such a signature may
correspond to vascular heterogeneity. Furthermore, it was observed that tumour cells and
vasculature cells show a striking similarity in their gene expression profiles which highlight

tumour-associated vasculature processes.

Enriched processes/pathways include cell cycle, immune, metabolic, and development
processes, describing well-documented pan-cancer hallmarks.*?*4%%43% There was a notable
overlap between EGN communities, GSEA enrichments and single-cell cell marker enrichment.
This suggests that the GCN has successfully recapitulated biological processes and MEs
display variation among gene co-expression that are likely meaningful. However, reproducing
these results in the NCC dataset was not successful, this could be due to differences in gene

expression profiles, mMRNA enrichment methodologies, and filtering strategies.*

M173 and M62 displayed heterogenous IFN a- and y responses, which are crucial in anti-
tumour immunity inhibiting tumour growth, angiogenesis, and recruiting pro-inflammatory
immune cells.*® It was noted that M173 also contained STATT as a well-connected gene where
it is typically regarded as a pro-inflammatory transcription factor in orchestrating downstream
IFN (and immune) signaling.**' The high expression of MHC class | molecules in M57 suggests
that antigen presentation is active within the DDLPS TME, corresponding to the comparatively
higher immune cell infiltration observed in DDLPS versus other LPS/sarcomas.®”*8"442 Thig
notion is further supported with scRNA-seq results inferring multiple immune cell types in the
TME." However, chronic exposure to interferons can promote a tumour permissive

environment through immune suppression and escape mechanisms. 443444

TGFB signaling has been reported to be a key factor in promoting the DDLPS phenotype by
blocking adipogenic differentiation in stem cells."*® TGFB is also known to be a key factor in
tissue fibrosis, perhaps most notably through promoting ECM deposition, primarily from
activated fibroblasts.**® In this analysis tumour cells expressing high levels of IFN response
genes most notably /F/6 also highly expressed ECM genes which were also co-expressed.
CD248 is a notable example of one such gene, known to be upregulated in inflammation and

fibrosis and enhances TGFpB activity.*****¢ CD248 encodes Endosialin, a transmembrane
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glycoprotein. Endosialin was found to be lowly expressed in cells of mesenchymal origin and
upregulated in fibroblasts, pericytes of tumour-associated vasculature, activated
macrophages, and a range of tumours.****° Upregulation of CD248 enhances ECM deposition
of fibroblasts through attenuating TGF3 and CD248 knockdowns in human adipocytes
corresponded to reduced tissue fibrosis and inflammation.**®4%° Inactivation of cd248 in mice
rescued pro-inflammatory chemokines, atherosclerosis and produced a more contractile
environment blood vessels.** Increased CD248 expression was found in adipose tissue
compared to other tissues and correlated with obesity, inflammatory pathway annotations,
ECM remodeling, and angiogenesis, potentially through augmentation of the hypoxic response

(HIF-1a and HIF-2).%5%4%

In this study, there was no direct correlation between CD248 and hypoxia-inducible genes
HIF1A, HIF3A, neoangiogenic/endothelial cell markers PECAM-1 (CD31), CD34, or VEGFA, but
there was a weak yet significant association with CD705 (ENG). This suggests that CD248 is not
acting through hypoxia-induced genes. Therefore, another source is likely, which may be
chronic IFN signals, growth factor stimulation, or mechanical shear stress due to the dense

fibrotic TME.*%?

Endosialin has been shown to interact with ECM fibronectin and collagens, and be highly
expressed in metastatic lesions (including STS).4%%4%* Endosialin expression could distinguish
undifferentiated and poorly differentiated mesenchymal tumours from other undifferentiated
malignancies.*** A phase 1 trial for ontuxizumab (MORAb-004), an anti-Endosialin monoclonal
antibody, reported some stable disease responses in select sarcomas (myxoid
chordrosarcoma, chondrosarcoma, undifferentiated pleomorphic sarcoma,
rhabdomyosarcoma, and a unspecified sarcoma occurring in the uterus).**® However, a follow-
up phase Il trial showed no evidence of increased response or PFS over placebo plus

gemcitabine and docetaxel (including unspecified LPS).*%®

The fibrotic nature aligns with the cytological understanding of DDLPS, which shows a
dense matrix and tightly packed stem-cell-like cellular structures throughout.** Gene
expression signatures for tumour-associated vasculature showed that pericytes had a highly
similar gene expression profile to DDLPS tumour cells. Pericytic vascular mimicry has been

reported in WDLPS.*%

Tumour angiogenesis is typically associated with hypoxia, either from increased
metabolic demand of the tumour or TME density in fibrotic/dense tumours.*®” In the GCN, there
was no correlation between hypoxia-inducible factors (HIF1A) and angiogenesis or activated
endothelial cells. Instead, angiogenesis appeared to be associated with lipid homeostasis and

directly with the gene expression of the tumour itself. Normally healthy ECs undergo a state of
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quiescence thatis actively maintained until pericytes can cover the vessel, maturating it. These
ECs must then be activated for angiogenesis. TECs, on the other hand, with their abnormal
phenotype, are always activated and exist in a state of chronic inflammation, interacting with
tumour and pro-inflammatory cells via adhesion molecules (ICAM-1, VCAM-1, and E-
selectin).**® Notably, the phenotype of endothelial cells within the DDLPS TME appears to be
tumour-associated (TECs) according to the markers expressed (e.g., CD105 - ENG, Von

Willebrand factor — VWF, and stem-cell marker CD34).4%°

In this analysis, Protein Tyrosine phosphatase receptor type 2 (PTPRN2), a gene within
M224, was found to be differentially methylated, with hypomethylation patterns corresponding
to increased expression of ME of M173, where IFN/IL6 response signatures were strongest. DNA
methylation probes corresponding to enhancer regions suggest that these intronic methylation
sites correspond to increased expression. PTPRN2 is a phosphatase, membrane-bound on
insulin-containing dense-core vesicles important in insulin secretion in the presence of glucose
stimuli.*® It is generally expressed in the nervous system and pancreatic endocrine cells and is
overexpressed and differentially methylated in various tumour types.*®'*%¢ PTPRN2 lacks
classical PTP activity but possesses PIP activity. In colon cancer, it has been found to predict
poor prognosis, and knockdowns (via shRNA) inhibited cell invasion, migration, and colony

formation.*®

A study in breast cancer found that TCGA data showed overexpressed levels of PTPRN2
with no obvious genomic alterations, suggesting epigenetic modulation.*®> PTPRN2 was found to
predict poor prognosis. The immature mRNA of PTPRN2, proPTPRN2, was found to be
exclusively expressed in breast cancer cells. ProPTPRNZ2 expression corresponded to increased
tumour size in mouse xenograft models. The isoform of PTPRN2 forms a complex with TRAF2,a
RING domain E3 ubiquitin ligase, suppressing apoptosis.*®?“® A study in colorectal cancer (pre-
print) produced similar results, showing that in addition to HOXD13 promoter binding, nuclear

S100A10 binds to the 3’ UTR region of PTPRN2, increasing its expression.*5®

A genome-wide methylation study in select soft-tissue sarcomas revealed that across
leiomyosarcoma samples, PTPRN2 was the most variable gene.*®” PTPRN2 was shown to
modulate actin dynamics along with increasing migration and metastasis.*®® It has also been
found to predict poor survival in patients treated with immune checkpoint blockade (anti-CTLA4
and anti-PDL1) in prostate cancer.*5* PTPRN2 was highly upregulated in colorectal cancer cell
lines after 5FU and oxaliplatin treatment, being associated with clinical stage and poor
prognosis.“® SiRNA knockouts indicated that MSC markers decreased with PTPRN2 silencing. It
has been considered a marker for EMT in metastatic prostate cancer.*® Silencing impeded G1/S

phase transition through correlation between PTPRN2 and Cyclin D1. Furthermore,
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phosphorylated STAT3 and cyclin D1 decreased in silenced PTPRN2. PTPRN2 silencing may
cause cell cycle arrest through inactivation of the STAT3/cyclin D1 pathway and PTPRN2/cyclin
D1 interaction. PTPRN2 promotes activation of the TRAF2/MAPK/MMP7 pathways, potentially
through promotion of Lysine-63 linked ubiquitination of TRAF2, which is required for the
recruitment of TAK1, phosphorylating MAPKs and the IKK complex to initiate MAPK cascades,

possibly potentiating the cell cycle.

A study found that PTPRN2 was differentially methylated in correlation with module gene
expression (M173) associated with IFN and IL signaling (ref 537). In human umbilical vein
endothelial cells (HUVECS), IL-6 signaling induces insulin resistance in ECs, decreasing the
activation of Akt/eNOS and stabilizing STAT3 phosphorylation, thereby reducing angiogenesis
via decreased activity of DNA methyltransferases leading to hypomethylation.*®® The same study
found that PTPRN2 showed changes in methylation patterns upon IL6 treatment, suggesting
that PTPRN2 may play a role in promoting angiogenesis and nutrient delivery. Given this
evidence, PTPRN2 has the potential to be a putative target in DDLPS, perhaps to potentiate

currentimmune checkpoint inhibitors.

There is a strong signature for lipid metabolic pathways in the DDLPS TME which likely
corresponds to molecular signatures within the WD-like/adipocytic portions of the tumour; the
composite ranking metric included genes differentially expressed in WDLPS versus DDLPS, that
is lowest ranking modules contain genes significantly overexpressed in WD portions.®¥ Lipid
metabolism is multi-faceted, complex, and extensively rewired in cancer, involving a range of
synthesized or imported lipids to meet the high energy/nutrient demand for proliferation.*’%4"!
Fatty acids (FAs) can be leveraged to produce acetyl-CoA via B-oxidation for subsequent ATP
generation or used to derive anabolic metabolites (e.g., phospholipids and triglycerides).*’%4’3 In
non-adipogenic tissues, FAs are largely extracted from the microenvironment via transporters
such as CD36 (present in M97) this is instead of producing FAs through de novo FA
biosynthesis.”’#In cancer, in addition to an observed increase in FA (lipid) uptake through
upregulation of transporters (e.g., CD36 is highly expressed in multiple cancer types and has
been correlated to EMT), they also conduct de novo biosynthesis of FAs.*”'*7® FAs are
synthesized from Acetyl-CoA (from citrate generated from glycolysis-TCA using glucose) and
malonyl-CoA by the Fatty acid synthase (FASN) enzyme.*? Through a series of biochemical
reactions, FAs can then be converted to a range of molecules, including phospholipids,

signaling lipids, glycerol, diglycerides or stored as triglycerides.*”®
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Cholesterol is a key constituent of cellular membranes and involved in the synthesis of
sex and steroid hormones, among other roles.*’® Like FA and other lipids, cholesterol can be
acquired through uptake or de novo synthesis via the oxidative mevalonate pathway in the
endoplasmic reticulum using acetyl-CoA.*”” FAs are not directly required for cholesterol
biosynthesis, but can be used to derive acetyl-CoA for cholesterol. Cholesterol is taken into the
cell by various routes, primarily through the low-density lipoprotein (LDL) to LDL receptor (LDLR)

interfaces at the cell surface.*’%4"

Cholesterol biosynthesis genes have been shown to be expressed and retrieved in
pathway analysis in CSCs for several cancer types.*’34’® CSCs display metabolic heterogeneity
and can prefer various sources of metabolites and energy, including glycolysis, OXPHQOS, and
lipid metabolism.*® With increased ECM remodeling and inflammation, the energy demand on
cells is high, and therefore cells switch to glycolytic processes and lipid metabolism to meet
energy demand.*®" Dysregulated lipid metabolism can promote the EMT to a fibroblastic
phenotype and the release of profibrotic factors (e.g., TGFf3, vimentin, collagen | and Ill, and
CD248) to activate myofibroblasts in fibrotic disease and cancer.*®2*% Fibrosis is also
associated with the depletion of lipids in cells and accumulation of fatty acids (e.g., palmitic
acid in pulmonary fibrosis) and glycerol from lipolysis of triacylglycerides.*®**% Furthermore,
fibrosis has been associated with an increase in extracellular cholesterol levels along with
metabolites.*® Signatures for cholesterol export in the GCN were identified, with gene

expression in vascular and tumour cells.

Increased cholesterol metabolism has been noted to play a role in sustaining cancer
stemness in a range of cancers.*’**¢ This is not only for meeting energy and nutrient
requirements but also in determining the cell fate of cancer stem cells (CSCs). FA B-oxidation
can be promoted by stem cell markers, including NANOG, facilitating a switch from OXPHOS to
B-oxidation.*®” Furthermore, lipogenic genes, including PPARG, are shown to be correlated with
NANOG expression. Mevalonate pathway cholesterol intermediates sustain pluripotency in
colon CSCs spheroids by blocking the rate-limiting enzyme HMGCR.*®® The blockade of

cholesterol synthesis enzymes has been shown to reduce the growth of CSCs.*¢

CETP (M62) is required for the transfer of cholesterol esters and triacylglycerides (TAG)
between high-density lipoprotein (HDL) and V/LDL lipoproteins to maintain intracellular and
extracellular cholesterol homeostasis.*®® M62 also contains the NR7H3 gene encoding the Liver
Xreceptor- a (LXR-a), a transcription factor for cholesterol efflux genes, including the ATP-
binding cassette family of proteins (ABC). LXR-a is activated through high intracellular
concentrations of cholesterol to reduce cytotoxicity due to lipid reactive oxygen species.**? ABC

proteins, present in several modules across the GCN, (e.g., ABCA1) are involved in the transport

218



Chapter 5

of substrates across the plasma membranes of cells.*”’ These are often downregulated in
cancer, as cancers upregulate uptake and biosynthesis pathways.*° Upregulated LXR-a and
ABCA1 inhibit cancer growth in murine prostate cancer xenografts.*' Cyclooxygenase 1 (PTGS1)
encodes an enzyme required for prostaglandin biosynthesis from cholesterol and is also
involved in cholesterol efflux, where inhibition of COX1 will decrease efflux and promote
accumulation via downregulation of associated ABC protein genes.*? Furthermore, M62 was
correlated with M63, which contained Acyl-CoA: cholesterol acyltransferase (ACAT1), encoding
a protein involved in cholesterol esterification which is subsequently stored in lipid droplets.**?

Esterification is a means by which free cholesterol can be safely stored and reduce cytotoxic

effects.

To conclude, this chapter identified top-ranked modules that can now be screened for
hub-genes that could be putative drug targets in the subsequent chapter 6. Bottom-ranked
“favourable” modules retrieved inflammation, lipid metabolism, ECM and angiogenic
signatures. It is hypothesized that a high content of cholesterol and lipid metabolites in the TME
could be providing the DDLPS tumour with nutrients and energy, nurturing CSCs, contributing to
fibrosis, and suppressing differentiation programs in DDLPS. Furthermore, interferon responses
corresponded to differentially methylated genes, notably PTPRN2, which may correspond to

vascular heterogeneity warranting further exploration.
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Chapter 6 Identifying robust hub genes and candidate

drug targets

6.1 Introduction

In section 5.4.4, the biological enrichments within the DDLPS GCN were assessed, and
then modules were ranked according to the correlation of IMC to GS measures. Then
subsequently the lowest correlating modules were explored. This chapter examines the top
ranked modules whose IMC correlate with higher GS values. These modules are inferred to be
more biologically significant to unfavourable disease characteristics, associating with poorer
survival and DDLPS specific molecular programs that have high essentiality according to
DepMAP.2** Modules associated with these features may represent pathways that are tumour
vulnerabilities. A core hypothesis of this project, as discussed in sections 1.3.5, sections 4.1
and 4.5, is that hub genes are crucial to their networks. Therefore, hub genes in modules
inferred to have high biological relevance may represent crucial genes and hence may make

attractive targets.

Common centrality indices are explored in section 1.3.1. In brief, there are multiple, and
contextual, ways to identify hubs.?'*3"” Eigencentrality evaluates a node's influence by
considering the connectivity of its neighbours, unlike degree centrality which is a direct measure
of a nodes connectivity.***4% Eigencentrality is a measure of the influence of a node in a network
where a high eigencentrality indicates a node that is connected to hubs, assigning a higher
score of importance according to how well-connected neighbouring nodes are. Where the
degree can be likened to a person’s popularity, eigencentrality measures the relative
importance of genes itis connected to. For example, a gene co-expressed with many genes that
show a low relative co-expression with other genes will have a low eigencentrality. Those that
are co-expressed with genes that have many co-expression interactions will have a high

eigencentrality.

Subnetwork analysis is the examination of smaller local structures of a larger network.
This saves on computation time and it allows the inspection of local network structures with
higher similarity and functional relevance.?*2 WGCNA provides a platform for subnetwork
analysis through the clustering of genes into modules.?** Furthermore, this inspection is not

restricted to using the module gene assignment alone, but also through the kME.?

Section 4.4.3 demonstrated that TCGA and NCC DDLPS GCNs had over 80% of modules

significantly preserved, and incorporating this at the subnetwork level allows for interpretation
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of concordant co-expression edges. The Random walk with restart on multiplex heterogenous
(RandomWalkRestartMH) R package incorporates a random walk with restart (RWR) algorithm
for multiplexing based on local structures.?? In this algorithm a random walker starts at a seed
node and moves to neighbouring nodes within and between layers, either restarting at the seed
node with a set probability or moving to another neighbour. This process is repeated for multiple
iterations, and nodes are scored based on the frequency of visits, indicating proximity within

and between network layers.

The resultis a probability distribution that equates to a measure of node similarity. This
benefits subnetwork analysis as the adjacencies, and subsequently the TOMs between GCNs
are normalised.?® RWR requires the selection of a seed node, which intuitively would be a gene
known to be significant in disease (e.g., MDM2 and/or CDK4 in DDLPS) or a hub-gene in one of
the layers, although this can be difficult given the context of networks being multiplexed.
Another limitation of this approach is that it explores local structures (199 nodes plus the seeds)

in the network. Although, such limitations are not detrimental to exploring local structures.

Hub genes can be identified from subnetworks and presented with more confidence due
to known preservation of co-expression patterns. After hub-genes are identified, drug target
information can be leveraged to identify putative targets and inhibitors.**>*% For this purpose
there is a vast range of databases providing information on drugs, their targets and disease
indications.?'®*° The Therapeutic Target Database (TTD) and ChemProbesPortal (CPP) provide
information for targets, current status, indications, and cross-referencing to external databases

for each drug.

For studies applying such a WGCNA-based approach to DDLPS, has identified modules
associated with the DDLPS disease phenotype.?*®?®' Then genes that show tight association
with the modules identified were taken given a set threshold®®' and cross-referenced with other
analyses including differential expression and/or Least Absolute Shrinkage and Selection
Operator (LASSO) regression — screening out those that may be predictive of outcome and thus

interesting from a clinical perspective.

In this chapter, the top ten ranked modules will be explored, assessing the enriched
functions using gene annotations available from MsigDB. Then the GCNs from both the TCGA
DDLPS and the NCC DDLPS GCN will be multiplexed, and graph-based analysis will be used to
identify hub-genes. PPl data will be leveraged to identify pathway/interactor information for
each hub. Next to identify drugs and their targets, drug target data will be leveraged from the TTD

and CPP to identify and propose candidate targets.
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6.2 Aims & Objectives

Hypothesis: Modules-of-interest describe crucial DDLPS biological processes, and their hubs

are key molecules that represent putative drug targets.
Chapter Aims and Objectives:
Aim 1 -Evaluate enriched biological processed and pathways in top-ranked modules

Objective 1.1: Perform GSEA using MsigDB gene sets to identify enriched biological processes

and pathways.

Objective 1.2: Confirm cell type associations using an independent single-cell RNA-sequencing

dataset.

Objective 1.3: Evaluate the relationship between top modules and neighbouring “pathways”

(modules).
Aim 2 - Identify hub-genes in multiplexed subnetworks

Objective 2.1: Use the Random Walk With Repeat algorithm to identify module subnetworks

containing concordant gene co-expression patterns.

Objective 2.2: Use the degree and eigencentrality indices to ldentify hub-genes within

subnetworks.
Aim 3 - Identify hub interactors and candidate drug targets
Objective 3.1: Integrate PPl data from the STRING database to identify interactions of hub genes.

Objective 3.2: Retrieve and search drug-target interactions for the hub-genes and identify drug-

targets.
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6.3 Methods

6.3.1 Gene annotation signatures

Human gene annotations for GO biological process (GOBP) and REACTOME pathways

were retrieved from MsigDB (available at: https://www.gsea-msigdb.org/gsea/msigdb/).*'® To

infer the biological processes and molecular pathways in each module GSEA was conducted.
To do this all genes within the TCGA DDLPS GCN were taken (16,032) and ranked according to
their gene module membership (kME) for each modules and used an input to the ‘fgsea’
function from the fgsea R package*'® (version 1.31.0), using the GOBP and REACTOME gene
sets. For the fgsea function the minimum size of included gene sets was set to 30, the maximum
size was set to 1000, and the number of processes was set to 1, eps for p-value estimation was
set to 0. Results from fgsea were filtered according to a -log10(BH-adjusted p-value) > 1.3 and
the top ten positive and negatively enriched pathways were taken according to the normalised
enrichment score (NES). The NES is an enrichment score that has been normalised to the mean

enrichment of a random sampling equivalent to the input gene list size.

6.3.2 Eigengene network neighbourhood analysis

The EGN was constructed by calculating the adjacency using the correlation between MEs
(1 + cor(ME)/2), the adjacency was converted to a data frame using the
‘exportNetworkToVisANT’ from the WGCNA package (version 1.72-5) with an adjacency
threshold of 0.7 (only MEs with an adjacency of >0.7 were retained) and converted to an igraph
object using the igraph package (version 2.0.3) using the ‘graph_from_data_frame’
function.?®**3% The igraph object was then used as input to the RandomWalkWithRestartMH R
package (version 1.22.0) using functions ‘create.multiplex’, ‘compute.adjacency.matrix’ and
‘normalize.multiplex.adjacency’. For neighbourhood analysis.?? To identify module
relationships among the top ranked modules, the RandomWalkWithRestartMH R package
(version 1.22.0) was used to conduct a RWR on the EGN. The seeds were set according to the
top five intramodular connectivity (IMC) vs GS ranked modules (M241, M10, M66, M35 and
M100). The restart probability r was set to 0.1 to allow for network exploration where higher
values of r reduce the number of nodes a random walk visits. For extracting results, k =5 was
chosen extracting the top five neighbours in the ‘create.multiplexNetwork.topResults’ function.
These top results were then converted to a tbl_graph object using the ‘as_tbl_graph’ function

from the tidygraph R package (version 1.3.1).
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6.3.3 Single cell data integration & analysis

10X Genomics single-cell RNA-sequencing data on 11 DDLPS patient samples was kindly
provided by Sarah Watson at the institute-curie, including 28029 cells prior to filtering."*® Data
retrieved included cell type annotations as described in the published material and were used in
this analysis. Single cell read data was processed and filtered as described in section 2.16. All
single-cell data was analysed using the Seurat R package (version = 5.1.0) *® Red blood cells
were removed from the cell pool leaving 27446 cells. This scRNA-seq data is the first available
for human patient DDLPS samples and is a novel opportunity to deconvolute the DDLPS GCN
and identify cell-specific co-expression patterns. To integrate the single-cell and WGCNA
results, the overlap between cell cluster genes and WGCNA module genes were identified. This
was achieved using an overrepresentation test and the reported Fishers exact statistic via the
GeneOverlap R package (version 1.38.0). If the intersection between gene sets was found to be
less than two genes, the significance was manually zeroed to prevent significant results with
low levels of overlap. A -log10(p-value) of 1.3 was considered significant. Results from this

analysis were visualised using the pheatmap R package (version 1.01.2).

Gene expression for the given genes in the single-cell data was visualised using the
‘DotPlot’ and ‘Featureplot’ functions from Seurat, with the assay set to “SCT” for the featureplot
function. To inspect the genes expression of genes overlapping between modules and single-
cell data, the ‘intersect’ function from base R was used and passed to DotPlot or FeauturePlot
for visualisation. For genes of interest, tumour cells were extracted from the single-cell data
using the provided annotations, and cells were subset according to high or low gene expression
values. High or low expression values were decided based on the distribution of gene
expression values as inspected on a histogram. Differentially expressed genes (putative cluster
markers) between these subsets were identified using the ‘FindMarkers’ function in Seurat,
employing the default Wilcoxon rank sum test. Only those passing a threshold of 0.5 logFC were
considered. Genes were further filtered according to an average logFC > 2 and a Bonferroni
adjusted p-value of 0.01, ensuring that only genes highly expressed with high significance in a

specific cluster were identified.
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6.3.4 Identifying subnetworks and RWR-preprocessing

To identify subnetworks, the gene module membership (kME) was used as a method to
filter genes correlating to a given module, satisfying a kKME > 0.5. Typically, a kKME > 0.7 is
selected for identifying important genes. However, for subnetworks a kME >0.5 struck a balance
between excluding non-correlating genes but expanding the network to include valuable
information on an expansive GCN. Genes satisfying the threshold were then subset from the
TOM of both the TCGA and NCC. Separate networks were then constructed and filtered using
the igraph and tidygraph R packages (as described in 6.3.3). To remove lowly co-expressed
edges which are less robust (those with a low TOM) and filter the edges a TOM threshold was
set. TOM threshold was set on a per subnetwork basis starting from TOM > 0.01 and then
increasing the TOM to >0.1 if network connectivity allowed. For some subnetworks with low co-
expression values (TOM) amongst genes, a high TOM would make a sparse or empty network
thatis non informative. TOM thresholds for the TCGA and NCC were kept the same. The
processed TCGA and NCC subnetworks were then used in multiplexing. In some networks,
where there was evidence of a strong overlap between gene kME values (e..g, M10 and M241)
based on ranked gene lists returning the same genes, a decision was made to identify network
genes based on the module gene assignments alone. This was done to prevent the identification

of networks with no unique hubs.

6.3.5 Network multiplexing and integration

To investigate the co-expression network dynamics a multiplex network approach was
used to combine the TOMs from the TCGA and NCC subnetworks. These networks were used as
input into the RWR algorithm via the RandomWalkRestartMH?*2 (version 1.22.0). The seeds of
the analysis were set based on the most connected genes identified in the TCGA DDLPS
subnetwork. The ‘create.multiple’ function was used to create a multiplex object for which the
adjacency of layers were calculated using the ‘compute.adjacency.matrix’ function, which was
then normalised using the ‘normalize.multiplex.adjacency’. The random walk with restart was
conducted using the ‘Random.Walk.Restart.Multiplex’ function using the seeds as the start
nodes, and a restart probability “r” of 0.70, as is recommended by the authors of the
RandomWalkRestartMH package. The tau setting, which controls the weighting of layers for the
RWR algorithm, was kept as default (1:1) as there was no evidence to suggest substantial
differences in GCN network densities. The results were retrieved using the
‘create.multiplexNetwork.topResults’ setting the number of top result ‘k’ as 199 (199 + the

number of seeds in total).
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The tidygraph R package (version 1.3.7) was then used to build a graph object and perform
centrality indices calculation and network feature filtering. To identify concordant edges
between the two layers (network types) of the stacked network, the number of loops (an edge
being present in both TCGA and NCC) were calculated and those with <1 loops were removed
(removing non-concordant co-expression edges). Then the degree and eigencentrality measures
were calculated using igraph functions. Genes with only one connection were removed

according to a degree centrality of >1, this was done to remove orphan nodes.

To visualise the network, in the firstinstance the ggraph R package (version 2.2.1) was
used. This was useful for large networks as the computation time for ggraph is low and it
contained multiple options for faceting by edge and node features (e.g., type of edge/node).
Elsewhere the visNetwork (version 2.1.2) R package was used to generate multiplexed

subnetworks.

6.3.6 Identifying hub genes

Hub genes were identified based on two centrality indices. The first is the degree
centrality which describes the total number of connections a node has.?'22'34% The second
measure was the eigencentrality, which is the number of connections adjusted to the number of
highly connected neighbours.?'>?'®* Nodes that are high in eigencentrality are often more robust
and show a lower level of redundancy and are more likely to be essential in ordering of network

topology. Therefore, targeting eigenhubs may disrupt networks more effectively than hub genes.

To identify hub genes the igraph R package was used (version 2.0.3) where the ‘centrality-
degree’ function was used to calculate the degree and the ‘centrality_eigen’ function was used
to calculate the eigencentrality, using the edge list as input.®*® These values were then ordered

from largest to smallest to highlight the hub genes.

6.3.7 Retrieving and filtering STRING protein-protein interaction data

STRING is a curated database containing information on protein-protein interactions
(PPIs) that is commonly used in cancer network studies seeking to identify candidate
biomarkers/targets.?”” As is discussed in section 1. For each PPI STRING provides several types
of evidence-based confidence scores derived from different sources: Text-mining, Experiments,
Databases, Co-expression, Neighbourhood, Gene Fusion, and Co-occurrence. STRING
combines these scores into an “overall confidence” score, for which the creators of STRING

suggest using a minimum of value of 400 which is described as a “medium confidence level”.
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Protein-protein interaction data (9606.protein.links.full.v12.0.txt) along with associated
annotations (9606.protein.info.v12.0.txt) were retrieved from the STRING website (available at :
https://string-db.org/), using the version 12.0 (2024) release.?”’ PPl data was imported into R
studio and protein-protein interactions were filtered based on an experimental evidence score
of =2 700, which left a total of 90673 protein interactions across 6270 proteins. This threshold
was selected to prioritize high-confidence, experimentally validated interactions, minimizing the
inclusion of false positives. Only experimental evidence was used for several reasons: It directly
reflects experimental validation of molecular interactions, avoids redundancy with co-

expression analysis already performed and focuses on identifying interactors of key hub genes.

6.3.8 Drug-target data retrieval and integration

Drug-target information was retrieved from both the Therapeutic Target Database (TTD;
available at, https://idrblab.net) and the Chemical Probes Portal (CPP; available at,
https://www.chemicalprobes.org/).?"**?° The following files were retrieved from the TDD: The
‘P1-07-Drug-TargetMapping.csv’ which mapped TTD drug IDs to target IDs, providing a mode of
action and the highest drug status (e.g., clinical trial phase 1, pre-clinical etc) and the ‘P1-01-
TTD_target_download_edited.txt’ containing, and the "ChemicalProbesPortal-26_07_2024.csv"
file was retrieved from the CPP. Files were processed in R and were formatted into a data frame
object using the tidyr (version 1.3.0) and dyplyr (version 1.1.4) R packages. Files were then left
joined using the drug names provided by TTD and CPP. Drug-target interactions were then
filtered to remove drugs that were discontinued, terminated, or withdrawn from market. The
mode of action for the drug was filtered to be inhibitory against the target based on available

data annotations from these sources.

6.3.9 TCGA SARC ploidy scores

To assess the relationship between gene expression and tumour ploidy scores, whichis a
measure of genomic instability, the metadata from TCGA SARC was retrieved as set out in
section 2.4. TCGA SARC ploidy scores were derived in the analyses conducted by the cancer
genome consortium sarcoma project® In their work ploidy scores were calculated using the
ABSOLUTE algorithm.*®” The ploidy scores estimate the average DNA copy number per cancer

cell.

Key genes were considered as those known to be biologically significant in DDLPS which
include, MDM2, CDK4, FRS2, YEATS4 and CPM. Targets identified in the subsequent results

sections will also be regarded as key genes.
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Ploidy values were binned into categories reflecting increasing levels of aneuploidy and
genome doubling. Samples were classified as near-diploid (ploidy < 2.2), moderate aneuploid
(ploidy > 2.2 and < 2.7), near-triploid (ploidy > 2.7 and < 3.2), near whole-genome duplication
(near-WGD) (ploidy > 3.2 and < 3.8), or whole-genome duplicated (WGD) (ploidy > 3.8).4%®
Differences in gene expression across tumour ploidy classes were assessed using the Kruskal—
Wallis test, a non-parametric method for comparing multiple groups. Statistical significance
was adjusted for multiple testing where applicable using the Benjamini-Hochberg (BH)

procedure.

6.3.10 CINSARC 67 gene signatures

The Complex Index in Sarcoma (CINSARC) is a prognostic gene expression signature of 67
genes developed specifically for soft tissue sarcomas. The CINSARC details chromosomal
instability paired with dysregulated cell cycle functions in cancer including assembly of the
spindle apparatus, chromosome segregation, DNA replication and repair.***°° The CINSARC
has become a well-recognised signature in the STS disease space since its conception.®' It is
notable that high CINSARC 67 gene expression is typical in DDLPS and corresponds to poor

outcome.®%?

Enrichment of the CINSARC 67 score was assessed for each module using two
approaches. The first was to identify enrichment by a pre-ranked gene set enrichment analysis
(GSEA) using the fgsea R package*'® (version 1.31.0) where genes were ranked according to their
kME value, as is also described in section 6.3.1. The second method was to use the
GeneOverlap R package (version = version 1.38.0) along with the ‘newGeneOverlap’ and
‘testGeneOverlap’ functions. These were used in a similar method as set out in section 2.17.
However, gene sets tested were the module genes by partition, and the CINSARC 67 gene
signature. A p-value of 0.05, or -log10 transformed value of 1.3 were deemed statistically

significant overlaps.

CINSARC 67 genes were taken from the published article by Lesluyes et al.’®° These genes
are; ANLN, ASPM, AURKA, AURKB, BIRC5, BUB1, BUB1B, C130rf34, CCNA2, CCNB1, CCNB2,
CDC2, CDC20, CDC45L, CDC6, CDC7, CDCA2, CDCA3, CDCA8, CENPA, CENPE, CENPL,
CEP55, CHEK1, CKS2, ECT2, ESPL1, FBXO5, FOXM1, H2AFX, HP1BP3, KIAA1794, KIF1, KIF14,
KIF15, KIF18A, KIF20A, KIF23, KIF2C, KIF4A, KIFC1, MAD2L1, MCM2, MCM7, MELK, NCAPH,
NDE1, NEK2, NUF2, OIP5, UBE2C, PBK, PLK4, PRC1, PTTG1, RAD51AP1, RNASEH2A, RRM2,
SGOL2, SMC2, SPAG5, SPBC25, TOP2A, TPX2, TRIP13, TTK, ZWINT
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Top ranked modules enrichments

In section 5.4.2 modules were ranked according to the correlation of IMC with GS. Here

the results for the top ten modules associated with high IMC vs GS values are presented (Table

6.1). These top ten module are (in decreasing order): M241, M10, M66, M35, M100, M23, M178,

M225, M94, and M89. All these top modules are preserved among DDLPS datasets according to

the Zsummary score (>2), M241 and M10 are highly preserved (>10) where the top ranked

module M241 showed the highest Zsummary (15.76).

Table 6.1: Module ranking summary for modules positively associated with GS measures.

Module IMC IMC vs Clinical IMC vs Deg GS IMC vs Dep GS Rank Preservatio
GS n Zsummary

M241 0.37 0.269 0.649 0.441 1 15.76

M10 0.35 0.284 0.675 0.281 2 14.46

M66 0.47 0.318 0.255 0.367 3 2.02

M35 0.44 0.499 0.444 0.191 4 4.35

M100 0.58 0.175 0.409 0.251 5 7.96

M23 0.32 0.507 0.063 0.238 6 7.22

M178 0.46 0.144 0.433 0.241 7 6.35

M225 0.39 0.543 0.078 0.216 8 2.11

M94 0.53 0.394 0.021 0.369 9 5.99

M89 0.48 0.272 0.193 0.128 10 2.43

IMC: intramodular connectivity. GS: gene significance score. Clinical GS: GS derived from ICM correlated with the
corDeviance as described in DEG GS: The Differentially expressed gene GS. Dep GS : The DepMap DDLPS celllines
dependency GS score. Preservation Zsummary: The Zsummary value from a module preservation analysis using
the NCC dataset, a bold value indicates a highly significant preservation of Zsummary 210. Rank: The total rank of
the GS measure summed together.
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Enrichment analysis revealed a strong signature for cell cycle processes in these
modules, with strong overlap between module gene membership and cell cycle functions
(Figure 6.1A). Notably, M241 showed the most significant enrichment for the GOBP mitotic
sister chromatid segregation, NES = 3.49, -log10p = 42.32) and showed strong enrichment for
many cell cycle gene sets (Figure 6.1B). Six of the ten top ranked modules were significantly
enriched for cell cycle related processes including, mitotic sister chromatid separation GOBP
term (M241, M10, M100, M178), sister chromatid segregation (M35) and regulation of
chromosome segregation (M66). One module (M94) was enriched for DNA replication. Overall,
seven modules showed enrichment for cell cycle processes. This was also observed in the
single-cell data, where five of the top ten modules showed cycling cell gene expression
signatures (Figure 6.1C). Together with the module preservation Zsummary scores (Table 6.2),
these results indicate that M241, M10, M100, M66, M35, M178, M94 represent preserved mitotic
cell cycle programmes. Most notably M241 and M10, which showed high levels of preservation
(Table 6.1). M241 (Figure 6.2A) had 57 GOBP cell cycle annotated genes out of the 127 within
the module and M10 (Figure 6.2B) had similar observations, containing 54 genes with GOBP cell

cycle annotations.
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Figure 6.1: Module enrichment results. A: Enrichment-module network showing the module-
eigengenes (MEs - circles) and their gene enrichment (both REACTOME and GOBP terms -
squares). Blue edges indicate a correlation between MEs, and red edges indicate the top
enrichment term for that module (as represented by its ME). B: M241 expanded enrichment
analysis results detailing the ten top and bottom pathways by normalised enrichment score (NES)
and passing a -log10(BH adjusted p-value) > 1.3 threshold. C: Heatmap detailing top overlap of
module genes with top cell type marker genes via an overlap test (overrepresentation, Fishers
exact).



Chapter 6

A B
Module gene connectivity M241 Module gene connectivity M10
AURKAL“HBEZC ANLNg@
s P KIF20R i
® WCAPH RACGAP 1‘ Clustering Coefficient
GENP. & 58
b Aé * NUF2 Ccmzﬁwez I o
BIR(;%‘QN 2 e SKAL®SHCBP1 3
‘ ® © spcos e \&52 004
CCNF RAD!
o KIFC1 Belic \LMNB1 5ﬁbL$ |
NDC80 0.10 9 ¢© OP2A 0.02
-3 KIF22 g 010 RRM2 CEPg§ STIL [ 1o"e| I
o CDCA3 UBE2T_AC091057.1 = HMMR NEIL3EXO1 y o p
CDKN3 SAPCD2  GDK16 BRIP1g &0 0,
ARHGEFRBBX043 PIMREG FAM728B DNA;/ . o o
0.05 PSRC1@_ SPC24 0.05 CEP78
T3 o®
Y XK
Lo o
01 0.2 0.3 04 o 0.1 0.2
sc sC

Figure 6.2: Module gene connectivity for A M241 and B M10. The SC - scaled connectivity
measures how well-connected genes are in respect to others (gene connectivity scaled to the
maximally connected gene in that module) and the MAR- maximum adjacency ratio, is the highest
value of adjacency between two genes indicating a connection strength. Colour indicates the
clustering coefficient, details how well genes cluster together.

In addition to the cell cycle modules (M241, M10, M66, M100, M178, M94, M35, M89)
there were two modules (M225, and M23) that were not enriched for cell cycle functions. M225
(Figure 6.3A) showed a strong enrichment for Golgi organisation, and several enrichments
pertaining to intracellular vesicular transport (Figure 6.3B). M23 (Figure 6.4A) showed an
enrichment for protein synthesis (translation initiation and elongation), protein exportation and
transportation (SRP-dependent cotranslational protein targeting to membrane), and amino acid
stress response (Figure 6.4B). Notably, M23 contained many mitochondrial genes (Figure 6.4A).
Further supporting them being distinctive modules with a moderate and significant negative
Spearman correlation in the MEs of M241 with M225 (rho =-0.32, p = 0.06) and M23 (rho = 0.44,
p =0.007) with M241 (Figure 6.5A). M225 and M23 are uncorrelated (rho =0.006, p =0.972)
(Figure 6.5A). The remaining modules were increasingly correlated with M241 and M10 (Figure
6.5B), M10 and M241 displayed a high and significant positive Spearman correlation (rho = 0.89,
p <2.2e-16).
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Figure 6.5: Gene module membership (kME - Spearman correlation between gene expression
and ME expression) For A: M241, M225 and M23 module gene assignments. B The top ten
modules. Colour indicates the module to which genes were clustered.
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6.4.2 Neighbours of top modules are cell cycle related

Aside from M23 and M225, the top ten modules were enriched for cell cycle functions,
where the top five modules (M241, M10, M66, M35 and M100) represent a tightly connected
community (Figure 6.1A; Figure 6.5B). To explore other module relationships with cell cycle
modules, a RWR was conducted on the EGN revealing five neighbouring modules; M140, M196,
M156, M124 and M174 (Figure 6.6A). Not surprisingly, enrichment analysis indicated that these
modules are enriched for cell cycle (Figure 6.6B), with M174 and M94 showing significant
overlap for cycling cell markers in the scRNA-seq data (Figure 6.6C). The overlap of genes in
M241 and the single-cell data was closer inspected revealing 22 overlapping genes that show
high expression in cycling cell clusters including UBE2C, UBE2T, CDK1, and TPX2 (Figure 6.7A).
Notably, SIX7 and CRABP2 show high expression levels in tumour cells (Figure 6.7A). M10, the
second highest ranked module, showed 11 overlapping genes highly expressed in cycling cells
(Figure 6.7B) including TOP2A, CENPK, CENPW, and TUBB. Notably, FLNC, PBK and HAS2

showed a high expression in tumour cells (Figure 6.7B).
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Figure 6.6: A: The top five negative modules and five nearest neighbouring seeds by RWR. Colour
indicates the Spearman correlation between the intramodular connectivity (IMC) and the
CorDeviance (Clinical GS measure). B: Enrichment-module network showing the module-
eigengenes (MEs - circles) and their gene enrichment (both REACTOME and GOBP terms -
squares). Blue edges indicate a correlation between MEs, and red edges indicate the top
enrichment term for that module (as represented by its ME. C: Heatmap detailing top overlap of
module genes with top cell type marker genes via an overlap test (overrepresentation, Fishers

exact).
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Figure 6.7: Expression of module genes in scRNA-seq data for AM241 B M10. Colour indicates
the average expression among cells, and the size of the dot indicates the percentage of cells the
genes are expressed in.
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6.4.3 APC/C and Chromosome segregation

The presence of notable anaphase onset and mitotic-exit related genes in M241 (CDK1,
UBE2C, CDC20, PLK1, AURKA), M178 (PTTG1 - securin), and M10 (TOP2A, RACGAP1, KIF23)
infers the role of the Anaphase Promoting Complex/Cyclosome (APC/C - UBE2C, CDC20) in
anaphase-onset, and correct cytokinesis functions via the centralspindlin complex and its
associated proteins (RACGAP1, KIF23, PLK1), among other genes shown to be crucialin
metaphase progression and anaphase onset (e.g., TOP2A).5%35% Notably, several of these genes
show increased expression relative to normal adipose tissue (Figure 6.8A) and a known inhibitor
PPP2CA (PP2A) shows downregulation. This led to an assessment of the E1 and E2 ligase
environment within DDLPS vs Adipose, revealing differential E1 and E2 expression (Figure 6.8B).
Of note, UBE2C, PTTG1 (Securin), UBE2T all show a logFC > 1, and -log10(p) >2. Furthermore,
many of the APC/C-related genes show a gene effect score of >0.5 suggesting that these genes

have a moderate dependency in DDLPS cell lines (LPS141, LPS510, and LPS853) (Figure 6.8C).
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Figure 6.8: Exploration of APC/C- and E1/E2 ubiquitin enzymes. A Differential expression of
APC/C-related genes in DDLPS versus adipose tissue (GSE159659). B Differential expression
expanded to E1/E2 enzymes. Colour indicates the -log10(adjusted p-value) - filtered for those
>1.3- from a differential expression test. logFC - log-fold change. C The mean gene effect scores
from CRISPR-Cas9 sgRNA-abundance assays for three DDLPS cell lines - LPS141, LPS853, and
LPS510. A gene effect of 0,5 indicates an anti-growth effect.
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6.4.4 Sub-graph analysis

The next goal was to explore module at the subnetwork network level and conduct graph-
based analysis to identify hub genes. A major aspect of this was to ensure the concordance in
specific gene co-expression patterns between TCGA and NCC GCNs and define a concordant

GCN subnetwork for each of the top ranked modules.

6.4.5 GCN stacking

The next goal was to explore top ranked modules at the subnetwork network level and conduct
graph-based analysis to identify hub genes. A major aspect of this was to ensure the
concordance in specific gene co-expression patterns between TCGA and NCC GCNs and define

a “concordant” GCN subnetwork for each of the top ranked modules.

6.4.5.1 Top modules

Overall, as first evidenced in the strong preservation detected in module preservation
analysis (Table 6.1), the TCGA and NCC GCNs show a high degree of concordance, using M241
as an example (Figure 6.9A - TCGA right, NCC left), but also indicates distinct co-expression
profilers between these two data (Figure 6.9B). The stacked M241 network (Figure 6.10A)
contained 204 nodes (genes) and 4980 edges with a mean degree connectivity of 83, a
maximum degree of 212 (CDK7), a minimum of 2 (NDC1, CENPK, TCF19, KIF20B, INCENP,
SPC24, UHRFT1), and a density of 0.24. The top five connected genes were found to be CDK1
(degree =212), UBE2C (degree = 206), AURKA (degree = 192), TTK (degree = 192), and KIF4A
(degree = 190) (Figure 6.10B - A reduced number of nodes for visualisation purposes). The
eigencentrality is highest for UBE2C (1.00) in the M241 sub-graph. This suggests that whilst
UBE2C is not the most connected node, it does have the highest influence among network
connectivity. The subsequent top ranked modules were then also assessed. It should be noted
that at TOM > 0.05, M241 shows a very dense network with the 204 nodes and 19656 edges for a
maximum possible of 20706, giving a density of 0.95. The increase to a TOM > 0.10 did not alter

the hub structure but was done to provide easier visualisation.
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Figure 6.9: Multiplex networks for M241. A: Concordant edges between TCGA and NCC data.
No filtering for concordant edges revealing unique co-expression profiles between them.
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Figure 6.10: VisNetwork visualisation of the M241 stacked GCN. A The full 205 nodes (from
RWR) using a TOM threshold of 0.10. B A node reduced network for degree centrality > 130 to
better visualise eigencentrality hubs. Node colour represents the eigen centrality, node size is
proportional to the degree centrality. Edges are separated by source dataset.

M10 and M241 show a tight relationship (Figure 6.5B) where there is strong KME overlap
between these modules. A result of this is that when exploring the M10 subgraph using a kME >
0.5 threshold, the top hubs remain the same. In this context this could be a perceived benefit as
M241 sub-graph analysis resembles more of a “meta” module encapsulating valuable
information across modules, providing further strength to the importance of the hub genes
(inferred). To identify patterns of connectivity associated with M10, genes were extracted based
on module gene assignment. The top five hub-genes of M10 GCN (partition subset - Figure
6.11A) were CCNA2 (Degree = 102), TOP2A (degree = 100), GTSE1 (degree = 98), RACGAP1
(degree =98), and MELK (degree = 96). TOP2A showed the highest eigencentrality. An edge
threshold of TOM > 0.05 was used. The resulting graph had 99 nodes with 1, 558 edges, with a
mean connectivity of 31.474. Itis promising that M10 achieves a moderately dense network

(density = 0.32).
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Figure 6.11: GCN subnetworks for AM10 - reduced subnetwork by degree centrality > 50, B M66
and C M100. Node colour represents the eigen centrality, node size is proportional to the degree
centrality. Edges are separated by source dataset.

A similar module relationship was observed between M241 with M100 (rho =0.79, p <
0.001) and M66 (rho = 0.55, p <0.001). The M66 network (Figure 6.11B) was found to be node
sparse with 37 nodes and 156 edges but a retain a density of 0.23, with a mean connectivity of
8.43, for a low TOM > 0.01 threshold. The top connected nodes were CHDZ2 (degree = 26),
ZNF180 (degree = 22), ZNF569 (degree = 22), ZNF708 (degree = 20), and ZNF253 (degree = 18).
For the M100 network (Figure 6.11C) using a TOM edge threshold of 0.01, there were 33 nodes
and 672 edges, giving a mean connectivity of 40.727 and a network density of 0.64. The top
connected genes were found to be E2F1 (degree = 58), FOXM1 (degree = 56), NCAP2 (degree =
52), EZH2 (degree = 52) and RECQL4 (degree = 52).

M35 and M241 also showed a significant correlation (rho =0.58, p <0.007) and hence
module gene selection was used resulting in a network (Figure 6.12A) with 44 nodes, 656 edges,
a mean connectivity of 29.82, and a network density of 0.69. The five top connected nodes were
found to be WDHD1 (degree = 68), TOPBP1 (degree = 68), CCDC138 (degree = 58), MSH2
(degree =56), and XPO1 (degree = 54) with WDHD1 showing the highest eigencentrality.
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Figure 6.12: GCN subnetworks for AM35, B M94-reduced subnetwork by degree centrality > 50
and C M178. Node colour represents the eigen centrality, node size is proportional to the degree
centrality. Edges are separated by source dataset.

M94 and M241 were found to have a low correlation that was not significant (rho =0.22, p
=0.18). M94 genes were selected based on the KME >0.5 criteria and using an edge threshold of
TOM > 0.03. The M94 GCN subnetwork (Figure 6.12B) was found to contain 204 nodes across
5220 edges, with a mean connectivity of 51.18 and a network density of 0.25. The top five nodes
were found to be ZFR (degree =254), DDX18 (degree =250), G3BP1 (degree = 228), KIF5B (degree
=210), ACTR2 (degree = 210).

M178 showed a high and significant correlation to M241 (rho = 0.90, p < 0.001) overlap
with M241 KME > 0.5. The M178 graph was found to have 51 nodes, 992 edges with a threshold
of TOM > 0.01, a mean degree of 38.90 and a network density of 0.78. the top five nodes of this
PTTG1 (degree = 70), ORC1 (degree = 68), ASF1B (degree = 68), CDK2 (degree = 68) and TCF19
(degree =68). TOM > 0.01. PTTG1 had the highest eigencentrality.

M89 as previously shown was not found to be correlated with M241, using the KkME to
select for genes a network (Figure 6.12C) with 204 nodes, 6036 edges at TOM > 0.01 with a

mean connectivity of 59.18, and a network density of 0.29. The hubs were found to be RGS712
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(degree = 300), HIF3A (degree = 246), CNTFR (degree = 242), CACNA2D2 (degree = 222), and

EMLING (degree = 208). RGS12 showed the highest eigen centrality (1).

M23 sub-network for the KME partition showed nodes for MT-CYB (degree = 74),

MTATP6P1 (degree = 72), MT-ND4 (degree = 70), MT-ATP6 (degree = 62) and CCDC17 (degree =

52). The mean connectivity was found to be 17.756 across 82 nodes and 728 edges ata TOM >

0.01 threshold with a density of 0.2 (Figure 6.13A).
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Figure 6.13: GCN subnetworks for A M23, B M225- reduced subnetwork by degree
centrality > 100. Node colour represents the eigen centrality, node size is proportional

to the degree centrality. Edges are separated by source dataset.
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M225 (Figure 6.13B) had a kME network of 204 nodes across 7026 edges at a threshold of
TOM > 0.03 with a mean connectivity of 68.88, and a network density of 0.34. The top five
connected nodes are ZNF770 (degree = 370), MFAP3 (degree = 364), ZFR (degree = 330), ERBIN
(degree =274), G3BP2 (degree = 264). ZFN770 showed the highest eigen centrality.

As nodes with the highest eigen centrality represent those with the highest influence over
the network, these were selected for further analysis as the module “hub” (Table 6.2). This
leaves the following nine candidates: UBE2C, TOP2A, WDHD1, FOXM1, DDX18, PTTG1, RGS12,
MTCYB, ZNF770 and ZNF180.
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Table 6.2: Summary of top module subnetwork analysis.

Module Subset TOM  Top nodes (degree) Eigencentra Gene name Number of Mean Densit
lity hub Nodes (edges) degree y
M241 kME > 0.10 CDK1 (212), UBE2C (206), AURKA UBE2C Ubiquitin Conjugating 204 (4980) 48.82 0.24
0,5 (192), TTK (192), KIF4A (190) Enzyme E2 C

M10 Partition  0.05 CCNA2 (102), TOP2A (100), GSE1 TOP2A Topoisomerase Il Alpha 99 (558) 31.47 0.32
(98), RACGAP1 (98), and MELK (96)

M66 Partition 0.01  CHDZ2 (26),ZNF180 (22),ZNF569 ZNF180 Zinc Finger Protein 180 37 (156) 8.43 0.24
(22), ZNF708 (20), and ZNF253
(18)

M35 Partition 0.01 WDHD1 (68), TOPBP1 (68), WDHD1 WD Repeat And HMG- 44 (656) 29.82 0.69
CCDC138 (58), MSH2 (56), and Box DNA Binding
XPO1 (54) Protein 1

M100 Partition  0.01 E2F1 (58), FOXM1 (56), NCAP2 FOXM1 Forkhead Box M1 33(627) 40.73 0.64
(52), EZHZ2 (52) and RECQL4 (52)

M94 kME > 0.03  ZFR(254), DDX18 (250), G3BP1 DDX18 DEAD-Box Helicase 18 204 (5220) 51.18 0.25

0.5 (d228), KIF5B (210), ACTR2 (210)

M178 Partition 0.01  PTTGT1 (70), ORC1 (68), ASF1B PTTG1 Pituitary Tumor- 51(992) 38.90 0.78
(68), CDK2 (68) and TCF19 (68) Transforming Gene 1

M89 kME 0.02 RGS12(300), HIF3A (246), CNTFR RGS12 Regulator Of G Protein 204 (6036) 59.18 0.29
(242), CACNA2D2 (222) Signaling 12

M23 kME 0.01 for MT-CYB (74), MTATP6P1 (72), MT- MTCYB Mitochondrially 82 (728) 17.76 0.21
ND4 (70), MT-ATP6 (62) and CCDC17 Encoded Cytochrome B
(52)

M225 kME 0.083  ZNF770(370), MFAP3 (364), ZFR ZNF770 Zinc Finger Protein 770 204 (7026) 68.88 0.34

(330), ERBIN (274), G3BP2 (264).

Subset: The selection criteria by which the TOMs were subset to identify subnetworks. KME - gene module membership. TOM - Topological Overlap Matrix is
the weighted GCN. Density — Proportion of edges observed to the maximum number of potential edges according to a signed network — density = E/(N-(N-1)/2),
where E is the observed number of edges, and N is the observed nhumber of nodes.
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6.4.5.2 Hub-genes as drug targets

These ten hubs were taken as candidates for drug-target screening using the TTD and the CPP
drug-target databases to obtain a list of inhibitors. The results (Table 6.3) of this analysis
revealed TOP2A targeted by NK314 and camsirubicin and FOXM1 targeted by DO1FSW. NK314
(TOP2A) and DO1FSW (FOXM1) are investigative drugs. Camsirubicin (TOP2A) is in Phase-2
clinical trials in unresectable STS (NCT02267083).%% At present, of the nine candidates
proposed, only TOP2A has an available drug in Phase-2 clinical trials. To highlight more drug-
target interactions, the known pathways/interactors of these nine candidates will also be
inspected for targeting. This could be conducted by expanding the number of top ranked genes
(by eigencentrality/degree) although a central hypothesis of this projectis that hub genes are

key molecules.

Table 6.3: Hub gene target screening results

Target TTD Drug ID Drugname Status

FOXM1 DO1FSW Investigative

TOP2A DGZ38L NK314 Investigative

TOP2A DES53JQ Camesirubicin Clinical Trial - phase
2

Status — Highest clinical investigation/approval status. TOP2A - Topoisomerase 2A, FOXM1 -
Forkhead box M1. TTD - Therapeutic Target Database drug ID.

6.4.5.3 Protein-protein interaction networks and drug-target integration

Next protein-protein interaction data was extracted from STRING.db v12.0 2024 release. This
was data was filtered according to the nine candidates (individually) to identify PPls and build a

PPI network with drug-target information.

6.4.5.4 Drug screening of hubs and their protein interactors

UBE2C PPI network revealed four proteins in the network that were targeted by eight drugs
(Table 6.4). Of these drugs, one (TAK-243) is currently in a phase 1 clinical trial targeting
Ubiquitin-activating enzyme E1 (UBA1) (Figure 6.14A). The TOP2A PPI network revealed just one
interaction between TOP2A and Bromodomain-containing protein 4 (BRD4). In addition to the
two drugs targeting TOP2A (section 6.4.4.2) 55 further drugs targeting BRD4 were identified
(Table 6.5). Six of these drugs are in phased clinical trials. In addition to camsirubicin (TOP2A)

five targeted BRD4: DO7GHA, DOP7FM, AZD5153, ABBV-744, and (+)-JQ1 (Figure 6.14B).
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Inspection of PTTG1 PPIN revealed six proteins with seven edges. Similar to the UBE2C PPIN,

CDC20 was present and targeted by DSU7K2, a pre-clinical drug, and was the only drug-target

interaction retrieved. The MT-CYB PPIN was found to be very dense and retrieved four drug

compounds targeting two proteins in the network (Table 6.6). DOGV9Q: N-Formylmethionine,

DO7FRX: 6-Thiophen-3-yl-imidazo[2,1-b]thiazole, DOJ3TS: 6-Thiophen-2-yl-imidazo[2,1-

blthiazole, are investigative drugs targeting MT-ND3. Flurpiridaz F 18 is a phase 3 clinical trial

candidate targeting NDUFA13 (Figure 6.14C).

Table 6.4: Targets identified within the UBE2C protein-protein interaction network.

Targets — TTD DrugID  Drugname Stage
UBE2C
UBA1 DOT4PA TAK-243 Clinical Trial - phase
1
UBA1 DOYEOQOV Patented
UBA1 D0QQ3B SCHEMBL15198146 Patented
UBA1 DOP3PT SCHEMBL15198145 Patented
UBA1 DOAOYZ PYZD-4409 Investigative
UBC DOB2AE Patented
UBC DOJA8) Patented
CDC20 DSU7K2 Tosyl-l-arginine methyl ester (TOME) Pre-clinical

Status — Highest clinical investigation/approval status. UBA1 — Ubiquitin activating enzyme
E1, UBC - Ubiquitin C, CDC20 - cell division cycle 20. Bold indicates a drug with disease
indications being explored in a clinical trial.
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Figure 6.14: Drug-target networks for A: The UBE2C/UBA1 protein-protein interaction network,
with UBA1 the target of TAK-243. B: TOP2A/BRD4 and C: MT-CYB/NDUFA. Nearest (k=1)
neighbours highlighted. Protein-protein interaction (PPI) edges are blue, drug-target interaction

edges are red.
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Table 6.5: Targets identified within the TOP2A protein-protein interaction network.

Target—-TOP2A TTD drugID Drugname Status
BRD4 DO3LIP GW841819X Investigative
BRD4 DOWU1S I-BET151 Investigative
BRD4 DOT3YY MS417 Investigative
BRD4 DO9HBR MS436 Investigative
BRD4 DO1YSN isoxazole azepine compound 3 Investigative
BRD4 DO3LNF PFI-1 Investigative
BRD4 DO01DMN XD1 Investigative
BRD4 DO7FGY XD14 Investigative
BRD4 D09ZPM PMID25408830C1 Investigative
BRD4 DO1EVE PMID25703523C7d Investigative
BRD4 DOO2RX PMID23517011C9 Investigative
BRD4 D0C2JS CPI-203 Investigative
BRD4 DoJeXI PMID25408830C2 Investigative
BRD4 DO3BT)J PMID25408830C3 Investigative
BRD4 DOM5DB BzT-7 Investigative
BRD4 DOC2XT PMID24000170C36 Investigative
BRD4 D0Q2GK PMID24000170C38 Investigative
BRD4 DOH3TC PMID21851057C4d Investigative
TOP2A DGZ38L NK314 Investigative
BRD4 D0OzZW4aw (H)-JQ1 Phase 1
BRD4 DO5ICT ABBV-744 Phase 1
BRD4 DOPHO9I AZD5153 Phase 1
BRD4 DO7GHA NA Phase 1/2
BRD4 DOP7FM NA Phase 1/2
TOP2A DE53JQ Camesirubicin Phase 2
BRD4 D04HTM Aminocyclopentenone compound 1 Patented
BRD4 D08JHQ Aminocyclopentenone compound 2 Patented
BRD4 D09QSH Aminocyclopentenone compound 5 Patented
BRD4 DOAU3O NA Patented
BRD4 DOKF8C Aminocyclopentenone compound 3 Patented
BRD4 DONG6JZ Aminocyclopentenone compound 4 Patented
BRD4 DO9FVR Pyrrolo-pyrrolone derivative 3 Patented
BRD4 DOHO8V Pyrrolo-pyrrolone derivative 4 Patented
BRD4 DOPE1R Pyrrolo-pyrrolone derivative 2 Patented
BRD4 DOXR9Y Pyrrolo-pyrrolone derivative 5 Patented
BRD4 DOYM3G Pyrrolo-pyrrolone derivative 1 Patented
BRD4 DOOMXR PMID26924192-Compound-23 Patented
BRD4 DO3SNWT PMID26924192-Compound-104 Patented
BRD4 DO5LTB Pyrazole and thiophene derivative 4 Patented
BRD4 DO5XXS PMID26924192-Compound-103 Patented
BRD4 DO7IYX PMID26924192-Compound-20 Patented
BRD4 D08BCK PMID26924192-Compound-24 Patented
BRD4 DOC9RQ PMID26924192-Compound-22 Patented
BRD4 DOCB8D PMID26924192-Compound-31 Patented
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Target—-TOP2A TTD drugID Drugname Status

BRD4 DOEN4B Pyrazole and thiophene derivative 2 Patented
BRD4 DOFN6F PMID26924192-Compound-25 Patented
BRD4 D0J4QG Pyrazole and thiophene derivative 3 Patented
BRD4 DOL7SK PMID26924192-Compound-30 Patented
BRD4 DONN4U PMID26924192-Compound-105 Patented
BRD4 DOSB3H PMID26924192-Compound-32 Patented
BRD4 DOSQOF Pyrazole and thiophene derivative 1 Patented
BRD4 DOVB3P PMID26924192-Compound-33 Patented
BRD4 DOXM8B PMID26924192-Compound-21 Patented
BRD4 DO3RPJ PMID26924192-Compound-102 Patented
BRD4 DO7CSE Benzothiazepine analog 12 Patented
BRD4 DOS5ID Benzothiazepine analog 11 Patented
BRD4 DOY7YC Benzothiazepine analog 10 Patented

Status - Highest clinical investigation/approval status. TOP2A — Topoisomerase 2A,
BRD4 - Bromodomain-containing protein 4. Bold indicates a drug with disease
indications being explored in a clinical trial.

Table 6.6: Targets identified within the MT-CYB protein-protein interaction network.

Targets-MT-CYB | TTD DrugID  Drugname Status
MT-ND3 DOGVOQ N-Formylmethionine Investigative
MT-ND3 DO7FRX 6-Thiophen-3-yl-imidazo[2,1-b]thiazole Investigative
MT-ND3 DO0J3TS 6-Thiophen-2-yl-imidazo[2,1-b]thiazole Investigative
NDUFA13 DouU1VvZz Flurpiridaz F 18 Phase 3

Status — Highest clinical investigation/approval status. NDUFA13 — NADH:ubiquinone
oxidoreductase subunit A13, MT-ND3 - NADH dehydrogenase subunit 3. Bold indicates a
drug with disease indications being explored in a clinical trial.

In summary, 63 drug-target interactions were identified. Three of which (5%) were targeted
towards the candidate gene. The remainder 59 were targeted against BRD4 (55 drugs), CDC20
(one drug), NDUFA13 (one drug), and MT-ND3 (three drugs). Eight of these drugs (7.88%) were
found to be currently in phased clinical trials. Of these, Flurpiridaz F 18 (NDUFA13) is in phase 3,
TAK-243 (UBA1), (+)-JQ1, ABBV-744, AZD5153 are in phase 1 clinical trials, DO7GHA, DOP7FM
each targeting BRD4 are in phase 1/2 clinical trials, and Camsirubicin (TOP2A) in phase 2. No
drug targets were identified for KMT2D, RGS12 and no PPls were identified for FOXM1, DDX18,

ZNF770. Table 6.7 summarises the drug compounds currently in phased clinical trials.
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Table 6.7: Summary of drug compounds currently in phased clinical trials.

Targets TTD Drug ID Drugname Status
NDUFA13 | DOU1VZ Flurpiridaz F 18 Phase 3
BRD4 D0OZW4wW (H)-JQ1 Phase 1
BRD4 DOS5ICT ABBV-744 Phase 1
BRD4 DOPHOI AZD5153 Phase 1
BRD4 DO7GHA NA Phase 1/2
BRD4 DOP7FM NA Phase 1/2
TOP2A DE53JQ Camesirubicin Phase 2
UBA1 DOT4PA TAK-243 Phase 1

Status — Highest clinical investigation/approval status. NDUFA13 — NADH:ubiquinone
oxidoreductase subunit A13, TOP2A - Topoisomerase 2A, UBA1 - Ubiquitin Activating
Enzyme E1, BRD4 - Bromodomain-containing protein 4.

6.4.5.5 Further candidate exploration

Targeted (directly or through interactors) candidates were further assessed on differential
expression, dependency and survival association. As previously detailed (Figure 6.8) TOP2A and
UBE2C show significant differential expression, BRD4, MT-CYB and NDUFA13 do not (Figure
6.15A). BRD4, UBE2C show gene effect scores of >0.5 suggesting cell depletion upon
knockdown (Figure 6.15B). TOP2A and UBA1 show a strong depletion effect >1.0. Only BRD4
was found to significantly predict overall survival in the Multivariate Cox Ph model (as described
in section 3.4.3.1.1). Furthermore, this association was reproducible in the NCC data using the

progression free-survival measure (Figure 6.16A-B).

253



Chapter 6

A DDLPS vs Adipose (APC/C-related genes) B DepMap Gene Effect Scores (mean)

UBE2C UBA1

LBt TOP2A
log10_p
5

TOP2A

Gene

UBE2C

- mow s

Gene

NDUFA13
BRD4

MT-CYB

NDUFA13

BRD4

=
=

15 20

m I

Gene effect

o
=S
o
P
o
o

logFC

o

] ]
I ]

genes N

g
=
«

BRD4

log10Wald

15

Gene

10

NT-CYB 05

TOPZA

10
Hazard Ratio

Figure 6.15: A Differential gene expression result (GSE159659) for DDLPS vs adipose. Colour
indicates the -log10(BH adjusted p value). B The mean gene effect sizes from the DepMap
CRISPR-cas9 sgRNA abundance assays across DDLPS cell lines (LPS141, LPS510, LPS853). C
The hazard ratio from a multivariate Cox Ph (TCGA DDLPS) model on overall survival. Colour

indicates the -log10(Wald test p value).
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Figure 6.16: Univariate survival analysis for BRD4 expression in ATCGA and BNCC
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6.4.6 Gene expression of key genes are typically not correlated with tumour ploidy

Tumour ploidy is a measure of chromosomal instability. Ploidy variable was taken from
the clinical metadata available from the TCGA SARC publication.® The analysis was not
conducted on NCC samples as ploidy count was not available in the clinical metadata. During
the assessment of outliers in section 4.3.2 it was found that ploidy was not a significant variable
between included and excluded samples. It was found in section 3.4.3.1.1 (Table 3.4) the mean
tumour ploidy was 2.7 which denoted moderate aneuploidy and classified here as near triploid
(NT) suggesting genomic complexity within the cohort, although most tumours were estimated
as being closer to diploid in both the original data (n = 50, 64.5% ; Table 6.8) and the filtered
dataset (n = 36, 56.8% ; Table 6.9). It was noted that tumour ploidy estimates were available for

31/36 (n = 36) and 44/50 (n = 50) of tumour samples.

Table 6.8: Tumour ploidy classes in the original TCGA DDLPS data (n = 50).

Ploidy class Numberin class Percentage of total (%)
Near diploid 25 56.8

Moderate aneuploid 2 4.5

Near Triploid 7 15.9

Near Whole Genome 5 11.4

Duplication

Whole Genome Duplication 5 11.4

Percentage (%) was calculated as a percentage of the number in class compared to the
number of tumour samples for which tumour ploidy was available.

Table 6.9. Tumour ploidy classes in the filtered TCGA DDLPS data (n = 36).

Ploidy class Number in class Percentage of total (%)
Near diploid 20 64.5

Moderate aneuploid 1 3.2

Near Triploid 4 12.9

Near Whole Genome 3 9.7

Duplication

Whole Genome Duplication 3 9.7

Percentage (%) was calculated as a percentage of the number in class compared to the
number of tumour samples for which tumour ploidy was available.
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Key genes identified in this study (network hubs and drug targets) which included YEATS4,
UBE2C, UBA1, TOP2A, BRD4, NDUFA13 along with those that are known drivers for DDLPS
including, MDM2, CDK4, CPM, FRS2, HMGA2 and YEATS4. CPM was found to not be presentin
the gene expression data post-filtering. Tumour ploidy is incorporated to distinguish whether
there is a correlation between increasing tumour ploidy and the variability in gene expression
(and thus co-expression) patterns observed in these key genes. If variability is driven by
transcriptional regulation modifications that are more focal in nature and not the result of global

and passive increased genomic content.

For most genes there was no significant correlation identified in both the filtered (n = 36;
Figure 6.17) and original (n =50; Figure 6.18) data. The exception was BRD4 in the filtered data
(Pearsonr=0.42, p =0.019) showing a moderate positive correlation in the filtered data (n =
36). However, this could not be reproduced when assessing significance with tumour ploidy

categorised (Figure 6.19) into discreet groups.

Gene Expression vs Ploidy (n = 36)
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Figure 6.17: Pearson correlation of tumour ploidy and gene expression for key genes in the
filtered TCGA DDLPS data (n = 36). A- FRS2 (Fibroblast Growth Factor Receptor Substrate 2), B -
HMGA2 (High Mobility Group AT-Hook 2), C - YEATS4 (YEATS Domain Containing 4), D - UBE2C
(Ubiquitin Conjugating Enzyme E2 C), E - UBA1 (Ubiquitin Like Modifier Activating Enzyme 1), F-
TOP2A (DNA Topoisomerase Il Alpha), G - BRD4 (Bromodomain Containing 4), and H- NDUFA13
(NADH: Ubiquinone Oxidoreductase Subunit A13).
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Gene Expression vs Ploidy (n=50)
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Figure 6.18: Pearson correlation of tumour ploidy and gene expression for key genes in the
original TCGA DDLPS data (n = 50). A- FRS2 (Fibroblast Growth Factor Receptor Substrate 2), B -
HMGA2 (High Mobility Group AT-Hook 2), C - YEATS4 (YEATS Domain Containing 4), D - UBE2C
(Ubiquitin Conjugating Enzyme E2 C), E - UBAT (Ubiquitin Like Modifier Activating Enzyme 1), F-
TOP2A (DNA Topoisomerase |l Alpha), G - BRD4 (Bromodomain Containing 4), and H- NDUFA13
(NADH: Ubiquinone Oxidoreductase Subunit A13).
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Gene expression by Ploidy Class (n = 36)
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Figure 6.19: Gene expression of key genes separated by tumour ploidy class in the filtered TCGA
DDLPS data (n =36). A- FRS2 (Fibroblast Growth Factor Receptor Substrate 2), B-HMGA2 (High
Mobility Group AT-Hook 2), C - YEATS4 (YEATS Domain Containing 4), D - UBE2C (Ubiquitin
Conjugating Enzyme E2 C), E - UBAT (Ubiquitin Like Modifier Activating Enzyme 1), F- TOP2A
(DNA Topoisomerase Il Alpha), G - BRD4 (Bromodomain Containing 4), and H- NDUFA13
(NADH: Ubiquinone Oxidoreductase Subunit A13). Near-DL — near diploid, MA - moderate
aneuploid, Near-TL — near triploid, Near-WGD - near whole genome duplication, WGD - whole
genome duplication. Statistical significance was tested using a Kruskal-Wallis test.

Upon inspection in the original TCGA DDLPS (n = 50) data it was noted that several genes
become significant after categorising the tumour ploidy into classes (Figure 6.20). These
include UBAT (P =0.033; Figure 6.20E), TOP2A (p = 0.043; Figure 6.20F) and BRD4 (p =0.012;
Figure 6.20G). After further inspection via performing a Wilcoxon rank-sum test and correcting
for multiple tests using the Benjamini-Hochberg procedure reveals that only BRD4 remains

significant (test statistic =2.95, padj =0.03).
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Gene expression by Ploidy Class (n = 50)
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Figure 6.20: Gene expression of key genes separated by tumour ploidy class in the original
unfiltered TCGA DDLPS data (n =50). A- FRS2 (Fibroblast Growth Factor Receptor Substrate 2),
B -HMGA2 (High Mobility Group AT-Hook 2), C - YEATS4 (YEATS Domain Containing 4), D -
UBE2C (Ubiquitin Conjugating Enzyme E2 C), E - UBAT (Ubiquitin Like Modifier Activating
Enzyme 1), F- TOP2A (DNA Topoisomerase Il Alpha), G - BRD4 (Bromodomain Containing 4), and
H - NDUFA13 (NADH: Ubiquinone Oxidoreductase Subunit A13). Near-DL — near diploid, MA -
moderate aneuploid, Near-TL — near triploid, Near-WGD - near whole genome duplication, WGD
—whole genome duplication. Statistical significance was tested using a Kruskal-Wallis test.
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6.4.7 CINSARC 67 signatures are enriched in top ranked modules

The CINSARC 67 genes signatures were taken from the full 67 gene panel as denoted in
section 6.3.10. The module enrichment of the CINSARC 67 signature by pre-ranked GSEA using
the KME (modular membership) values of genes concluded that top ranked modules were
enriched for CINSARC 67 genes (Table 6.10). This was also reproduced when looking at the
gene overlap via a hypergeometric test (Table 6.117). Eight modules contained at least one
CINSARC 67 gene these include M10, M100, M104, M174, M177, M178, M201, and M241. M241
showed the highest number of intersecting genes at 25, comprising nearly 20% of the module
and greater than a third of CINSARC 67 genes (Table 6.11). No modules ranked via the clinical

score GS metric alone contained CINSARC 67 genes.
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Table 6.11. Modules with CINSARC 67 gene overlap (overrepresentation).

Module | Intersect (gene symbols) Number Percentage of |Percentage of Log10
intersecting | module (%) CINSARC 67 (pvalue)
M241 |SPAGS5, AURKA, TPX2, BIRCS5, KIF4A, CDCAS, TTK, |25 19.69 37.31 33.118
CENPA, CDC20, NEK2, NCAPH, ZWINT, CKS2,
CDCAS8, ESPL1, KIF11, PLK4, KIF2C, BUB1B,
CCNB2, KIF15, BUB1, UBE2C, AURKB, KIFC1
M10 ANLN, FBXOS5, KIF20A, TOP2A, KIF23, CEP55, 11 9.91 16.42 10.095
NUF2, CCNA2, MELK, PBK, RRM2
M177 |ASPM, TRIP13, ECT2, KIF14, CENPL, KIF18A, 10 22.73 14.93 12.659
CCNB1, CENPE, MAD2L1, CDCA2
M100 |MCM2,CDC6, FOXM1, SMC2, MCM7 5 15.15 7.46 4.837
M174 |NDE1, CDC7, RAD51AP1 4 8.82 4.48 1.729
M178 |OIP5, PTTG1 2 3.92 2.99 0.105
M104 |CHEK1 1 1.75 1.49 0
M201 |HP1BP3 1 3.33 1.49 0
Modules are ordered here by the number of overlapping genes (decreasing). Reported p-value is a one-sided Fishers Exact
Test (hypergeometric test). Bold text indicates a significant result. Pvalues were BH adjusted and transformed to -log10.
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6.5 Discussion

This chapter identified a preserved mitotic cell cycle programme represented in the top ten
ranked modules according to the GS measures used. Aside from cell cycle there were also other
modules (M225, M23 and M94) enriched for mixed functions with inferred roles in protein
trafficking and mitochondrial reactive oxygen species (ROS) production. These top modules
were then inspected at the sub-network level revealing hub-genes. After assessing the known
PPIs for these hub-genes several inhibitor class drugs and targets were identified. These include
most notably, camsirubicin (TOP2A), TAK-243 (UBA1), DSU7K2 (CDC20), NK314 (TOP2A). Of the
nine candidate hubs brought forward, two were targeted by inhibitors - TOP2A and FOXM1 giving
a hub-target success rate for inhibitors of ~22%. By expanding towards an assessment of the
interactors of proteins, two further candidates were identified in TAK-243 targeting UBA1, and
DSU7K2 (tosyl-l-arginine methyl ester - TAME) targeting CDC20. A similar success rate was
reported in a study in cervical cancer®® where TOP2A, MERK, KIF11, TTK, PBK, MELK were found
to be hubs that have available drugs. Here drugs that were either pre-clinical or already in

existing clinical trials/approved were considered.

The most promising hub-gene of those identified with drug-targets was UBA1 through
protein-protein interaction with UBE2C the eigenhub of M241 the top-ranked module. Itis
estimated that UBA1 primes ~99% of cellular ubiquitin for many of the E2 ligases available.>” It
was noted that cancers responded to bortezomib, a first in class proteome inhibitor, which has
also had indications for DDLPS along with other proteasomal inhibitors, along with of course the
well-covered targeting of MDM2.5%8-%10 TAK-243 forms TAK-243-ubiquitin adducts that potently
inhibit UBA1 activity, leading to defective protein turnover and signalling, cell cycle progression,
DNA repair, proteotoxicity due to ER stress and cancer cell death.®''%'® One mechanism by
which TAK-243 has been shown to induce cancer cell death in pre-clinical models of solid
tumours is through ER stress where an accumulation of misfolded/damaged proteins can

OCCUI’.511’513’514

The main benefit of targeting the E1 enzyme is the functional redundancy observed among
the numerous E2 and E3 enzymes.®"”*'® Thus the activity of multiple proteins can be directly
modified which likely explains the high potency of TAK-243 in reducing the functionality of the
ubiquitin-ligase system. As stated, TAK-243 is currently undergoing clinical trials for acute
myeloid leukaemia (AML) (ClinicalTrials.gov, ClinicalTrials.gov, NCT03816319) and advanced or

metastatic solid tumours (NCT06223542). The results of these are not to be expected until circa
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2027. The ubiquitin proteasome system is involved in numerous cancer pathways including cell

cycle progression and apoptosis.®™

UBA1, the hub gene UBE2C and CDC20 are all involved in the ubiquitin-proteasome
system, which is a protein degradation system responsible for tagging >80% of cellular proteins
for degradation via the attachment of Ubiquitin in a three step system.®?°. The E1 ubiquitin-
activating enzymes, including UBA1, via hydrolysis of adenosine tri-phosphate (ATP) attaches
Ubiquitin to an active site cysteine residue within the E1 active site, and after structural changes
transfers it to the cysteine residue in E2 ubiquitin-conjugating enzyme (e.g., UBE2C) active
site.®' The E3 ubiquitin-ligating enzymes then attaches the ubiquitin to a substrate, this process
may repeat until the protein is polyubiquitinated. There are three major classes of E3 ligases,
the Really Interesting New Gene (RING), RING-between-RING (RBR), and homologous to EGAP
C-terminus (HECT).?"® The anaphase promoting complex/cyclosome (APC/C) is a highly
conserved multi-protein RING E3 ligase involved in the degradation of a number of proteins,
including cyclins and securing proteins crucial for cell cycle regulation.®?> APC/C co-activating
proteins, cell division cycle 20 (CDC20) and CDC20 homolog 1 (CDH1 - encoded by the FZR1
gene) aid in the recruitment of substrates and conformational changes to allow binding of
ubiquitin bound UBE2C.%%*%2* The substrate is then monoubiquitinated or multi-ubiquitinated at

multiple sites. UBE2S is then responsible for chain elongation forming the polyubiquitin.®

In late-metaphase and anaphase APC/C-CDC20 targets Cyclin B1 and Securin (PTTG1) to
progress the cell cycle into anaphase, and move towards mitotic-exit and completion of the cell
cycle.555% Securin sequesters separase, a protease essential for the disassembly of the
cohsein complex and sister chromatid segregation. Cyclin B1 partners with CDK1 during the
G2/M transition and into metaphase, where levels of cyclin B1 drop into anaphase, and is
crucial for G2/M transition.*?” To ensure sufficient levels of cyclin B1 for G2/M transition, it is
protected from the APC/C by the mitotic checkpoint complex (MCC).*?” Upon APC/C activation
via release from the MCC, the APC/C can tag Cyclin B1 and securin. The APC/C then associates
with CDH1 in late anaphase allowing for the degradation of CDC20 and range of mitotic kinases

(e.g., PLK1, AUKRA/B) allowing for exit.>?

The overexpression of UBE2C and CDC20 along with UBE2S observed in a range of
cancers associated with a poor prognosis®*®®3, It is thought that this leads to chromosomal
mis-segregation leading to genomic instability, aneuploidy, decreased apoptosis and increase
cell proliferation.5®**%% There has been several attempts to target the human proteasome in
cancer.%®” Bortezomib (velcade) is an FDA approved first-generation proteasome inhibitor
targeting the function of the 26S proteasome with indications in myeloma.5'® It has been shown

to promote cellular arrest which may be through the accumulation of cyclin B1 levels and a
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stalling at the spindle-assembly checkpoint.>?* Bortezomib and similar FDA approved
proteasomal inhibitors (e.g., carlfilzomib) has shown promise in DDLPS in vitro patient-derived
and mouse models in inhibiting tumour growth, and decreasing MDM2 expression levels.?3#54
Furthermore, bortezomib, ixazomib (a 20S proteasome inhibitor) and carlfilzomib potentiated
the effect of nutilin, an MDM2 inhibitor in WDLPS cell lines.>*' Other inhibitors, including

bendamustine, have sought to target the E3 ligase machinery.®"®

Upcoming proteasome inhibitors in clinical trials have sought to target the E1 ligases
including the first-in-class TAK-243 (MLN7243) which targets UBA1. TAK-243 works by binding
free ubiquitin, blocking UBA1 activation, leading both to protein accumulation (and proteotoxic
effects due to the unfolded protein response) and dysregulation of downstream E2 and E3
functions, including the APC/C.5°” TAK-243 is currently in phase | clinical trial for leukemia
(NCT03816319), although was previously the subject of a terminated trial for advanced solid
tumours (NCT02045095). TAK-243 has shown repeated anti-cancer effects in cancer cell lines
and patient-derived xenograft mouse models in lung, leukaemia, pancreatic cancer and

adrenocortical carcinoma.?'>®'® TAK-243 may represent a promising inhibitor for use in DDLPS.

A notable challenge was the decision between selecting genes for sub-networking
analysis from modules. Typically, genes are selected using the KME at a given threshold for that
module, this is generally kME > 0.7.2%425' However, for highly correlated modules, kME shows a
high level of overlap, where at times a given gene can show high module membership for both
the module it was partitioned into and modules where there was high co-expression with
another modules ME. Whilst this is certainly a beneficial aspect of WGCNA, as it allows the
retrieval of additional co-expression relationships outside of module gene assignment, it also
can complicate subnetwork analysis aiming to identify hub genes, as often similar modules will
contain genes that are high in KME for other MEs. To circumvent this, instead of using a kME cut-
off to select genes, gene module assignment was used to filter out genes. The contextual benefit
here was to identify additional hubs (and candidates) that were exclusive for a given module.
The caveats are that for modules with a low intramodular connectivity, the network generated
will be sparse, furthermore, here it was typically found that in order to retain co-expression
edges, the TOM had to be set low, which decreases the confidence in co-expression

edges 196,235,347

To select for hubs both the degree and the eigencentrality were inspected. Ultimately,
eigencentrality was used as the measure to select a candidate as outlined in section 6.1.
However, there are many other centrality indices that could be used. For instance, a repeat of
these analysis using the betweenness, PageRank or average degree density indices may retrieve

different results. Although, this is highly contextual and dependent on the topological structure
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of the network. For example, a network where there are dissimilarities in clustering coefficients
among nodes and distinct clusters (i.e., it can be observed that there are two separate/bridged
network structures) may yield drastically different results if using the betweenness centrality as

there are likely conduits between clusters.

The CINSARC 67 is a well-known and utilised prognostic gene signature and measure of
chromosomal instability for sarcomas including DDLPS although, it has been applied to other
neoplasms.**9-°2 CINSARC 67 genes were mostly enriched in top ranked modules notably M241
and M10 which were both potently enriched for mitotic and chromosomal segregation genes.
CINSARC 67 genes are known to represent regulatory genes that are key in mitotic processes
that when overexpressed can lead to dysregulated chromosomal segregation and associated
with poorer outcome.****°" The concordance observed here provides further credence that hub

genes (and targets) are important molecules in DDLPS cancer biology.

Despite the strong CINSARC 67 score, it was found that the gene expression of key genes
identified in this chapter (YEATS4, UBE2C, UBA1, TOP2A, BRD4, NDUFA13) and known drivers
(MDM2, CDK4, YEATS4, and FRS2) did not show a significant relationship with increasing ploidy.
Many of these genes, notably UBE2C and TOP2A are included in the CINSARC 67.5°95%2 This
suggests that for the majority of tumour samples tested here, gene expression variation is likely
driven by focal genomic (e.g., the characteristic amplifications of 12q13-15) or regulatory
changes. Work on the CINSARC 67 signatures would suggest that increasing genomic instability
leads to a more aggressive tumour and vulnerabilities due to increased stress on the tumour
cel.’” Indeed, chromosomal instability can differentially impact sensitivity to targeted therapy,
where WGD have been shown to make colon cancer cells more sensitive to proteasome

inhibitors.342543

To summarise, in this chapter a network-based approach is leveraged to identify putative
drug targets. Multiple hub-genes were identified across the top ten modules, although not all
were targetable. Including PPIN data allowed for interactors to be identified as targets. Notably,
UBA1 and the drug TAK-243 should undergo further investigation as novel target in DDLPS. This
acts as a demonstrable proof-of-concept for network-based analysis in the identification of

novel drug targets.
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Chapter 7 Final Discussion

Dedifferentiated liposarcoma (DDLPS) is a poor prognostic subtype of liposarcoma (LPS), which
are part of a diverse range of rare mesenchymal malignancies called soft tissue sarcoma (STS)."
In general, STS malignancies have limited treatment options beyond surgical resection.5%7"%4
Chemotherapeutic drugs, typically employed for advanced/metastatic disease, are largely
ineffective in all treatment settings and show high levels of toxicity.>** Doxorubicin, the most
common first-line anthracycline based agent used across STS cancers, has been employed
since 1973 (adriamycin) after notable tumour regression in STS.>**5% Treatment options
available to patients have not drastically changed, and there is a desperate need for additional

therapeutic interventions.

In the past decade several drug indications have been made targeting molecular
alterations in LPS, most prominently MDM2 and CDK4 amplifications.?°%*” Inhibitors targeting
these have shown mixed results in clinical trials (see section 1.2.6). The MDM2 inhibitor
milademetan was the most promising but failed to meet clinical trial endpoints.”"'%%%8 A new
favourite, Brigimadlin, is currently undergoing a phase 2/3 trial (NCT05218499)."®” However,
previous results of clinical trials targeting somatic copy number alterations (SCNA)) and

immune checkpoint blockade (ICB) indicate that this will only work in a subset of patients.

Targeting prevalent somatic mutations under the assumption that such alterations are
oncogenic drivers and are distinguished from unaltered genes in healthy tissue.** DDLPS has a
low mutational burden and hence molecular targets based on somatic mutations, outside of
SCNAs, are few.5 Cancer vulnerabilities can go beyond oncogenic driver mutations where non-

mutated genes can also be vulnerabilities to be targeted.3'3°%°

Network analysis is a powerful tool, that fundamentally recapitulates molecular circuitry
via topological patterns of connectivity between entities as a network graph.'925%":5%2 Gene co-
expression is the similarity between gene expression patterns, usually at the scale of hundreds
or thousands of gene transcripts.??® Gene co-expression networks are an application of graph
theory to analyse gene co-expression data.?®* GCNs can then be used for numerous
applications including biomarker discovery and as an effective gene screening method for
analysing whole transcriptomic (global) data to select interesting groups of genes for further
analysis out of the thousands of genes used as input. WGCNA is by far the most common tool
used for such purposes with well documented applicability and has simple yet effective data

integration tools.?3%2%1.2%¢
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Indeed, varying applications of WGCNA, with adjunct bioinformatic/biostatistical analysis
exist across multiple cancer types for the purpose of highlighting new and exciting
genes,186:243,248,259,265,308,553,554 Hance it was identified here that this could be a tool to screen out

interesting genes in DDLPS for further investigation as putative drug targets.

The main aim of this project was to identify and implicate putative targets through use of
an integrated network approach using DDLPS gene expression data. Section 3 saw the
identification of gene expression datasets and the construction of a multivariate Cox
Proportional Hazard model ready for WGCNA clinical trait data analysis.® Subsequently in
section 4 WGCNA parameters and in-depth quality control was conducted to build a robust
weighted GCN. In Section 5 the three GS measures were used to rank the modules in the
weighted GCN and subsequently a comprehensive characterisation of the modules followed
along with the integration of single-cell data, identifying several novel findings. Then in section 6
sub-graph analysis was applied to the top-ranked modules, and a hub gene UBE2C was
identified, where protein-protein interactions implicated TAK-243 as a drug targeting UBAT the

enzyme upstream of UBE2C. The goal of this project was met.

This chapter will summarise the pivotal findings, provide an overall interpretation of
results, and their wider implications. Furthermore, the limitations of this project will be

discussed, and future directions will be highlighted for further research to be conducted.

71 Project overview

7.1.1 Building a robust DDLPS GCN that reconstructs DDLPS biological pathways

The first aim of this project was to construct a robust GCN using WGCNA.?* This was
achieved in sections 3 and 4 which involved the identification of secondary data sources for
WGCNA and the construction of a robust weighted GCN.84114234.332.333 Thg GCN derived is not
only a resource that can be later mined for candidate targets, but also better understand
disease mechanisms by highlighting functional pathways. To ensure a robust network was built,
several tests were conducted to choose optimal parameters. This included an assessment of
the distribution of gene connectivity, the correlation of intramodular connectivity (IMC) to GS
measures, and comparisons to randomly generated graphs. Each of these assessments were
successful and indicated a robust GCN. Subsequently the GCN also showed strong co-

expression preservation in a validation RNA-seq dataset.”™

Testing multiple parameters marks a shift from using default settings which are commonly

adopted. Other studies have also found that WGCNA has favourable performance against other
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methods with only minor modifications required to parameters.*® Typically studies have relied
on using clinical variables as a measure of GS to identify important modules.?#24%3¢ \Whilst this
is highly beneficial for identifying modules that are correlated with clinical variables (e.g.,
outcome) and is directly interpretable and contextual to clinical behaviour of the disease, it
does not detail mechanistic insights. Hence, in addition two other data sources were integrated
which was differential gene expression data (GSE159659 — DDLPS versus WDLPS) and gene
dependency data (DepMap - LPS141, LPS853 and LPS510 cell lines).?'**3* The former described
dysregulated genes and the latter gene essentiality. Modules correlating highly to these GS
features may represent pathways that are clinically relevant, dysregulated and essential were

taken together may represent robust targetable cancer vulnerabilities.

The GS measures were also used to inform on the most optimal GCN partition. According
to WGCNA, modules with highest relevance should have modules where intramodular
connectivity correlates with measures of GS."%23425' Hence, the partition that best emphasised
these correlations was chosen. Modules with high IMC vs GS are interesting, and according to

assumptions of WGCNA graph theory, are important to underlying biological processes.?*

Itis common in cancer studies to pair WGCNA with differential gene expression analysis
(DGEA),234.246,:248,259,309,312,556 Thjg j5 done either in a pre-or-post WGCNA manner, although
identifying DEGs after WGCNA module identification, and using some of the summary metrics
available in WGCNA is regarded as good practice.?® Pre-filtering the number of transcripts too
strictly can invalidate the scale-free assumptions of a GCN.*** In this project, differential gene
expression was integrated through correlation of the IMC to the signed significance of
differential expression (signed -log10 FDR adjusted p-value) which follows guidelines for clinical
trait data analysis.?** This is also similar to applications of the gene essentiality data, although
this is much less common in WGCNA studies.?*® Finally, the GCN constructed here also showed
strong module preservation which is a robustness test not yet conducted for WGCNA in

DDLPS.2%?

The relative performance of WGCNA against other methods has been noted.>*® Whilst the
benefits of adopting a WGCNA approach have been discussed in depth (see sections 1.3.3, 3.1,
4.1, 4.5, and 5.1) along with studies detailing the robustness of WGCNA across datasets (with
correct tuning as was made evident in the NCC data).>*® There is a wide suite of module
detection methods available, and whilst it is noted that some outperform WGCNA for module

detection, they lack the contexture of graph-based theory applied to co-expression data.?*®
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7.1.2 Identifying and characterising modules of interest

To identify modules that show high biological relevance to the disease, the modules were
ranked according to the summed correlations of IMC to all three GS measures. The same
measures used to identify optimal parameters. This novel approach in DDLPS incorporates
information from several sources of disease data and streamlines downstream analysis.
Modules with the highest correlation, the top-ranking modules, may describe essential and
dysregulated cancer pathways that correspond to tumour progression and therefore may
contain targets. This is why studies primarily focus on modules with the highest positive
correlation to GS measures as they are likely most relevant to the research question.®7:5%
However, modules with negative correlations to GS may also provide important information,
likely representing tumour-protective modules and immune enrichments.®'® Furthermore the
context of the DEG GS score (WDLPS vs DDLPS for matched tumours) used implies that
modules lowest ranking also correspond to WDLPS-like portions of the DDLPS tumour. Both the
top and bottom rankings were inspected individually where negative correlations were assessed

in section 5.4.3 and positive correlations in section 6.4.

The DDLPS GCN was found to be enriched for cancer hallmarks and immune enrichments.
The GCN approach was able to reconstruct transcriptomic programmes through unsupervised
clustering of gene co-expression data. Perhaps the best demonstration of this was the
correspondence between unsupervised ME cluster analysis (based on gene connectivity and
modularity gain), GSEA, single cell enrichment, and a clear extraction of known transcriptional
programmes (e.g., lipid metabolism, cell cycle and interferon signalling) in DDLPS. Top ranked
modules were strongly enriched for cell cycle processes. Abrogated cell cycle is a well-known

cancer mechanism and commonly targeted in cancer with multiple drug agents available.>*®

The results from Section 5.4.1 paired with the favourable quality of the GCN in section
4.4.2.2 gives a strong indication that transcriptional patterns correspond to DDLPS biology as
opposed to random connections or noise. Furthermore, many of these transcriptional patterns

correspond to cytological features of DDLPS and WDLPS as discussed in section 5.5.%*
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7.1.3 Complex interactions in the TME may produce a chronic tumour promoting

environment for DDLPS

Inspecting low-ranking modules revealed four main observations:

1. Gene co-expression signatures for Interferon responses, antigen presentation, tissue
fibrosis, and vasodilation suggest a chronically inflamed environment.

2. Several tumour-associated processes were evidenced in vascular cells inferred by gene
expression.

3. Immune signalling through interferon and interleukins corresponds to epigenetic
heterogeneity in DDLPS the GCN and by inference the TME.

4. Modules enriched for lipid metabolism correlates to modules with genes expressed in

single-cell tumour clusters expressing mesenchymal stem cell like markers.

Chronic inflammation is known to be associated with cancer and immune profiling in DDLPS
has revealed inflamed (or immune hot) and non-inflamed groups.®%°%%? Inflammation can lead to
tissue fibrosis which further amplifies inflammation through the release of inflammatory
cytokines including TGF-B1 and IL-6.5¢® Inflammation within the TME can induce ECM
remodelling through the activation of fibroblasts. Notably, subsets of tumour cells display a
fibroblast-like phenotype. Whether this represents a population of cancer-associated
fibroblasts (CAFs) in DDLPS or a characteristic of DDLPS tumour cells is not yet confirmed.
Undifferentiated mesenchymal malignancies display spindle-cell morphology and are
phenotypically similar to CAFs.%%+%%® Perhaps due to related cellular lineage and notable

similarities between fibroblasts and mesenchymal stem cells.%%%%%°

Vascular mimicry is a process that has been noted to occur in WDLPS (pericyte mimicry),
and was noted in a case study for DDLPS.*3%57° Other sarcomas also show potential for vascular
mimicry and the ability to line and construct new vasculature with abnormal vascular cells.?”
Perhaps vascular mimicry would explain the observed correlation between tumour cell profile
enriched modules with angiogenic modules. The signature observed here could also be
endothelial-to-mesenchymal transition (EndoMT) where ECs loose classical markers and take
on a more mesenchymal like profile, being also able to mimic fibroblasts in the presence of
TGF-B.>”? It may be both processes occurring in a cooperative and coordinated manner which
has been termed mutual mimicry.5”® This source of angiogenesis in the tumour may explain the
low levels of correlation between angiogenesis and hypoxia. This may have implications for
treatment as mutual mimicry is associated with targeted drug resistance across multiple
mechanisms and pathways.?”?%”® vascular mimicry has also been able to predict a poor

outcome in osteosarcoma.®’*
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Lipid metabolism impairs T cell function against the tumour through excessive uptake of
lipids and cholesterol and is associated with the resistance to therapy and supporting tumour
growth.>”®>576 With cholesterol export signatures identified, it is possible that adipogenic regions
of the DDLPS tumour export cholesterol which accumulates and sustains dedifferentiated
regions. Although, this required additional research to confirm and would be a research
question with direct therapeutic implications such as cholesterol biosynthesis/efflux can be
targeted. It has already been postulated that statins could be useful for sarcomas and has been
associated with enabling differentiation in osteosarcomas and EWS.5” Furthermore, statins
have been shown to promote cell cycle arrest.5’ The role of lipid metabolism in sarcomas has
been underreported, although a recent study has explored this. Knockdown of SQLE has been
noted to suppress cellular proliferation and induce cell apoptosis in sarcoma A-673 and U20S

cell lines from EWS and osteosarcoma, respectively.>”®

7.1.4 Identification of TAK-243 as a novel drug for DDLPS

Finally in Section 6.4.5 an ML RWR sub-graph approach using both TCGA DDLPS and NCC
DDLPS gene co-expression data was used to find hub genes.?? Following the assumptions and
theory of network biology, these hub genes were hypothesised to represent important genes in
DDLPS cancer biology, and according to the module screening strategy adopted (section 5.4.2)
pertinent to DDLPS proliferation and survival,200:202:228.234.317.580 \\fh g re the primary result was the
identification of UBE2C as an eigen-hub in the top ranked module M241 with integrated PPl and
DTl analysis revealing UBAT as a target of TAK-243. The effectiveness of targeting the
proteasome has already been demonstrated in DDLPS.5'° The identification of TAK-243 and

UBA1 has wider implications and hence is discussed further in the following section.
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7.2 Combined interpretation and wider implications of results

The results emphasise the power of a systems approach in mining biological data and act
as a framework for future work to be integrated and gain new insights. Several biological
process and pathways that may correspond to DDLPS disease mechanisms have been
identified in the GCN corresponding to multiple cell types. These include lipid metabolism,
chronic inflammation, fibrosis, stem-cell like signatures and cell cycle. The GCN represents a
reconstruction of the transcriptome of not just tumour cells but also the various cells across the

tumour stroma that is captured during sampling and sequencing.

The underlying gene connectivity within a GCN being purely correlation based with no
inference on causality. This is true for both the gene connectivity and the correlation of MEs to
GS measures. However, it is assumed that observed patterns of co-expression are the
measurable consequence (be it directly or indirectly) of the shared induction of gene expression
as part of a biological pathway where genes are influenced by each other or a shared
mechanism.*®' Here, despite the lack of causal relationships, several gene pathways were

evident at the gene level.

Similar studies have applied gene dependency, differential gene expression, and
prognostic filtering to identify interesting co-expression modules. However, these mostly
conducted as filtering steps deployed prior to or adjacent to WGCNA, rather than being used as
a GS measure.?*8%8258 |t js generally accepted that pre-filtering based on differential expression
can hinder WGCNA results and performance.?*® The approach taken here differs slightly as
module screening is performed through an aggregated GS metric rather than a singular feature-

based selection.

Subsequent subnetwork analysis then revealed relationships among genes that
recapitulate known biological processes — perhaps most notable in cell cycle modules where
the APC/C was modelled (Section 6.4.3-6.4.5). Subnetwork analysis is commonly incorporated
in network analysis, most frequently through the construction of module PPINs using

interactome data.582:583

The primary result of the project that satisfied the projects final aim was the identification
of UBA1 ubiquitin pathway as a targetable pathway through TAK-243.5'® This was implicated
through the observed importance of the APC/C in cell cycle modules through UBE2C. Cell cycle
has become a commonly targeted pathway pan-cancer.5*® This is partly due to the relatively
good understanding of cell cycle machinery and its dysregulation, and has been modulated by
drugs for decades (e.g., etoposide, doxorubicin, etc), and still remains an area of much

interest.%®%% A challenge presented for cell cycle targets is the heterogenous dysregulation of

273



Chapter 7

cell cycle proteins in the tumour, and off-target effects in normal tissues that may also show

rapid proliferation, necessitating new delivery mechanisms.%®’

The result achieved here was data driven. However cell cycle was predicted to be
enriched in top ranking modules as it was understood that differential expression and DepMap
data would likely highlight cell cycle as a dysregulated and dependent pathway.*'® However, the
drug interaction identified is not strictly a discovery pertaining to the cell cycle but to the
ubiquitin-proteasome system (UbiPS) and seeks to more precisely target the increased demand
on cancer cells to combat a build-up of unfolded proteins.5' This result taken with other results
indicates some relationships among the various biological processes extracted from the DDLPS

GCN.

Among the pathways that ubiquitination regulates are lipid metabolism, immune
processes and cell cycle.?®%® Our results identified UBE2C and through PPl data UBA1, the
former was clustered in a cell cycle annotated top-ranking module. As mentioned previously,
UBA1 is the master protein for priming the majority of cellular ubiquitin subsequently used to

degrade proteins involved in a range of biological processes.®®®

UBAT1 expression levels has been correlated to low levels of CD8+ T cell infiltration and
interferon signalling and could predict a poor response to ICB.*° It was also noted that UBA1
depletion could inhibit tumour growth which could be rescued by depletion of CD4+ and CD8+ T
cells.®*® Notably, TAK-243 or other proteasomal inhibitors can synergise with ICB therapy
increasing response rates.>*%%% Furthermore, some E3 ligases (including MDM2) are known to
be involved in chronic inflammation, along with ECM and vascular remodelling.** It is possible
that DDLPS leverages UbiPS to create an immune suppressive environment in DDLPS. DDLPS is
known to show diminished response to ICBs but may show improved response rates in

combinatorial therapies using selective UBA1 inhibitors such as TAK-243.59:5%

Ubiquitination has also been found to be important in regulation and reprogramming lipid
metabolism in cancer.>’®%” This may correspond to a suppression of lipogenic programmes, as
E3 ligases are responsible for degrading key lipogenic enzymes and transcription factors
including HMGCR, SREBP1 and PPARYy.5%%7 Additionally, where there is excess cholesterol, the
ubiquitination of efflux proteins is reduced to maintain cholesterol transport out of the
intracellular environment.®® |t is hypothesised here that cholesterol/lipid efflux from lipogenic
components may contribute to promoting a tumour permissive TME for DDLPS cells. Strategies
combining proteasomal inhibition with lipid lowering drugs to counteract the secretion of
unfolded proteins has been proposed in multiple myeloma.%®® Additionally use of proteasomal
inhibitors has been shown to improve cholesterol homeostasis through promoting reverse

cholesterol transport.59%6%
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It has been found that TAK-243 is a substrate of ABCB1 which can decrease the cytotoxic
effect of TAK-243 through transportation out of the cell.®°" Together with the hypothesis that the
WD-like components may be supplying the DDLPS cells with lipids may implicate a potential
combinatorialintervention. Statins inhibit ABC transporters, which may not only serve to
eradicate ABC-mediated drug resistance to TAK-243 but also starve the tumour of lipid
resources.®? Statins have been tested on DDLPS cell models but are only effective in cells with
lower (relative to typical levels in DDLPS) levels of MDM2 and was not effective in higher levels
of MDM2, likely due to composition changes within lipidomic profiles.5®® However, these cell
models do not model the TME and its role in DDLPS which also does not take into account the

biphasic nature of DDLPS.

In this project an apriori bioinformatic approach was taken with no filtering based on
known driver mutations in DDLPS tumorigenesis. The result of this was evident where classical
DDLPS markers were not prioritised in the module screening. Furthermore, MDM2 was
partitioned into M82 which was the grey module due to the variance of MDM2 across samples
being low. The implication of this is that these classical markers play a less important role in
transcriptional networks and regulation than may have been assumed.?** Here genes with
somatic driver mutations were not identified through the use of network analysis. Instead, the
inference is that coordinated dysregulation causes a rewiring of modular gene programmes that
can also associate significantly with poor clinical course and cancer cell survival. This is likely
the single most beneficial advantage of the systems approach used here as not only does it

highlight novel findings, but it is also inclusive of the TME.

7.3 Limitations

There are several limitations pertaining to this project. The most obvious are to do with the
sample number, the reliance on correlations and following the assumptions of network biology.
Starting with sample number, not only is this a key limitation for the WGCNA technique used
here and would likely prevent good performance for more advanced machine-learning
approaches.?64283290317.804 . rthermore, larger sample pools (approaching 200 for correlations to
stabilise) would allow for exploration of patient specific networks, to overcome the limitation
that WGCNA is an aggregate network of co-expression patterns where sample-specific co-

expression networks would be able to delineate heterogenous gene interactions.%%0®

This project also hinges on the assumptions that biological networks are indeed scale-
free, that hubs are important, and network topology reflects hierarchical molecule interactions.
Fundamentally, there is still much debate on the scale-free nature of biological

networks.206:389.606607 | arae studies of networks find that only 4% strongly fit a scale-free
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distribution.®® Much of the early studies that supported scale-free networks in biology were
based on PPINs from yeast being eventually applied to human systems.2°8-218.219.608.609 pp|Ng were
also the basis for central lethality, which is a compelling argument for the importance of hub-
genes. 208209810 \Whilst the hub gene hypothesis is well established and valid, it is, in the context
of scale-free networks still a theory. Scale-free networks hinges on preferential attachment
describing the propensity of newly added nodes to, according to probability distribution, attach
to already highly connected nodes.?® This tendency becomes less apparent at smaller scales
despite power-law degree distributions being fairly scalable across network sizes.?®® Although it
is noted that biological networks do, more often than others, show a stronger scale-free degree
distribution.®® In section 4.4 it was ensured that the DDLPS GCN approximated a scale-free

topology, removing outlier samples to optimise the scale-free distribution of gene connectivity.

Furthermore, gene co-expression networks are founded on measures of correlation, along
with much of the post-network analysis (e.g., module correlations).?** Providing that patterns in
values are similarly adjusted then there will be a correlation which has varying interpretations.®™
Furthermore, correlations does not equate causation. Another limitation with co-expression
networks is that it is, using co-expression data alone, not possible to distinguish regulators from
regulated elements.?”° This then links back to the argument that hub-genes in co-expression
networks are key regulators, or are regulated by many genes. Using co-expression data alone
and without direct biological context or other information, it is not possible to provide a
definitive answer. Despite this, the WGCNA approach utilised here was able to identify patterns

of co-expression that align with biological context.

A debate in the study of DDLPS, and other dedifferentiated sarcomas, is the existence of
a so-called low-grade dedifferentiated subtype (low-grade DDLPS).*** The dedifferentiated
histological elements exhibited lower cellularity compared to typical DDLPS and bore a
resemblance to well-differentiated fibrosarcoma.* It was noted to have markedly higher
cellularity versus sclerosing WDLPS, but a lower mitotic rate that is typically observed in DDLPS
(=5 mitosis per 10 High Power Fields - HPF).**¢'2 However, later studies demonstrated that low-
grade DDLPS showed survival trends that were more in-line with WDLPS and that the mitotic
criteria for DDLPS were crucial.*'>¢"® These studies recommended the assignment of DDLPS
cases with <5 mitosis/10 HPF as cellular WDLPS. As pointed out by both Kilpatrick et al®* and

Dry et al*® this has led to a lack of consensus in defining DDLPS in studies.

The data collected by the TCGA SARC on DDLPS, which underwent pathologist review, did
not use the criteria and nearly half of the DDLPS samples have a mitotic rate of <5. From some
perspectives, these would be classified as cellular WDLPS and not DDLPS, yet from a

transcriptomic perspective, these samples are similar. Therefore, underlying molecular
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programmes are DDLPS-like. Stark differences in the transcriptomic profiles would have shown
discrete clustering, correspond to the categorisation of mitotic rate during the sample quality

checks in section 4.4. This was not the case.*®

7.4 Future directions

The future directions of the project are discussed in this follow sub-section. First and
foremost, the most immediate future direction is to be the in vitro testing of the top candidate
drug, TAK-243, on DDLPS cell lines. Laboratory validation is an important step in giving evidence
of the drugs ability to inhibit and kill cancer cells.?*36'%6'6 |n addition to UBA1/UBE2C and TAK-
243, there were also other hub-genes identified in section 6.4.5. Further exploration of these is

warranted.

There is also the potential to apply data from available drug screen data to the DDLPS
GCN. The DepMap project have conducted and made available drug screens against a single
DDLPS cell line (LPS141).5° This could highlight further indications with the caveat that the
results would be based on a single cell line. Use of the Connectivity MAP (CMAP) chemical gene
perturbation data could also supplement this, although DDLPS data is not currently available in
CMAP.%"7 Drug screens have already been conducted for patient-derived organoid models for
DDLPS revealing responses for drugs targeting VEGF, histone deacetylase, mTOR, and
proteasomal pathways.?'° However, these models do not account for the DDLPS TME and the
substantial importance this may play in DDLPS disease biology. Testing drugs, acting against
hubs, on robust DDLPS co-cultures that better model the TME could highlight new disease

mechanisms and vulnerabilities.®'®

It would be beneficial to explore and demonstrate the effectiveness of targeting hub genes
over traditional drivers in DDLPS. This project identified many hub genes, where there was the
potential to identify more using different centrality indices (e.g., betweenness), of which only a
few were highlighted in this project. Hubs are regarded as central to a network and by inference
disease biology.?® In the context of the DDLPS GCN there are some questions: Are hubs really
essential, and do they make better drug targets than targeting oncogenic drivers? What is the

level of redundancy in hubs? Is a given hub crucial to module networks and global GCNs?%'®

Future analysis would benefit from the input of additional omics data. Most notably this
includes the integration of proteomic data to confirm molecular pathways present within the
proteome. It is known that protein levels can vary substantially compared to mRNA levels with
Spearman rho values ranging from 0.3-0.7.52°%2 This is largely due to translational regulation,

modification and protein stability. Proteomic data has recently been made available for
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analysis. Most recently A large cross STS study including WD/DDLPS (n, 36 and 35 respectively)
and MLPS (n, 11) with 5593 mean number of proteins per sample.®** Other studies have also
been published with available data.®*>%% There is sufficient data to now perform in-depth and
integrative analysis in future projects with the aim of both confirming molecular signatures at
the proteomic level of this projects results, and building new novel resources based on the input
data. However, it should be noted that to truly benefit from additional omics layers, results from
experiments should be sample matched. Unmatched data presents addition challenges and

noise that is difficult to account for.527-6%°

Furthermore, since the conception of the project, additional WGCNA techniques have
been developed including multiwGCNA, an approach which seeks to create sample-trait or
timeseries specific networks, and compare the changes between them.5®' Although it is noted
that 12 samples per trait/group are required as minimum, which would be challenging for
DDLPS. Likewise, single-cell GCN analysis methods have also become available, as either
modified WGCNA approaches (e.g., hdWGCNA) or similar methodologies.®*? Along with those
specifically tailored for single-cell RNA sequencing datasets which are suited to account for
data sparsity, where some cells express genes at low or zero levels.?*3%* The method used in
this project to assess gene co-expression (COTAN) in scRNA-seq data does not take into
account the benefits of applying network-based methodology in its analysis.**® The main benefit
of network-based single-cell GCN approaches would have been cell-type specific networks
(perhaps as a method of further delineating EndoMT signatures identified in section 5.4.3),
although this would be contingent on a sufficient number of cells (some of the test datasets

used for hdWGCNA contained over 1 million cells).?*?

Targeted GCN is a recent methodology that deviates from WGCNA to provide trait-specific
GCNs that are substantially smaller, and contain less noise.®* This leverages the use of a pre-
processing step where a LASSO regression is used to screen out genes most predictive of a
given trait. Input transcript pools used as input are magnitudes smaller resulting in much
smaller modules. However, it can be argued that there is a substantial loss in the graph
structures observed in WGCNA modules due to this filtering. The authors do highlight that these
TGCN modules highlight WGCNA module subsets not too dissimilar from the approach adopted
in the project, both for increasing the granularity of the WGCNA approach through parameter
optimisation but also using sub-network analysis. The difference being that the approach here is
post-WGCNA where as TGCN is pre-clustering where it can be argued that despite the benefits
of this approach, the assumptions of a scale-free network have been breached. The benefit of
TGCN over WGCNA is in streamlining the process when it is known on what traits are available.
For this project the hypothesis free nature of WGCNA is preferred as it was more likely to

uncover novel findings.
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A potential solution for overcoming sample size limitations could be pooling high-grade
undifferentiated/dedifferentiated sarcoma (similar to the TCGA SARC study®*) and well-
differentiated sarcoma samples, to reduce the sample number limitation, with the objective of
identifying key molecules applicable across high-grade sarcomas. This is a contradiction to the
ethos as set out in projects research statement, although still sits within the scope of
addressing treatment needs or unresolved biological understanding of high-grade, poorly

performing tumours.

In section 6 when drug-target data from drug target databases (TTD and CPP) focused on
small molecule inhibitors (SMls) with known drug-target indications that had already achieved
FDA approval or were investigational.?'®3? There were three main reasons why SMls were
prioritised. The first being that they are the most common type of drug, and still to date the most
frequently approved novel drug type by the FDA, where FDA approval would also decrease the
possibility of early drug failure, as is common in cancer.5*® SMls are mechanistically better
understood, both in terms of their chemical and biological activity, easier to synthesise and are
lower cost.®*¢%% Furthermore, small molecule drugs can, due to their small size, easily target
intracellular targets as they can pass permeable membranes.®¥:6% Although their small size can
limit their coverage of protein-protein interaction surfaces, especially large ones.®®® Finally, the
goal of this bioinformatic approach was to screen for drugs that could be used in cancer cell

cultures —where there is a lack of TME information from additional cell types of presents.

As outlined in section 1, traditional de novo drug development is a multi-step process
from molecule discovery to FDA review and safety monitoring.®® It is a costly (millions of dollars)
process across years of work and is marred by failure rates of up to 90%.%*° Drug repurposing is
aresource saving method to overcome these issues seeking to find new uses for “ready-to-go”
FDA approved drugs in other cancers or other indications entirely.5*® Between de novo and
repurposing the time resource reduction is substantial.®®* The benefits of using already known
drugs with FDA approval is clear. However, several of the hub genes identified in section 6.4.4

were not currently targetable by such drugs.

Peptide drugs, specifically anti-cancer peptides (ACPs) for the treatment of cancer are
bioactive peptides of up to 60 amino acids in length.?*° They work by binding cell surface
receptors and modulating intracellular signalling in a way that promotes various anti-cancer
pathways ultimately leading to apoptosis, membrane disruption or oncogenic pathway
inhibition.®*° Compared to SMls, peptides due to their larger size can effectively cover larger
interactions surfaces, leading to more potent activity and specificity leading to reduced

cytotoxicity.®%%%% Furthermore, peptides also typically exhibit much lower immunogenicity and
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higher membrane permeability compared to biologic treatment including monoclonal

antibodies.®3864

Successful anti-cancer peptide drugs include Sandostatin, Zoladex, Decapeptyl, and
Lutathera, although the number of FDA-approved anti-cancer peptide drugs is still limited.8%-64°
This is likely due to their disadvantages which include short half-life, challenges in delivery and
stability as they are targeted for degradation.®*®®*2 However, progress in peptide drugs for
oncology has been slower compared to targeted therapy, even with enormous interest.®*’ There
are however a vast range of peptide drugs currently in pre-clinical testing and clinical trials for

various cancers.5%

7.5 Conclusion

To conclude, this project aimed to identify and present candidate drug targets for
therapeutic development using biological networks. The motivation for this was to increase the
number of drugs available to DDLPS patients. The WGCNA approach here was successfulin
proposing a putative drug target UBA1 and the drug TAK-243 which is currently undergoing
clinical trials for acute myeloid leukaemia (AML) (ClinicalTrials.gov, ClinicalTrials.gov,
NCT03816319) and advanced or metastatic solid tumours (NCT06223542). TAK-243, at the time
of writing, has not been indicated for use in DDLPS. Whilst key limitations remain, these are not
easily circumvented without higher sample numbers, and typically the methodology here has
been robust. Furthermore, future directions of research were highlighted, including validating
novel findings of the project in DDLPS, expanding the omics for multi-omics integration
particularly proteomics focusing on patient matched experiment data, and expanding the

search to other drug types.
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Appendix A Supplementary material

A.1 Transcriptional/gene regulatory networks (GRNs)

Gene regulatory networks (GRNs) attempt to infer causal relationships between
regulators (e.g., TFs or microRNA (miRNA) or long non-coding (lnc)RNAs) and target genes.
Whilst in the literature, GCNs have also been labelled as gene regulatory network, there is the
distinction that GCNs do not model causal relationships between entities.®** To gain a better
understanding of the regulatory interactions that are at work in systems (particularly for studies
investigating the regulatory environment) it is possible to apply pre-defined or predicted
regulator to target interactions in a GRN-based approach.’”'"® There are several methods used
to infer GRNs. ARACNE, PANDA (Passing attributes between networks for data assimilation),
CLR (Context likelihood relatedness), semi-supervised SIRENE (Supervised Inference of
Regulatory Networks) and gene network inference and ensemble of trees (GENIE3) are some
examples.??%844%%8 These methods use different approaches to infer regulatory interactions. For
example, ARACNE infers direct relationships by filtering out indirect interactions from gene
triplets by removing the edge with the lowest smallest Ml value.®*>®*° Whereas, GENIE3, uses a
tree-based method (Random Forest) to infer a variable importance measure to rank input genes
as potential regulators of other genes.®® Each of these methods require as input a list specifying
regulator (transcription factor) to target edges.??54%4 Transcription factor (TF), transcription
factor binding sites (for validation) to target interactions and miR binding sites can be obtained
from databases such PAZAR, TF2DNA, miRGen, and miRTarBase®°.5>"¢5* miRNA-target and TF-

target information can be obtained from prediction tools such as TargetScan.®®*
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A.2 Cox proportional hazards assumptions testing

A Global Schoenfeld Test p: 7.736e-05

Schoenfeld Individual Test p: 0.0096
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Figure A 1: Diagnostics of proportional hazards for distant recurrence. A: Schoenfeld
residuals representing the differences in observed vs expected hazard overtime. B: A log-log

plot of survival times against times stratified by distant recurrence.
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A.3 NCC topology assessment

The NCC DDLPS cohort contains 32 DDLPS patient tumour samples (see Section 3.4.1) for
which RNA-seq experiments were conducted. In assessing additional clinical information that
was sent through correspondence with the data generators it was identified that 2 patients
(sample ID: NCC_05 and NCC_NCC_07) did not go through surgery for tumour removal, of
which one (sample ID: NCC_07) was from recurrent tissue. These samples were noted when

conducting diagnostics for WGCNA.

The gene connectivity in the NCC data is approximately scale-free (Figure A 2). Outlier
analysis of NCC data reveals a linear relationship between clustering coefficient and scaled
connectivity values for sample gene expression profiles (Figure A 3). The distribution is visually
similar to the TCGA SARC data after applying a 2 x MAD threshold with no obvious cliques. The
sample located most distally from the main clique could be an outlier which is supported when
drawing 2x MAD threshold lines. Samples that did not have surgery, NCC_05 is proximal to the
maximally connected sample, whereas NCC_07 is located distally, also being a potential outlier
upon visual inspection of the sample network metrics. Most of the samples that were recurrent
(6/8) cluster within the majority samples in the main clique, suggesting that whether a tumour is
recurrent, or primary, does not distinguish samples by clusters according to the sample network

metrics.

The goodness-of-fit to a power law distribution across MAD thresholds (2 x MAD was used
as the upper threshold) shows that R? values are higher in the original data (no threshold) for
powers 9 < B < 16 but use of stringent thresholds (median) maximises the R? value (0.90) for 8 =
20 (Figure A 4). Formally assessing the goodness-of-fit of the NCC data to a power law
distribution reveal that for no threshold or power, an alternative exponential model best

describes the degree distribution within the data (Figure A 5).
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A Distribution of connectivity
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Figure A 2: A. Frequency of gene connectivity bins. B. Log-log plot of distribution of connectivity
values. The red line indicates the line of best fit from a linear model and the grey shaded area is

the 95% confidence interval.

284



Appendix A

>

NCC Sample Network Metrics
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Figure A 3: Colour indicates samples from patients that underwent surgery (blue), patients that
did not go through surgery but were from primary tissue (red) and those that did not go through

surgery and were from recurrent tissue (magenta).
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Goodness-of-fit - DDBJ NCC
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Figure A 4: R? of the linear model fit for connectivity across values of 3 for the tested thresholds.

The red dotted line indicates the value of R*that suggests an approximately scale-free network

which is set out by the authors of WGCNA as being 0.8.
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Figure A 5: Goodness-of-fit of connectivity distribution for power law. A. Connectivity
distribution with no sample network metric filtering B. 2 x MAD threshold on sample network
metrics. C: 0.5 x MAD threshold. Red dotted line indicates a significant result in the Vuong’s
test (-log10(p-value) = 1.3) where any point above the line is significantly described by one of the
distributions tested. The normalised Vuong’s test statistic details which model is best fitted
where any point right of the solid black line is best described by a power law distribution and any

point left of the black line is best described with the alternative exponential distribution.
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A.4 Heterogenous and repeated elements within the GCN

Filtering the ten most enriched gene sets for each module using a -log10 adjusted p-value >
1.3 and decreasing NES revealed 66, 94, and 21 unique enrichments across Reactome, GOBP,
and Hallmark processes, respectively, highlighting a diverse range of biological functions within
the GCN. Repeated enrichments across modules occur at varying frequencies (Table A 1). Cell
cycle annotations were not observed in the top five most frequent GOBP enrichments due to the

larger number of gene sets in GOBP.
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Table A 1: Most frequent enrichments across Reactome, GOBP biological processes and Hallmark gene sets.

Rank Reactome Reactome ID Number of GOBP term GOBP ID Number of Hallmark ID Number of
accordingto term modules modules pathway modules
frequency
1 Eukaryotic R-HSA- 30 Adaptive G0:0002250 34 Allograft M5950 38
translation 156842 immune rejection
elongation response
2 Immunoregul R-HSA- 24 Cytoplasmic G0:0002181 16 Oxidative M5936 32
atory 198933 translation phosphorylati
interactions on
between a
lymphoid and
anon-
lymphoid cell
3 Collagen R-HSA- 15 Ribosome G0:0042254 10 E2F target M5925 27
chain 8948216 biogenesis
trimerization
4 Mitotic R-HSA-68877 15 ATP synthesis G0O:0042773 8 Myogenesis  M5909 27
prometaphas coupled
e electron
transport
5 Resolution of R-HSA- 15 Proton G0:0042776 8 Mitotic M5893 20
sister 2500257 motive force spindle
chromatid driven ATP
adhesion synthesis

GOBP - Gene Ontology Biological Processes.
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A.5 DDLPS frequent amplifications throughout the DDLPS GCN

MDM2 (M82), CDK4 (M149), FRS2 (M115), and HMGA2 (M78) are the most frequently
amplified genes (70-100% of all samples with strong co-occurrence) in relation to DDLPS (its
variants and WDLPS). Therefore, it was of interest to assess modular relationships to the ME
expression of modules in which these genes were sorted (Figure A 6A-D).*” CDK4 (Figure A 6A)
and FRS2 (Figure A 6B) highlight relationships with modules associated with cell cycle and
developmental processes. They show a stronger modular distribution of correlation compared
to HMGAZ2 (Figure A 6C) and MDM?2 (Figure A 6D), which localise to similar modules annotated

for oxidative phosphorylation and developmental processes (Section 5.4.1, Figure 5.2).

MDM?2 was clustered into M82, which is the largest module (n genes) in the GCN. This
“grey” module is characterised by genes that exhibit independent patterns of co-expression. It
could be that the variance of MDM2 expression between samples was low (variance = 0.4,
9025th ranked gene by variance), which would impact downstream calculations of correlation
coefficients (cf. CDK4 had a variance of 1.5 and was ranked 3188). Using the KME ranked gene
lists to assess enrichment for Reactome pathways: M78 was found to be most strongly enriched
for Reactome Activation of the pre-replicative complex (NES = 2.619, -log10p =7.191). M115
was most enriched for Reactome resolution of sister chromatid cohesion (NES =2.81, -log10p =
14.64). M149 was most enriched for Reactome collagen chain trimerization (NES =2.717, -

log10p = 7.848).
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Figure A 6: EGN with ME correlation to modules containing A CDK4, B RFS2, C HMGA2, and

D MDM2. Colourindicates the spearman correlation. Node size is proportional to the degree.
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A.6 Pathway enrichments in top ranking modules by GS

The top module associated with the clinical score was M77 (Figure A 7A) (rho = 0.64),
enriched for eukaryotic translation and immunoregulatory interactions (Figure A 7B).
Translation gene set does not include any intersecting M77 genes suggesting the enrichmentis
driven by high kME values of genes assigned to other modules. Enrichments for B-cell receptor
signalling pathway (NES = 2.51, -log70adj-p = 7.1) showed BMX Non-Receptor Tyrosine Kinase
(BMX) as the overlapping gene. In addition, complement cascade annotations were retrieved

with the Complement-4 (C4) genes C4A and C4B present in the module.
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Figure A 7: M77 module analysis. A Module connectivity graph showing the SC - scaled
connectivity, and MAR - Maximum adjacency ratio, coloured by the clustering coefficient. B
Reactome and GOBP enrichment analysis results passing a -log10 adj p > 1.3, displayed are the
top ten positive and negative results ordered by NES — normalised enrichment score, coloured by
-log10adjp value. C Intersect of M77 genes with single cell RNA-seq cell clusters, labelled

according to “global” annotations. Figure created in BioRender.com.
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Assessing the overlap of module genes with single-cell data reveals that
Carboxypeptidase X M14 Family Member 2 (CPXM?2) is expressed in tumour cells (Figure A 7C),
aligning with the ECMO enrichments retrieved from GSEA (Table A 2). Although the overlap
details small proportion of genes, there is suggestion of an association between the expression
of genes in endothelial cells (EC) (e.g., insulin like growth factor binding protein 4 (IGFBP4) and
Rho family GTPase 1 (RND1)) and tumour cells. These associations may depict transcriptional

programmes relating to tumour-associated vasculature.

The top module associated with the gene effect score was M106 (Figure A 8A) (rho = 0.63).
This module was associated with translation processes (Figure A 8B) and contained multiple
ribosomal protein genes such as those of the 40S small ribosomal subunit, including Ribosomal
protein S (RPS) RPS5, RPS19 and RPS20, and the 60S large ribosomal subunit, including
Ribosomal protein L (RPL) RPL6, RPL18, RPL31, among others such as Ribosomal protein lateral
stalk unit PO (RPLPO). These proteins are highly essential to cellular functions, hence the

correlation of this module with high gene essentiality.

The observed higher relative expression of these genes in adipocytic and lymphocytic
cells may be due to their increased demand for protein synthesis (Figure A 8C). The lower
expression of such genes in tumour cells suggests that the annotations from translation

processes in the GCN partition represent signatures from across the TME.
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A Module gene connectivity M106
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Figure A 8: M106 module analysis. A Module connectivity graph showing the SC - scaled
connectivity, and MAR - Maximum adjacency ratio, coloured by the clustering coefficient. B
Reactome and GOBP enrichment analysis results passing a -log10 adj p > 1.3, displayed are the
top ten positive and negative results ordered by NES — normalised enrichment score, coloured by

-log10 adj p value. C Intersect of M106 genes with single cell RNA-seq cell clusters, labelled

according to “global” annotations. Figure created in BioRender.com.
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A.7 Extended GSEA results for low-ranking modules
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Figure A 9: A Module connectivity for M54 detailing the SC — scaled connectivity and the MAR -

maximum adjacency ratio within the module coloured by the clustering coefficient. Combined

Reactome and GOBP (Gene Ontology Biological Processes) gene set enrichment results for B

M54. Bars are coloured by the -log10 adjusted p-value (filtered for -log10 adjusted p > 1.3) and

sorted according to the top and bottom ten processes by NES - normalised enrichment score.
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Figure A 10: Module analysis results for M98 (A-B) and M194 (C-D). Module connectivity for A
M98 and C M194 detailing the SC — scaled connectivity and the MAR — maximum adjacency ratio
within the module coloured by the clustering coefficient. Combined Reactome and GOBP (Gene
Ontology Biological Processes) gene set enrichment results for B M98 and D M194. Bars are
coloured by the -log10 adjusted p-value (filtered for -log10 adjusted p > 1.3) and sorted

according to the top and bottom ten processes by NES — normalised enrichment score.
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Module gene connectivity M236
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Figure A 11: M236 module analysis. A Module connectivity graph showing the SC - scaled
connectivity, and MAR - Maximum adjacency ratio, coloured by the clustering coefficient. B
Reactome and GOBP enrichment analysis results passing a -log10 adj p > 1.3, displayed are the
top ten positive and negative results ordered by NES — normalised enrichment score, coloured
by -log10 adj p value. C Intersect of M236 genes with single cell RNA-seq cell clusters, labelled

according to “global” annotations. Figure created in BioRender.com.
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Figure A 12: Module analysis results for M131 (A-B) and M107 (C-D). Module connectivity for A
M131 and C M107 detailing the SC - scaled connectivity and the MAR — maximum adjacency
ratio within the module coloured by the clustering coefficient. Combined Reactome and GOBP
(Gene Ontology Biological Processes) gene set enrichment results for B M131 and D M107. Bars
are coloured by the -log10 adjusted p-value (filtered for -log10 adjusted p > 1.3) and sorted

according to the top and bottom ten processes by NES — normalised enrichment score.
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Figure A 13: A Overlap between genes within M107 and single-cell data coloured by average
expression among cells. The size of the circle represents the percentage of cells expressing the

annotated genes. B Expression of BMP4 across the TME (left) showing highest in the tumour.
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Figure A 14: M234 module analysis. A Module connectivity graph showing the SC - scaled

connectivity, and MAR — Maximum adjacency ratio, coloured by the clustering coefficient. B

Reactome and GOBP enrichment analysis results passing a -log10 adj p > 1.3, displayed are the

top ten positive and negative results ordered by NES — normalised enrichment score, coloured

by -log10 adj p value. C Intersect of M234 genes with single cell RNA-seq cell clusters, labelled

according to “global” annotations. Figure created in BioRender.com.
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