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Abstract

Title: The role of NEDD9 in TGFP mediated tumour initiating cell
dynamics in the Claudin-low breast cancer subtype

Author: Wendy Fay Greenwood

Breast cancer is an extremely heterogeneous disease comprising at least ten different subtypes, each
exhibiting different characteristics in progression, prognosis and response to treatment.

Transforming growth factor B (TGFPB) a member of the TGF superfamily of cytokines differentially
regulates breast tumour-initiating cells (BTICs). In the claudin-low breast cancer subtype, TGFp increases
the tumour initiating capacity through the ability of the scaffolding protein NEDD9 to unite the
TGFB/SMAD and Rho-Actin-SRF pathways. Previously, oncogenicity has been ascribed to the level of
NEDDO protein expression. However, my analysis indicates this mediation by NEDD?9 is irrespective of
NEDD?9 protein expression, which is ubiquitously overexpressed in the majority of cancer types including

breast cancer.

In this thesis, I demonstrate how in the Claudin-low breast cancer subtype NEDD9 protein expression and
post-translational modification are influenced by TGFf pathway activation. I identify significant NEDD9
interacting proteins and their downstream effectors which contribute towards oncogenic TGFp signalling
pathways. A key TGFp specific NEDD?9 interactor identified in this subtype is the metabolic isoenzyme
PKM2. Through a variety of techniques, I explore the known roles of PKM2 in the regulation of
oncogenic metabolic reprogramming and demonstrate how these processes are influenced by its
association with NEDDO9. Finally, I investigate potential translational applications and biomarkers of
TGFB mediated, NEDD9/PKM2 dependent downstream signalling pathways, using large clinical breast
cancer datasets and patient-derived tumour xenograft (PDTX) models. These data suggest a novel
mechanism by which oncogenic TGFp signalling regulates cellular proliferation and self-renewal via
B-Catenin/c-Myc regulation of altered metabolism in the Claudin-low breast cancer subtype, a process

which is dependent upon the scaffolding protein NEDD9 and the metabolic enzyme PKM?2.



Together, these data suggest that a combined biomarker of TGF signalling and c-Myc expression may be
useful in identifying a subset of Claudin-low breast cancer patients who would be sensitive to inhibition
of Wnt/B-Catenin signalling. Additionally, due to the dependence of these tumours on c-Myc driven

glutamine dependent metabolic processes, metabolic magnetic resonance imaging may be useful for

monitoring response in these patients.
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1. Introduction

1.1 Breast cancer incidence

Breast cancer is the most commonly diagnosed cancer in the world. In the UK, it accounts for
approximately 15% of all new cancer cases and is the leading cause of cancer mortality in women (Torre
et al. 2016). Between 2015 and 2017, there were in the order of 55,200 new breast cancer cases diagnosed
each year in the UK (www.cancerresearchuk.org). Breast cancer is curable in 70-80% of early-stage
disease, however, once metastasis occurs, advanced breast cancer is considered incurable (Harbeck et al.
2019). In the clinical setting, breast cancer is stratified by measures of tumour growth (grade) size and
local/regional spread (stage), and by the expression of cell surface and nuclear markers, and known
genetic markers of predisposition. These classifications allow for informed treatment decisions to be
made by oncologists at a semi-personalised level, however, it is clear that the intrinsic molecular
heterogeneity of breast cancer means this “one size fits all” approach is not sufficient in all cases. At
present, treatment for breast cancer is broadly divided into two categories, loco-regional (surgery and
radiotherapy) and systemic approaches. Systemic treatments tend to be based on the expression of nuclear
hormone receptors for oestrogen receptor (ER), progesterone receptor (PR) and the cell surface marker,
human epidermal growth factor receptor 2 (HER2, encoded by the ERBB2 gene). Patients with
ER-positive and/or HER2 overexpressing disease are generally stratified for surgery to remove the tumour
followed by long-term endocrine therapy, whereas patients with hormone receptor-negative disease
generally receive chemotherapeutic agents, followed by surgery. More recently, poly(ADP-ribose)
polymerase (PARP) inhibitors have become common for use in patients with BRCA mutations. This
“broad-brush” approach to cancer treatment is generally successful, however, in approximately 20% of
treated patients, recurrence will occur and these patients will inevitably succumb to advanced metastatic
disease. This continuing mortality despite advances in screening, early detection and targeted therapy
highlights the fact that there are many complex mechanisms of disease progression and resistance to

therapy that remain yet understood.

1.2 Tumour heterogeneity

Breast cancer is an extremely heterogeneous disease at both inter- and intra-tumoural levels. Major

differences in the biological and histological properties of breast cancer are due to variations at the



genetic, epigenetic and transcriptomic level, and these differences result in the variations in prognosis and
treatment response making targeted treatment challenging, and drug resistance and relapse common
(Polyak 2011). In 2000, Perou and Serlie described a new classification of breast cancer based on gene
expression in 42 patients (Perou et al. 2000). Their classification distinguished five intrinsic breast cancer
subtypes; Normal breast-like, Luminal A and Luminal B (oestrogen receptor (ER) positive), Basal-like
(hormone receptor and HER2 negative) and HER2 overexpressing (but ER receptor negative). In general,
the ER-negative subtypes (basal and HER2 overexpressing) exhibit poorer patient outcomes with regards
to overall survival when compared to the ER-positive groups. Following on from this seminal publication,
a major shift in the focus for breast cancer treatment and management occurred, from being
predominantly based on tumour burden to becoming tumour-biology based (Serlie et al. 2001), and to this
day, classification based on the expression of these markers has remained the principal method used to
stratify breast cancer patients for treatment. However, what these classifications fail to take into account
are the complex levels of intra-tumour heterogeneity present in breast cancer, and it is this heterogeneity
along with the process of tumour evolution that underlies drug resistance and relapse. In 2012, Curtis and
colleagues published an in-depth analysis of 2,000 breast tumours using copy number, gene expression
and somatic mutation analysis with long term clinical follow to further characterise breast cancer into ten
molecular subtypes (Curtis et al. 2012; Pereira et al. 2016). This work allows us to better understand the
patient prognosis and therapeutic response and to more effectively utilise targeted therapy. More recently,
studies at the single-cell level have further highlighted the significance of inter-tumour phenotypic
heterogeneity and the importance of altered transcriptional programmes regulated by non-genomic
processes in breast cancer. These data demonstrate how treatment response and the emergence of drug
resistance are influenced by such processes (Shah et al. 2012, 2009; Callari et al. 2021)). Many groups
have demonstrated that several factors contribute to tumour heterogeneity, including genetic mutations
both germ-line and somatic, epigenetic alterations, tumour cell interaction with the microenvironment

plus the existence or not of a cellular hierarchy in cancer.

1.2.1 Cancer cell hierarchy

The frank heterogeneity of breast cancer has led researchers to hypothesise that different breast tumour
subtypes originate from distinct cellular compartments within the mammary gland (Izumchenko et al.
2009; Perou et al. 2000; Hennessy et al. 2009). Increasing evidence exists that there is a subpopulation of
cells within cancer that retain stem cell-like features and are responsible for tumour initiation, resistance
to therapy, recurrence and metastasis (Al-Hajj et al. 2003; Shan et al. 2021). Cells belonging to this
subpopulation, commonly known as tumour initiating cells (TICs) or cancer stem cells (CSC) are defined

by their ability to self-renew in both in vitro and in vivo assays, and by their expression of stem cell-like



gene signatures (Wicha 2014). CSCs were first identified as a CD34%/CD38 subpopulation of cells in
human acute myeloid leukaemia, which when transplanted into immunocompromised mice were capable
of recapitulating the disease as a whole (Bonnet and Dick 1997), and CSCSs have now been identified in
a plethora of cancer types (Sun et al. 2019).

Two mechanisms of hierarchy have been proposed to account for the existence of CSCs; the clonal
evolution, or stochastic theory and the cancer stem cell (CSC) theory. The clonal evolution theory or
stochastic model was first proposed by Peter Nowell in 1976 and hypothesises that a tumour arises from a
single mutated cell and gathers mutations as it progresses (Nowell 1976). By a process of Darwinian
evolution, subpopulations arise in response to pressure within the tumour microenvironment allowing
clones with an evolutionary advantage to flourish (Swanton 2012). The cancer stem cell theory
hypothesises that a small population of cells within the tumour, but not necessarily derived from normal
tissue stem cells, is responsible for sustaining tumour growth and this promotion of growth is not
regulated by genetic mutations. The theory proposes that these stem cells can both self-renew to generate

daughter stem cells and differentiate into non-tumorigenic progeny (Shackleton et al. 2009).

Recent findings have begun to cast doubt on the existence of a “universal” CSC as great diversity in both
inter-tumoural and intra-tumoural CSC phenotype has been observed. These findings confirm that the
CSC theory is a valid concept but the reality is more likely a combination of the two theories. Many
groups now favour the term tumour initiating cell (TIC) as a functional description of a subset of tumour
cells with “stem-like” characteristics which are capable of establishing tumour growth. Several
experimental protocols exist for the identification and quantification of CSCs in cell lines or primary

human tissue; these are discussed in chapter 1.4.4.

1.3 Claudin-low breast cancer

Seven years on from the initial classification of breast cancer by Perou and Serlie, a further subtype was
identified through an integrated analysis of human and murine mammary tumours (Herschkowitz et al.
2007). This new subtype, named Claudin-low, was characterised by reduced expression of luminal genes
and genes related to tight junctions and cell-adhesion, including Claudin 3,4 and 7, E-Cadherin and
Occludin. In this analysis, the vast majority of these tumours were ER-negative and all were classified as
infiltrating ductal carcinoma, grade II or III. More recently high expression of epithelial to mesenchymal

transition (EMT) genes and stem cell-like gene expression patterns have been added to the characteristics



that define these tumours (Prat et al. 2010), along with pronounced stromal and immune cell infiltration
(Dias et al. 2017). In 2020, Fougner and colleagues re-defined the accepted perception of the Claudin-low
subtype through comprehensive genomic, transcriptomic and clinical analyses (Fougner et al. 2020).
Claudin-low tumours are not defined by any specific set of genomic aberrations, and globally they exhibit
a greater extent of copy number aberration (CNA) and variation in mutational burden. Therefore, rather
than being a distinct subtype additional to those first described by Perou and Serlie, Fougner et al
conclude that Claudin-low tumours should be considered as complex entities with similarities across all
intrinsic subtypes, and suggest that the term Claudin-low should be used to describe the breast cancer

phenotype specific to these tumours.

1.4 Breast cancer models in research

1.4.1 Immortalised cancer cell lines

To fully capture the heterogeneity of breast cancer in research, we must have viable models to reflect this
nature. Historically, immortalised breast cancer cell lines have been used for oncology research, drug
discovery and preclinical studies. They are generally stable and clonal, preserving the primary somatic
driver mutation, and tend to exhibit responses to pharmacological agents that are similar to the tumour of
origin (H. S. Kim, Sung, and Paik 2015). Since the establishment of HeLa, the first immortalised human
cancer cell line in the 1950s (Masters 2002), there have been thousands of cell lines generated across
scores of cancer types. These have remained the mainstay of oncology research and drug development
and are still widely used in research where alternatives are not practically or financially available and are
also particularly useful in research into specific gene mutations or signalling pathways that can be easily
perturbed in cell lines. More recently models involving xenotransplantation of established cell lines into
immunocompromised mice have been utilised as in vivo tumour models in cancer research. Whilst this
method has proven useful in studying metastatic processes and mechanisms of drug resistance (Kersten et

al. 2017), they still fail to reflect the heterogeneity of human cancer.

1.4.2 Genetically engineered mouse models (GEMM)

The term (genetically engineered mouse models) GEMM covers a range of mouse models but generally
refers to a mouse with an altered genome achieved by genetic engineering techniques to study a specific
disease process or pathway. Conventional GEMM contain modifications in a targeted pathway or

pathways specific to the disease they are being used to study, whereas OncoMice can bear either germline



mutations in tumour-suppressor genes or activated oncogenes under the control of tissue-specific
promoters. These mice are utilised to accurately mimic sporadic human cancer, as tumours arising in
these models closely mimic the molecular and histological features and the trajectory of the cancers they
are imitating. More recently the use of conditional knockout models and CRISPR/Cas9 technology has
allowed for targeted genome editing in somatic cells (Jonkers and Berns 2002; Platt et al. 2014), allowing
for the in vivo functional analysis of genetic mutations in disease processes such as tumorigenesis and
metastasis. However, particularly of importance is the use of CRISPR/Cas9 technology to study complex
combinations of genetic mutations, such as gain-of-function mutations in proto-oncogenes, and

loss-of-function mutations in tumour suppressor genes and their effects on the processes of tumorigenesis.

1.4.3 Patient-derived tumour xenografts (PDTX)

Patient-derived tumour xenografts (PDTX) are in vivo models derived from the implantation of fresh
tumour tissue biopsies into immunocompromised mice. Unlike cell line transplantation methods, PDTX
models retain the intra-tumour heterogeneity, as well as the genetic, molecular and histological features
seen in the originating tumour even following serial passage (Cassidy, Caldas, and Bruna 2015). (Bruna et
al. 2016). Because of this ability, PDTX models possess a clear advantage over traditional models when
used in oncology research, drug discovery, and preclinical studies. Historically, where cell line panels
have been used in preclinical studies (H. S. Kim, Sung, and Paik 2015), the inherent inability of cell lines
to capture the full heterogeneity of human tumours means only a handful of drugs in development ever
reach the clinic. Bruna et al described a methodology for the use of patient-derived tumour cells
(generated from PDTX) in high-throughput drug testing, demonstrating a robust platform for preclinical
drug studies (Bruna et al. 2016). Of course, PDTX models also present limitations, for example, the
engraftment rate for tumours is extremely variable with ER-positive breast cancer, and these models often
require prolonged periods and re-engraftment to become established. Another limitation is the necessity to
use immunocompromised mice for engraftment, therefore bypassing interactions between the innate
immune system and cancer cells that would otherwise be present. However, even taking into account
these limitations, PDTX models represent a promising and powerful resource for preclinical drug
development studies, and also allows for complex in vivo investigation of the processes of drug resistance,

recurrence and clonal evolution.

1.4.4 Cancer stem cell cultures

Many in vitro and in vivo methods are routinely used for the identification and quantification of CSCs

from cell lines, human normal or human tumour tissue. The mammosphere assay used in breast cancer



research was adapted from the neurosphere assay developed by Reynolds et al (Reynolds and Weiss 1992)
and has become a quick, cost-effective alternative to the gold standard method of the in vivo limiting
dilution assay (Dontu et al. 2003). Briefly, the mammosphere assay incorporates two separate methods; a
first-generation assay (M1) where cells are dissociated to a single cell suspension and plated at clonal
density on a non-adherent substrate, and a second-generation assay (M2) as a readout of CSC numbers
from the first generation assay. The readout assay usually comprises a second-generation mammosphere
assay and a colony-forming cell assay, measuring respectively the quantity of CSC in the original sample,
and the ability of these CSCs to proliferate and differentiate when seeded upon an adherent substrate. As
mentioned above, the gold standard method for assessing CSC numbers within a cell population is the in
vivo limiting dilution assay. This method involves the transplantation of single-cell suspensions from M1
assays into the mammary fat pad of immunocompromised mice in limiting dilution. The L-Calc™
limiting dilution software (StemCell technologies) is then used to calculate the number of CSC in the
originating sample. The above methods represent extremely useful tools in estimating CSC populations
within samples of interest, especially when comparing paired sets of data, for example in response to

treatment.

1.5 Growth factor signalling and cancer

Under normal conditions, tissue homeostasis is tightly controlled, primarily by fate-determining signals
received by cells via polypeptide growth factors released from the surrounding tissues. Although the
initial transformation from normal cells to malignant cells is due to the accumulation of genetic
mutations, growth factors are the major regulators of tumorigenesis, controlling processes such as cellular
adhesion and migration, angiogenesis, and tumour cell extravasation and invasion of distant sites. A key

regulator in the control of epithelial cell homeostasis is Transforming growth factor-beta.

1.5.1 TGFp and the SMAD Signalling Pathway

Transforming growth factor-beta (TGFP) is a member of the TGFf superfamily of cytokines important in
organ development and tissue homeostasis and the TGFf signalling pathway was one of the first
pathways controlling multicellular life to emerge with the appearance of the first animal species
(Huminiecki et al. 2009). TGFp is a pleiotropic cytokine and is instrumental in the regulation of numerous
cellular processes including cell proliferation, differentiation, apoptosis, motility, invasion, angiogenesis,
immune response and extracellular matrix (ECM) production. Through its ability to activate specific

transcription factors TGFp is known to regulate hundreds of TGF[ target genes, consistent with its role in



a variety of processes (Mullen et al. 2011). Because of the crucial role of TGFp in controlling cellular
programmes regulating proliferation, differentiation and tissue regeneration and its importance in the
evolution of early life it comes as no surprise that this pathway is often hijacked in diseases resulting from
malfunctions in these processes, cancer for example (Massagué 2008).

TGFp signalling has historically been understood to be propagated via the canonical TGFB/SMAD
pathway. However, increasing data on TGFp activated non-canonical (non-SMAD) pathways are
emerging. These  non-canonical  pathways  include  multiple = components of  the
phosphatidylinositol-3-kinase (PI3K)/AKT, MAPK and Rho-like GTPase signalling pathways (Y. E.
Zhang 2009).

The canonical TGFp signalling pathway is activated by the binding of the TGFf ligand to a heterodimeric
complex of type I and type Il membrane-bound serine/threonine-protein kinase receptors, TGFBRI and
TGFBRII respectively. Upon ligand binding, TGFBRII phosphorylates the glycine- and serine-rich
TGFBRI GS domain creating a binding site for the phosphorylation of TGFp-specific transcription factors
called SMADs. The designation SMAD is a portmanteau of the homologous proteins; Drosophila
homolog mothers against decapentaplegic (MAD) and Caenorhabditis elegans protein SMA (Massagué,
Seoane, and Wotton 2005). SMAD proteins are classified by their structure and function into three
groups: 1) The receptor-regulated SMADs (R-SMAD), which contain a C-terminal Ser-Ser-X-Ser motif
and are directly phosphorylated by type I receptor kinases; 2) The common mediator SMADs
(co-SMAD), which complex with R-SMADs and translocate to the nucleus to mediate the regulation of
TGFp-specific target genes; and 3) the inhibitory SMADs (I-SMADs), which interfere with receptor
activation of R-SMADs or complex formation with co-SMADs (Miyazono 2000).

Structurally, SMAD proteins comprise two globular domains, MH1 and MH2, joined by a variable linker
region. The amino-terminal MH1 domain acts as a DNA binding region, and the C-terminal MH2 domain
contains a series of hydrophobic regions which mediate SMAD interactions with both cytoplasmic and
nuclear pore proteins, and with DNA-binding co-factors and signalling regulators (Massagué, Seoane, and
Wotton 2005). The SMAD variable linker domain contains multiple phosphorylation sites for protein
kinases including mitogen-activated protein kinases (MAPK) (Massagué, Seoane, and Wotton 2005;
Kretzschmar, Doody, and Massagu 1997) and cyclin-dependent kinases (CDK), both of which are closely
involved in the regulation of TGFB/SMAD signalling (Matsuura et al. 2004). These phosphorylation
domains allow SMADs to act as integration hubs for multiple regulatory processes, for example, cell

cycle progression and growth factor signalling.



In the instance of canonical TGFp signalling, the TGFp type I receptor phosphorylates the R-SMADs
SMAD2 and SMAD3, leading to their translocation to the nucleus and complex formation with the
co-SMAD, SMAD4. Once in the nucleus, this complex recruits DNA-binding transcription factors
resulting in transcriptional regulation and expression of TGFP target genes. Signalling through
TGFp/Smads is a tightly regulated process and the SMAD protein complex translocates to the nucleus
only whilst TGFp receptor activation is taking place. This localisation is maintained through repeated
phosphorylation/dephosphorylation and nuclear-cytoplasmic shuttling cycles. Following transcriptional
activation, SMADs undergo rapid phosphorylation at the linker region by CDKS and the cyclinT1/CDK9
complex. This phosphorylation primes the linker region for further phosphorylation by glycogen synthase
kinase 3 (GSK3) and targets SMADs for polyubiquitylation and degradation in the proteasome (Massagué
2012).

TGFp is crucially involved in the maintenance of tissue homeostasis. At the cellular level, TGFp effects
are well recognised for their pleiotropic nature. In development, embryonic stem cells and
lineage-committed progenitors exhibit elevated levels of TGFp signalling, where it functions to regulate
pluripotency and differentiation. In mature epithelial, haematopoietic and neural cells, TGF[} negatively
regulates the cell cycle through several mechanisms, including the expression of the Cyclin-dependent
kinase inhibitors CDKN1A, CDKNI1C, CDKN2B and repression of the proto-oncogene MYC (Siegel and
Massagué 2003). Because of the crucial role of TGFp signalling in organ development and in maintaining

tissue homeostasis, deregulation of the pathway is commonly seen in diseases, including cancer.

1.5.2 TGFp and cancer

TGEFp signalling is strongly implicated in many aspects of cancer progression. The TGF dogma supports
that TGFp functions mainly as a potent tumour suppressor in the early stages of cancer development
through the potent cytostatic effects observed in the normal epithelium. Evidence of inactivation or loss of
TGFp pathway components in various cancer types strongly supports this hypothesis. For example,
inactivating mutations in TGFBRII are frequently observed in cancers associated with defects in the DNA
mismatch repair system, such as gastric, colorectal, biliary and lung adenocarcinoma (Levy and Hill
2006). Loss of SMAD2 and SMAD4 is commonly observed in pancreatic and colon cancers due to
mutation, or loss of chromosome 18q (Massagué¢ and Padua 2009; Massagué, Seoane, and Wotton 2005),
and CDKN2B loss is frequent in melanoma (Massagué, Seoane, and Wotton 2005). In sharp contrast,
however, other cancers progress with an intact TGFB/SMAD pathway, where evasion of
tumour-suppressive TGFp activity occurs downstream of SMAD signalling. In this context which is most

commonly seen in breast cancer, melanoma and glioma, the TGFB/SMAD signalling pathway remains



intact but tumour growth is no longer suppressed by TGFp signalling. Consistently, increased TGFf
activity is a marker of malignancy in non-small cell lung carcinoma (NSCLC), colorectal, prostate, gastric
carcinoma, glioblastoma and breast cancer (Massagué and Padua 2009; Bruna et al. 2007, 2012;
Massagué, Seoane, and Wotton 2005). In the later stages of disease, TGFB plays key roles in the
regulation of metastasis via the process of epithelial to mesenchymal transition (EMT). Here, TGFp
orchestrates signalling pathways that allow cancer cells to lose polarity, become motile and invade distant
sites. The key event in the initiation of this process is the switch from expression of E-Cadherin to the
expression of N-Cadherin, this switch is mediated by downstream effectors of TGF signalling which are
transcriptional repressors of E-cadherin, namely SNAIL1, SLUG and TWIST (Michael K. Wendt,
Allington, and Schiemann 2009).

In 2007, Bruna and colleagues presented evidence supporting opposing roles for TGFp signalling in
glioma, where it can both suppress and promote tumour formation (Bruna et al. 2007). More recently,
under the leadership of Alejandra Bruna, my colleagues and I published further data providing evidence
that in breast cancer, the paradoxical role of TGF activity is not necessarily linked to the stage of breast
cancer progression (Bruna et al. 2012). Here, we demonstrate that oncogenic TGFp signalling occurs in
the molecularly defined Claudin-low subset of breast cancer, via the convergence of TGF/SMAD
signalling and the Rho-MRTF-SRF pathway. The integration of these pathways drives a TGF-specific
stem-cell-like gene expression program which is associated with worse outcomes in a large breast cancer
clinical cohort, irrespective of ER status. In breast tumour initiating cell (BTIC) enriched populations of
cell lines belonging to the Claudin-low subtype, TGFB binding to cell surface receptors induces
phosphorylation of the SMAD TGFp-specific transcription factors, followed by SMAD partnering with
co-SMADs leading to nuclear translocation. SMAD phosphorylation also leads to increased activation of
Rho GTPase, which in turn activates the polymerisation of globular (G) actin into Filamentous (F) actin
and results in the release of Myocardin-related transcription factor (MRTF). MRTF liberation induces the
nuclear transcription factor serum response factor (SRF) to modulate expression of the gene signature
enriched in stem-cell processes. Key in uniting the TGFB/SMAD and Rho-MRTF-SRF pathways is the
scaffolding protein NEDD9 which itself is subject to increased gene expression in response to TGFf via a

positive feedback loop (figure 1.1a) (Bruna et al. 2012; Tufegdzic Vidakovic et al. 2015).
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Figure 1.1. The mechanism of oncogenic TGFp signalling in Claudin-low cell lines

(a) A NEDD9-Smad-SRF-dependent pathway regulates a TGFf-specific transcriptional program
which is associated with human stem cell features, and necessary for TGFp-induced BTIC
activity. Upon TGFP binding to cell surface receptors phosphorylation of TGFp-specific
transcription factor SMADs occurs, followed by partnering with co-SMADs and nuclear
translocation. SMAD phosphorylation also leads to increased Rho activity, this activates the
polymerisation of globular (G) actin into Filamentous (F) actin and results in the release of
Myocardin-related transcription factor (MRTF). MRTF liberation in turn induces the nuclear
transcription factor serum response factor (SRF) to modulate expression of the gene signature
enriched in stem-cell processes. Key in uniting these pathways is the scaffolding protein NEDD9
which itself is subject to increased gene expression in response to TGFf via a positive feedback
loop. Analysis of cellular proliferation in S-phase as measured by Bromodeoxyuridine (BrdU)
incorporation in (b) MDA-MB-231 and (¢) HCC1954 cultured both in attached and suspension
mammosphere culture.
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We propose that as a result of this gene expression program, following TGFp treatment an increase in
BTIC occurs as evidenced by Bromodeoxyuridine (BrdU) incorporation assays (figures 1.1b and 1.1c.).
Here in the Claudin-low cell line MDA-MB-231, TGFf treatment induced an increase in cellular
proliferation as measured by BrdU incorporation, only when the cells were cultured as suspension
mammospheres to enrich in BTICs (figure 1.1b). Neither TGFP induced cellular proliferation, nor
proliferation differences between attached and suspension cultures were observed in the corresponding
experiment in the non-Claudin-low cell line HCC1954 (figure 1.1¢). To date, other studies have failed to
demonstrate a clear association between TGF-specific gene signatures and clinical outcomes, however,
this is possibly because these studies did not isolate TGFp specific gene signatures from the opposing

tumour promoting and tumour suppressive branches.

The effects of TGFf signalling in breast cancer should not be taken in the context of the cell-autonomous
compartment alone; a significant number of TGFf effects in cancer are mediated by the interaction
between epithelial cells and the tumour microenvironment (stromal cells). Tumour stroma is a complex
tissue comprising numerous cell types together with extracellular matrix proteins, all of which express
TGEFP receptors and respond differently to TGFp signalling. In contrast to the paradoxical role of TGFf
signalling in tumour epithelial cells, TGFp signalling in tumour stromal cells mainly contributes towards
promoting a favourable environment for tumour growth (Bruna et al. 2007). TGFp signalling is also
fundamental in immune regulation of the tumour microenvironment by inducing tumour immune-evasion,
allowing tumour cells to evade host immune surveillance. TGFp signalling suppresses the host immune
system by many mechanisms including the inhibition of M1 macrophages and expansion of
tumour-promoting M2 macrophages, the suppression of cytotoxic T cells and NK cells and an increase in
the population of T-helper 2 cells which possess humoral but no cytotoxic activity (Siegel and Massagué
2003). All of the above observations highlight the complex nature of TGFp regulation and its role in

cancer, and the importance of fully understanding the pleiotropy of cellular response to TGFp signalling.

1.5.3 TGFp and Cancer therapy

The deregulation of TGF signalling in tumour initiation progression and metastasis has positioned TGF
signalling as an increasingly interesting target for oncology drug development. However, because of
TGEFp pleiotropic effects, signalling in normal epithelial cells and its paradoxical role in the growth
regulation of different cancer types, TGFp inhibition as a cancer therapy is not a straightforward prospect.
The development of anti-TGFf therapy to date has focussed on three main areas: 1) inhibition of TGF
synthesis by antisense oligonucleotides either delivered intravenously or delivered as an allogeneic cancer

cell vaccine via genetically engineered immune cells; 2) targeting TGFp signalling at the ligand-receptor
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Eli Lilly®

TGFB ligand inhibitors Target Trial ID Status
Fresolimumab (GC1008) TGFB1, -B2, -B3 NCT00356460 Phase | studies completed in RCC,
Sanofi/Aventis® NCT00923169 melanoma and glioma.
NCT01472731 Phase |l study completed in mesothelioma
NCT01112293 and breast cancer.
NCT01401062
Trabedersen (AP12009) TGFR2 NCT00844064 Phase | study in melanoma, pancreatic,
Antisens Pharma® NCT00431561 and CRC completed.
NCT00761280 Phase Il study in glioma completed.
Phase Il study in astrocytoma and
secondary glioblastoma terminated.
Lucanix (Belagenpumatucel-L) TGFR2 NCT01058785 Phase Il and phase Ill study in NSCLC
NovaRx Corporation® NCT00676507 completed.
FANG™ Vaccine TGFB1, -2 NCT01061840 Phase | study in NSCLC and liver cancer,
(rhGMCSF/shRNAfurin) NCT01309230 ongoing.
Gradalis® NCT01505166 Phase |l study in melanoma, ovarian and
NCT01453361 CRC ongoing.
Disitertide (P144) TGFB1 Progress outside oncology
Digna Biotech® Pre-clinical development in glioma
TGFB receptor inhibitors Target Trial ID Status
Galunisertib (LY157299) TGFBR1 NCT01246986 Phase | study in metastatic cancer
Eli Lilly® NCT01373164 completed.
NCT01220271 Phase Il study in HCC, glioma and
NCT02178358 pancreatic cancer ongoing.
NCT01582269
LY3200882 TGFBR1 NCT02937272 Phase | study ongoing
Eli Lilly®
TEW-7197 TGFBRI NCT02160106 Phase | study in progress in solid tumours
MedPacto®
PF-03446962 TGFBRI NCT00557856 Phase | study in CRC completed
Pfizer® NCT01337050 Phase Il study in mesothelioma and
NCT01911273 urothelial cancer completed
NCT01486368 Phase Il study in HCC terminated
NCT01620970 Phase | study in combination with
NCT02116894 regorafenib in CRC completed
IMC-TR1 (LY3022859) TGFBRII NCT01646203 Phase | study in solid tumours completed

RCC: renal cell carcinoma; CRC: colorectal carcinoma; NSCLC: non-small cell lung carcinoma; HCC: hepatocellular carcinoma

Table 1.1 Drugs targeting TGFp signalling and their current status in clinical drug trials
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level using monoclonal antibodies or peptides; and 3) TGFp receptor kinase inhibitors, which function to
prevent signal transduction. A list of current drugs in development can be seen in Table 1.1 adapted from
Neuzillet et al (Neuzillet et al. 2015). Although the prospect of TGFJ inhibition seems attractive,
considering the role of TGFf tumour progression and the results of early drug trials appear promising, it
is crucial to consider the opposing effect of TGFp signalling in different tumour types to ensure patients
are correctly stratified for treatment. Perhaps more importantly current research should focus on
identifying molecular markers of TGF tumour promoting activity, which is crucial for appropriate

patient stratification and treatment monitoring.

1.6 NEDD9

As mentioned above, Bruna and colleagues recently identified the integrin scaffolding protein Neural
Precursor Cell Expressed, Developmentally Down-Regulated 9 (NEDD9) is a key component in
regulating stem cell dynamics in response to TGFB/SMAD signalling in the Claudin-low breast cancer
subset. It is hypothesised that in this breast cancer subtype, NEDD9 acts as a signalling hub to coordinate

signalling pathways in response to TGFp pathway activation.

1.6.1 Discovery and relevance

NEDD?9, also known as Enhancer of Filamentation 1 (HEF1) and CASL, is a non-catalytic member of the
CAS (Crk associated substrate) family of scaffolding proteins. First identified in 1992, NEDD9 was found
to be expressed in the early embryonic mouse brain but not in the adult, and thought to play crucial roles
in embryonic development and differentiation of the central nervous system (Kumar, Tomooka, and Noda
1992). Following this discovery, the complete gene sequence and an elementary protein function analysis
were presented by two independent research groups in 1996. Law et al used a yeast system to screen a
human cDNA library of oncogenes and antioncogenes for proteins that enhanced pseudohyphal budding
(Law et al. 1996). They identified HEF1, similar to the recently described docking protein p130 Cas
(Sakai et al. 1994) as the cDNA producing the most striking phenotype, and hypothesised that HEF1 may
be an important mediator of extracellular signalling and cytoskeletal regulation. Mingenishi et al
demonstrated that their previously discovered ppl05 protein was a novel p130 Cas family member
important for integrin signalling in T lymphocytes, and designated their protein Cas-L (Crk-associated

substrate-related protein, Lymphocyte type) (Minegishi et al. 1996).
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In vertebrates, four CAS family members have now been identified: NEDD9/HEF1/Cas-L (Law et al.
1996), BCAR1/p130Cas (Sakai et al. 1994), EFS/Sin (Ishino et al. 1995) and CASS4/HEP (Singh et al.
2008) although NEDD9 and BCARI1 remain the most extensively investigated members. NEDD9 is
implicated in the regulation of diverse cellular effects both physiologically and pathophysiologically, via
integrin-dependent cellular mechanisms of adhesion and migration, invasion, apoptosis, cell cycle, and
survival through the coordination of focal adhesion kinase (FAK) and Src signalling cascades (Natarajan

et al. 2006; O’Neill and Golemis 2001; Tikhmyanova and Golemis 2011).

The overexpression of CAS proteins has been strongly linked to poor prognosis and metastasis in addition
to conferring resistance to first-line chemotherapeutics in multiple tumour types, including breast cancer
(Dorssers et al. 2004; Brinkman et al. 2000). Additionally, in vitro NEDD9 overexpression has been
demonstrated to induce invasive behaviour in breast cancer cell lines (Fashena et al. 2002). Recent
meta-analyses have further highlighted the association between NEDD9 overexpression and poor overall
survival in patients with multiple solid tumour types, indicating that NEDD9 expression may function as

an effective predictive cancer biomarker (Gu et al. 2019; Shagisultanova et al. 2015).

1.6.2 NEDDO expression and regulation

The human NEDD9 gene is located on the antisense strand of the short arm of chromosome 6. The
NEDD9 promoter has two transcriptional start sites and there are four known protein-coding transcript
variants annotated in the image from the NIH genome browser (figure 1.2a) (www.ncbi.nlm.nih.gov):
Transcript variants one (NM_006403) and three (NM_001142393) both encode full-length proteins but
with different N-termini (MKYK and MWTR, respectively), translation of variant NM_001142393 is
initiated upstream of NM_006403, both transcripts contain seven exons. Transcript variant four
(NM_001271033) lacks an alternate in-frame exon when compared to transcript variant one and therefore
encodes a shorter isoform of six exons. Transcript variant two lacks several exons and has an alternate 3’

terminal exon compared to variant one.

NEDD9 has consistently been demonstrated by western blot to migrate as a doublet which is substantially
larger than its predicted size of 93kDa. At least four NEDD9 protein forms have been described in the
literature, designated p115"F! p105HEF! p65HEF! and p55MEF!, with the larger 115kDa protein identified as
a heavily phosphorylated form of the full-length 105kDa protein (Law et al. 1998). The smaller p65F!
and p55"FF! protein forms are truncated versions of the full-length protein with p55""! generated by
caspase-cleavage of the full-length protein. The p55 species contains NEDD9 amino acid sequences

mapping to the amino-terminal of the protein (SH3 domain and SH2-binding site sequences) and the p65
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SHEFL s generally poorly detected and

species contains carboxy-terminal NEDD9 sequences, however, p6
its regulation is not fully understood (Law et al. 1998). NEDD?9 is a non-catalytic scaffolding protein that
acts as a docking station for multiple transcriptional pathways and, therefore, regulates a host of cellular
effects. An overview of the pathways and cellular effects mediated by NEDDO can be seen in figure 1.2b.
The protein comprises four structural domains; a highly conserved N-terminal SH3 domain, an
unstructured substrate domain (SD), a serine-rich region (SR), and a focal adhesion targeting domain
(FAT). Both the SR and FAT domains are predicted to fold into four-helix bundles (Briknarova et al. 2005;
Mace et al. 2011). The SH3 domain mediates the binding of NEDD?9 to interacting proteins containing
multiple proline residues. The SD contains multiple YxxP motifs, which are phosphorylated by members
of the Src family of kinases; once phosphorylated, these motifs act as binding sites for proteins containing
SH2 regulatory module domains thus coordinating multiple signalling networks. The FAT domain is

responsible for the localisation of focal adhesion kinase (or protein tyrosine kinase 2 PTK2) to focal

adhesion structures to mediate cell migration processes.

In embryonic brain development, regulation of the NEDD9 promoter is known to occur by all-trans
retinoic acid (ATRA) (Aquino et al. 2009), however, in cancer, several different gene regulation
mechanisms have been proposed in numerous tumour types. These mechanisms include; Wnt signalling
in colorectal cancer (Y. Li et al. 2011), Forkhead transcription factors in hepatocellular carcinoma (L. Xia
et al. 2013), hypoxia in colorectal cancer (S.-H. Kim et al. 2010), the estrogen receptor alpha corepressor
SAFBI in breast cancer (Hammerich-Hille et al. 2010), and TGFp in liver, prostate and breast cancer
(Zheng and McKeown-Longo 2002). NEDD9 has also been shown to promote a stem/progenitor cell
phenotype in many cell lineages, and significant binding of the pro-stem cell factor SOX2 is observed in

the NEDD9 promoter (Aquino et al. 2009; Vogel et al. 2010; Boyer et al. 2005).

At the protein level, the NEDD9 mechanism of action is highly regulated by extensive phosphorylation in
response to cell attachment, growth factors and hormones. This phosphorylation influences the
scaffolding activity of NEDD9 along with cellular localisation and proteasomal degradation. Tyrosine
phosphorylation of CAS proteins in response to cell attachment occurs through the integrin signalling
pathway involving FAK and SRC (RAFTK and SRC in NEDD9Y), and also occurs in the presence of
growth factors and hormones including VEGF and IGFR. Alternatively, TGFB can induce
serine/threonine phosphorylation, independent of focal adhesion and an intact actin cytoskeleton (Zheng
and McKeown-Longo 2002). The phosphorylation state of NEDD? is cell cycle synchronised, the more
phosphorylated form p115 kDa (serine/threonine) accumulates in the G2/M phase and is more susceptible

to proteolysis (Zheng and McKeown-Longo 2002). The cellular location of NEDDO shifts throughout the
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cell cycle in response to changes in phosphorylation state and at interphase the majority of NEDD9 is
localised to focal adhesions. However, upon entry into mitosis, in response to phosphorylation NEDD9
migrates along the mitotic spindle eventually localising at the midbody at cell division (Pugacheva and
Golemis 2005). Post-transcriptional regulation of the NEDD9 transcript occurs by miR-145, which binds
the untranslated 3’ region. MiR-145 is a known repressor of pluripotency in embryonic stem cells and an
oncogene in several cancer types (Lu et al. 2014; Guo et al. 2013). Speranza et al successfully
demonstrated the downregulation of miR-145 in glioblastoma resulting in increased NEDD9 mediated

invasion of glioblastoma cells in in vitro assays (Speranza et al. 2012).

TGEFp is known to phosphorylate NEDD9 and, in some conditions, it has been shown to trigger NEDD9
proteasomal degradation by ubiquitination (X. Liu et al. 2000; Zheng and McKeown-Longo 2002). Wendt
and colleagues demonstrated that P130Cas/BCARI1, another member of the Cas protein family, was able
to block TGFp induced Smad 2/3 activation and subsequently promote TGFf induced activation of p38
MAPK when BCARI1 was overexpressed in mammary tumour cells. As a confirmation of this effect, the
authors demonstrated that inhibition of BCARI restored TGFB/Smad induced tumour inhibition and
blocked TGFB/MAPK promotion of tumour progression (M. K. Wendt, Smith, and Schiemann 2009).

When taken into consideration alongside the evidence that NEDD9” MMTV mouse tumour models
demonstrate increased tumour latency and reduced tumour number (Izumchenko et al. 2009), and our
findings that NEDD?9 is a key regulator of TGFp induced breast cancer stem cell self-renewal (Bruna et
al. 2012), BCAR1 and NEDD?9 are emerging as integral determinants in both the tumour suppressive and
promoting effects of TGFp in cancer signalling. However, what still remains unclear is the molecular
mechanism by which NEDD9 mediates the signalling pathways responsible for these effects in breast

cancer stem cells from different breast cancer subtypes.

1.7 Hypothesis and aims

There exists extensive data on the correlation between NEDD9 expression and tumour aggressiveness and
metastasis in multiple cancer types, and the role of TGFf signalling in tumour progression. Recent data
from Bruna and colleagues identified NEDD9 as a key modulator of TGF oncogenic effects in the
Claudin-low subset of breast cancer cell lines, and the gene expression signature from this analysis
correlates with poor prognosis in a breast cancer clinical cohort (Bruna et al. 2012). However, what
remains unclear is the mechanism by which NEDD9 mediates oncogenic TGFp signalling in the

Claudin-low subset of breast cancer when compared with other breast cancer subtypes. Due to my
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involvement in the project which led to the publication of the above findings (Bruna et al. 2012), this

thesis represents a logical continuation of that research under the supervision of Dr Alejandra Bruna.

The main aim of this thesis is to investigate the hypothesis that breast cancer prognosis is not only
dependent on tumour subtype and that it is more complex than merely expression levels of NEDD9, and

TGEFp signalling. This thesis addresses the above hypothesis by exploring the following aims:

In the first chapter, I aim to gain an understanding of NEDD9 gene mutations and expression across
multiple cancer types before focusing on breast cancer. [ will then characterise the NEDD9 gene and
protein expression in a panel of breast cancer cell lines in response to the activation of TGFp signalling. I
will also use RNA sequencing methods to investigate gene expression under the perturbation of NEDD9
protein expression to compare TGF[ responsive signalling networks which are dependent upon NEDD?9.
Finally, I will use RNA sequencing data to investigate which of the known NEDD9 isoforms are
predominantly expressed in response to TGFp treatment, and compare these data with those from breast

cancer clinical cohorts.

In the second chapter, I will use a variety of techniques to identify NEDD9 interacting proteins to try and
predict signalling networks coordinated by NEDD9 contributing to oncogenic TGFp signalling. 1 will
start with simple co-immunoprecipitation methods and then advance to complex quantitative analyses to

confirm my findings.

The third chapter will focus on investigating the mechanism by which PKM2 (a key NEDD9 interactor in
oncogenic TGF signalling) influences tumour initiating cell dynamics. I will explore the known roles of
PKM?2 in metabolism and transcriptional activation and will investigate whether the results from the RNA

sequencing and phospho-proteome analyses indicate activation of metabolic programs.

Finally, T will investigate the translational application for my findings in patient treatment. I will
investigate the expression of the oncogenic TGFB/NEDDY signature in a large clinical cohort and our
comprehensive patient-derived tumour xenograft (PDTX) biobank, and determine how this relates to

response to treatment with therapeutic agents.

If successful in addressing the aims of my study I hope to further the understanding of the complex

regulation of breast cancer stem cell dynamics in the Claudin-low subtype. I also hope that this work may
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help to identify biomarkers of oncogenic TGFp signalling and point towards therapeutic agents which

would be advantageous in the treatment in a breast cancer subtype-specific manner.
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2. NEDD?9 gene and protein expression in breast cancer

2.1 Preface

As discussed, my previous work, which was performed under the supervision of Dr Alejandra Bruna
before the start of my PhD, identified NEDD9 as a key component in the regulation of oncogenic TGFf
signalling in the Claudin-low subset of breast cancer (Bruna et al. 2012). In this chapter, I aimed to build
upon that knowledge by first characterising NEDD9 expression in a panel of breast cancer cell lines,
followed by a more specific analysis of NEDD9 expression in response to TGFf signalling in the

Claudin-low subtype.

2.2 NEDDO gene expression in cancer

To first gain a current understanding of global NEDD9 RNA expression levels in a range of cancer types,
I queried the TCGA PanCancer Atlas at cBioPortal (www.cbioportal.org) (Cerami et al. 2012; Gao et al.
2013), a curated database of 32 clinical cancer studies. Figure 2.1a details RSEM normalised (B. Li and
Dewey 2011) relative expression levels of NEDD9 and detected mutations across a wide range of cancer
types. In studies included in the TCGA PanCancer atlas, NEDD9 expression was increased as indicated
by the fold change values on the y axis. Additionally, NEDD9 gene mutations were frequent, as indicated
by coloured circles. To investigate this observation in more detail I then queried NEDD9 expression and
mutational profile in the METABRIC breast cancer cohort (Curtis et al. 2012; Pereira et al. 2016). Figure
2.1b details the NEDD9 mutational profile of 2509 breast cancers from the METABRIC clinical cohort,
including details of patient ER and HER2 status, breast cancer intrinsic subtype and Integrative cluster
subtype. The zoomed insert panel (figure 2.1b) illustrates in more detail the annotation of the 6% of
patients with NEDD9 mutations, all in the form of copy number amplifications and/or high mRNA
expression. There was no correlation between NEDD9 copy number amplification and ER status, of the
45 patients with NEDD9 copy number amplification 23 are ER-positive and 22 are ER-negative.
However, a definite correlation exists with regards to HER2 expression, with 43 out of 45 patients having
HER2 negative disease. There was no overrepresentation of any breast cancer subtype in the NEDD9
copy number amplification group, with both the PAMS0 and Integrative cluster subtypes evenly
distributed, and Kaplan—Meier estimates (figure 2.1¢) on patients with NEDD9 copy number
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Figure 2.1. NEDD?9 expression in cancer
(a) NEDD9 RSEM normalised RNA-Seq expression (Log2 transformed) from the TCGA PanCancer
Atlas (cbioportal.com) across multiple cancer types, including mutations and types where profiled. (b)
NEDD9 mutational profile of 2509 breast cancers from the METABRIC clinical cohort, including
intrinsic subtype and Integrative cluster annotation. Zoomed insert illustrates annotation details for the
6% of patients with a NEDD9 amplification and/or high mRNA expression. . (¢) Kaplan—-Meier overall
survival estimates for patients profiled for NEDD9 alterations (red) versus the unaltered group (blue).
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amplifications showed no effect on overall survival, with a median survival of 163.7 months in the altered
group compared with 155.7 months in the unaltered group. These data confirm that NEDD9 expression
and mutational status do not have a major effect on patient outcome and strengthen our hypothesis that
TGFB oncogenic effects mediated by NEDD9 are more complex than being regulated by NEDD9
expression levels alone. This observation prompted further investigation into the diversity of NEDD9

expression levels in a panel of breast cancer cell lines representative of the heterogeneity of breast cancer.

2.3 NEDD?9 protein diversity, and response to TGFp in a panel of cell
lines

NEDD?9 is an integrin signalling adaptor protein involved in the regulation of cell motility and adhesion
(Zhong et al. 2012; Kondo et al. 2012). Many groups have observed variation in NEDD9 protein bands
identified by western blot, both within different cell lines, and between cell lines grown in suspension
versus adherent culture. NEDD9 has consistently been demonstrated to migrate as a doublet by western
blot substantially higher than its predicted size of 93kDa. Two full-length protein forms designated
plO5™¥! and p115"¥F! have been described, with the larger 115kDa protein identified as a heavily
phosphorylated version of the 105kDa protein (Law et al. 1998). These bands are thought to represent the
multiple post-translational modifications of the NEDD9 protein known to arise in response to several
different signalling pathways (Zhao et al. 2019; Zheng and McKeown-Longo 2002, 2006). Our previous
work identified NEDD9 as a hub integrating signalling pathways in the modulation of breast tumour
initiating cell expansion in response to TGFB (Bruna et al. 2012). We, therefore, hypothesised that
NEDD9 post-translational modification may be important in coordinating signalling pathways in response
to TGFp treatment, and the downstream regulation of gene expression programs of tumour initiating cell

self-renewal.
To investigate the heterogeneity of NEDD9 protein expression across breast cancer subtypes, I first

selected a panel of breast cancer cell lines representing the heterogeneity of breast cancer observed in the

patient population, as illustrated below.
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Claudin-low score LogFold Classification TP53 status Her2 status ER status PR status CD49f/EpCAM

HCC1354 -0.41227 -4.22942  Basal A MUT + - . 0.58705
SKBR7 0.19866 -1.80834  Normal like WT - - - 0.97883
MCF7 -0.42141 -1.03579  Luminal MUT - + + 0.45400
MDA-MB-231  0.48312 0.96505 Claudinlow MUT - - - 1.09372
BT549 0.65611 0.63117 Claudinlow WT - . - 1.03261
SUM159 0.59517 2.65371 Claudinlow MUT - - - 1.09572

Table 2.1. Classification and characteristics of the breast cancer cell line panel used to investigate NEDD9

protein diversity by western blot

The panel included cell lines from across a range of PAMS50 subtypes, TP53 mutational status, and cell
surface marker expression as detailed above. The Claudin-low score is calculated as the difference
between the Spearman correlation value of expression data for each cell line with the Claudin-low
centroid, and the Spearman correlation with the “others” centroid as defined by Prat and colleagues (Prat
et al. 2010). Cell lines with a higher Claudin-low score correlate more closely with the Claudin-low
centroid and are therefore classified as Claudin-low. The LogFold is the log2 fold change in the number
of second-generation mammospheres in TGFp-treated compared to untreated cultures: positive and
negative values indicate where TGFp increases or decreases BTIC self-renewal activity, respectively. The
CDA49f/EpCAM ratio is a measure of tumour aggressiveness, a higher ratio correlates with shorter

disease-free survival (Ye et al. 2015).

For the western blot analysis, cells were grown in suspension mammosphere culture for seven days to
enrich for breast tumour initiating cells (BTIC), and left untreated, or treated with TGFp 100 nM. Figure
2.2a demonstrates the variation in NEDD9 protein bands identified by western blot, in the Claudin-low
subtype (labelled in red) compared to all other subtypes (labelled in blue), bands corresponding to
pl115"F! and pl105"EF! are indicated by arrows. In cell lines belonging to the Claudin-low category
(MDA-MB-231, BT549 and SUM159), TGF treatment increased the intensity of the p115" ! band when
compared to the no-treatment control, and decreased the intensity of the highest molecular weight band
above pl115""!. The significance of this uppermost band will be discussed later. This pattern was not as
pronounced in cell lines belonging to other breast cancer subtypes. This pattern of NEDD9 protein
expression was consistently observed over numerous experiments. Increased levels of phospho-Smad?2 in
the TGFp treatment conditions indicates activation of the TGFP pathway, and consistent levels of
Smad2/3 demonstrate that the TGF[} pathway is intact in these cell lines. B-Actin was used as a loading
control. Based on these observations, two cell lines were chosen which were representative of the ability
of TGFp to induce BTIC self-renewal, or not. These cell lines, respectively MDA-MB-231 (ATCC®
HTB-26™) and HCC1954 (ATCC® CRL-2338™) were used for all further experiments.
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Figure 2.2. NEDD?9 expression and post-translational modification in response to TGFp treatment
(a) Western blot of whole cell protein lysates from mammosphere cultures of cell lines representative of
the Claudin-low subtype (red) versus all others (blue) following seven day treatment +/- 100 nM TGFp.
Membranes were probed for levels of NEDD9, phospho-Smad2 and Smad2/3 to confirm TGFf pathway
activation, and B-Actin as a loading control. Western blot from whole cell protein lysates of cell lines
MDA-MB-231 (type A) and HCC1954 (type B) in attached culture (b) and suspension mammosphere
culture (¢). Cultures were treated for seven days +/- 100 nM TGFB. NEDD9 expression was perturbed
by use of a commercial SIRNA directed towards NEDD9 or a control scramble SiRNA, or by a stable
knockdown of NEDD9 in MDA-MB-231 expressing a short-hairpin generated against the NEDD9
coding sequence (231-ShN9). Membranes were probed as above. (d) NEDD9 band quantification of
phospho-forms p105HEF and p115HEF from the MDA-MB-231 scramble SiRNA condition in figure 2.2¢.
Units represent pixel density analysis using Image J. (e¢) Western blot of whole cell protein lysates from
mammosphere cultures of MDA-MB-231 NEDD9 Crispr knock-out cell line clones (#6, #13 and #16)
and electroporation control (#4). Cultures were treated for seven days +/- 100 nM TGFpB or 100 nM
TGFp plus 10 uM TGFp inhibitor SB431542 10 uM (SB). Membrane was probed for NEDD9 protein
expression. The position of the NEDD9 phospho-forms p105HEF and p115HEF is located as indicated by
arrows. Densitometry analysis was performed on a single experiment, but western blot figures are
representative of at least three biological replicates.
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Figures 2.2b and 2.2¢ represent experiments performed to identify NEDD9 specific bands identified by
western blot in both adherent (figure 2.2b) and suspension mammosphere culture (figure 2.2¢). It is
evident that in enriching for tumour initiating cells by culture in suspension, the protein expression of
NEDD?9 is altered. Here, following TGFp treatment an increase in the expression of pl105"¥F! was
observed, this represents increased NEDD9 mRNA expression and translation of new protein, and
post-translational modification of p105" ! to generate p115™!, processes which have both been ascribed
in response to TGFP signalling. However, when the expression of NEDD9 was perturbed partially either
by siRNA or shRNA the levels of both p115"! and p105"FF! were decreased, although less so in the
shNEDD9 cell line. To quantify the observed changes in expression of pl05"¥F! and subsequent
post-translational modification of p105"! to p115"5F! T performed pixel density analysis using Image J
(Schneider, Rasband, and Eliceiri 2012) on the protein bands from the MDA-MB-231 Scramble siRNA
condition, in the presence and absence of TGFP treatment (dashed box). Figure 2.2d quantifies the
previously observed increase in the expression of both phospho-forms in response to TGFf treatment. To
further validate NEDD9 protein expression, western blots were performed on whole-cell lysates of
MDA-MB-231 suspension cultures from clones where NEDD9 was completely knocked out by
CRISPR-Cas9 genome editing, the knock-out was confirmed by sequencing (figure 2.2e¢). These cultures
were treated as previously with, or without 100 nM TGFp, but with the addition of 10 uM TGFp inhibitor
SB431542 (SB) to confirm the changes observed in NEDD9 expression are due to TGFf signalling. Here,
the p115"FF! and p105"*F! bands which were seen in the electroporation control (N9**#4) were not present
in any of the three CRISPR knock-out clones (N9#6, N97#13, or N9 #16). Interestingly, however, as
observed in the previous suspension culture analyses (figures 2.2a and 2.2¢) the top band, larger than
p115"E was still present, even in the NEDD9 knock-out clones. This suggests that this is a non-specific
band, but is detecting a protein still modulated by TGFp signalling.

As mentioned in the introduction, NEDD9 phosphorylation by TGFp is thought to target the protein for
proteolysis. To investigate this, seven-day suspension cultures of MDA-MB-231 and HCC1954 with, or
without 100 nM TGFp treatment, were treated for four hours with the proteasome inhibitor MG132 before
collection of whole-cell lysates. Figure 2.3a demonstrates that a modest increase in the level of p1151FF!
was observed in the TGFp plus MG132 treatment condition when compared to the TGF condition alone
(dashed box), and these changes were quantified, as previously using Image J (figure 2.3b). No
corresponding changes in NEDD9 protein expression were observed in the non-Claudin-low cell line

HCC1954. Together these results indicate that NEDD9 protein expression and post-translational

modification in response to TGFp signalling is different in the Claudin-low subset of breast tumour cell
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Figure 2.3. NEDD?9 expression and post-translational modification in response to proteasomal
inhibition

(a) Western blot from whole cell protein lysates of cell lines MDA-MB-231 (type A) and HCC1954
(type B) following seven day treatment +/- 100 nM TGEFp, and +/- 4 hours 10 pM MG132 treatment at
day 7. (b) NEDD9 band quantification of phospho-forms p105HEF and p115HEF from the MDA-MB-231
+ 100 nM TGEFB condition in figure 2.3a. Units represent pixel density analysis using Image J.
Densitometry analysis was performed on a single experiment, but western blot figures are representative
of at least three biological replicates.
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lines when compared to other breast cancer cell line subtypes, even in the presence of an intact TGFf
signalling pathway. These results also indicate that in the Claudin-low cell line MDA-MB-231, TGFf
treatment targets NEDD9 for proteasomal degradation. These results are consistent with the findings of

our lab and others (Bruna et al. 2012; Zheng and McKeown-Longo 2002)

2.4 Validation of NEDDO protein bands

To further investigate our initial observation that the NEDD9 uppermost band seen by western blot may
be a non-specific artefact, I went on to perform an in-depth proteomics analysis. NEDD9 was
immunoprecipitated (IP) from whole-cell extracts of MDA-MB-231 mammosphere cultures which had
been treated for seven days with, or without 100 nM TGFB. To eliminate background antibody
interference, the NEDD9 antibody (Abcam) used for the immunoprecipitation was covalently linked to
Dynabeads® magnetic beads (Life technologies). Following the IP, proteins of interest were eluted from
the magnetic beads reducing background interference by antibody heavy and light chains in the mass
spectrometry analysis.

The resulting immunoprecipitates were run on an 8% polyacrylamide gel and stained with Coomassie
blue alongside a prestained protein ladder. Bands were excised from the gel at locations corresponding
with numbers 1-6, in both the control and TGFp treated condition (figure 2.4b). The gel slices were then
processed and analysed by liquid chromatography-mass spectrometry (LCMS) in the CRUK-CI
proteomics core facility following the workflow outlined (figure 2.4a).

Figure 2.4b (left panel) is a confirmation western blot using 5% of the IP product; it shows that the IP
method resulted in an enrichment of protein at around 105 kDa to 115 kDa when compared to the input
(right panel). To confirm the presence of NEDD9 in the remaining IP product, I excised bands as
indicated. Figure 2.4¢ represents the Protein Identification Probability (PIP) value for each band being
identified as NEDD9 as generated by Scaffold QPlus (Proteome software); this is a calculated measure of
the percentage probability of protein identification being correct and is calculated based on several
parameters, including the number of peptides identified and the protein coverage. In the IP NEDD9
annotated figure (figure 2.4¢) a pattern of three bands analogous to those seen in western blot was visible
in both the control and TGFp treatment condition (highlighted by the black box). These bands correspond
to the positions marked 2, 3 and 4 in 2.4b, and fall into the size range expected for p105"FF!, p115"EF! and
the accompanying higher mass band also seen by western blot. When calculated from the LCMS data, in
the TGFp condition bands 4 and 3 (corresponding to p105"* " and p115""! respectively) demonstrated a
NEDD9 PIP value of 100%. Whereas the upper band had a NEDD9 PIP of 0%, confirming the results

from the knock-down experiments, that this is a non-specific band detected by the antibody.
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Figure 2.4. NEDD9 protein band identification using IP-LCMS

(a) Schematic demonstrating the workflow for IP-LCMS identification of NEDD9 protein bands.
Large scale seven-day MDA-MB-231 suspension cultures +/- 100nM TGFp were prepared.
Following cell lysis NEDD9 protein was pulled down using an antibody against NEDD9 and the
resulting protein run on a polyacrylamide gel and bands cut for LCMS analysis. (b) Coomassie
stained polyacrylamide gel of the immunoprecipitate from the NEDD9 pull-down showing the
locations (numbered arrows 1-6) of bands excised for LCMS analysis. The right hand panel is a
Coomassie stained polyacrylamide gel of protein extracted from the whole cell lysate (input) as a
control. (¢) An illustration of the NEDD9 Protein identification probability (PIP) for each of the
corresponding numbered bands collected in the control and TGFp treatment conditions (b). (d)
Representation of how the PIP values correspond to bands seen by western blot in a seven day
mammosphere culture of MDA-MB-231 +/- 100nM TGF. The western blot figure is representative
of at least three biological replicates.
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When we turned to the PIP values in the control condition, only band 4 (p105"") was identified as
NEDD9 with 100% confidence. Figure 2.4d represents the location of the analysed bands, and PIP
percentage, in a representative western blot for MDA-MB-231 with or without TGFf treatment.

The uppermost band (2) was a non-specific antibody artefact targeted by neither siRNA, short-hairpin nor
by CRISPR-Cas9 genome editing, but interestingly it was differentially regulated by TGFp. This indicates
that it is probably a NEDD9 partner protein, and further analysis of the LCMS data confirmed that Breast
cancer anti-oestrogen resistance protein 1 (BCAR1), a known NEDD9 interacting protein, was identified
with 100% probability in bands 2 and 3 in both conditions. What is not clear, however, is why this band

decreases in intensity in response to an increase in NEDD9 expression and vice versa.

The conclusion from this experiment is consistent with our observations by western blot, that of the three
bands identified in the region of the NEDDO9 full-length protein, only the lowest band, corresponding to
p105"5F! was identified as NEDD9 with a 100% probability in both conditions. The band corresponding to
p115"! was only identified as NEDD9 in the TGFp condition, indicating that this is the phosphorylated
form as identified by Law et al (Law et al. 1998) and that this phosphorylation is induced by TGFj

signalling.

2.5 Characterisation of NEDD?9 post-translational modifications

Next, I proceeded to investigate NEDD9 phosphorylation to predict substrate and kinase binding motifs.
The presence of specific motifs may indicate the role of TGFp activated, NEDD9 dependent pathways. To
this aim, I immunoprecipitated NEDD9 from whole-cell extracts of MDA-MB-231 mammosphere
cultures treated for seven days with vehicle control (DMSO), 100 nM TGFp, or 100 nM TGF plus 10
uM TGFp inhibitor SB431542. As previously, the IP was performed using Dynabead-linked NEDD9
antibody, the immunoprecipitated protein was then eluted from the beads and phosphopeptides enriched
using titanium dioxide [Methods 3]. The digestion, enrichment and LCMS analysis were performed by
the CRUK-CI core proteomics team following the outlined workflow (figure 2.5a). Figures 2.5b-d
represent the identified phospho-peptides in each of the treatment conditions; vehicle control (figure
2.5b), TGFB (figure 2.5¢) and TGFpB plus TGFp inhibitor SB431542 (figure 2.5d). As previously
observed by western blot, NEDD9 protein abundance was higher in the TGF condition and the LCMS
analysis confirmed this, with a protein coverage of 43.53% when compared to control (24.22%) and
TGFp inhibitor plus TGFB (17.39%). The colour code for individual amino acid modifications relates to

the percentage probability that the detection was correct.
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Figure 2.5. Characterisation of NEDD9 post translational modifications

(a) Schematic demonstrating the workflow for Ti02 enrichment LCMS identification of NEDD9 post-
translational modifications. Large scale seven-day MDA-MB-231 suspension cultures +/- 100nM TGFf
and +/- 10uM TGFP inhibitor SB431542 were prepared. Following cell lysis NEDD9 protein
immunoprecipitated, followed by Ti02 phospho-peptide enrichment and LCMS analysis of phospho-
peptides. (b-d) Primary structure maps of the NEDD9 protein showing LCMS coverage (green
highlight) and phosphorylated amino acids identified. Maps correspond to the following treatment
conditions; vehicle control (b), TGFB (¢) and TGF plus TGFp inhibitor SB431542 (d). Colour codes
relate to the percentage probability of the post-translational modification identification being correct.
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Although a higher coverage was achieved in the TGFp condition, the individual phosphorylation sites
which were identified in the control and TGFf inhibitor conditions, were also all identified in the TGF3
condition as illustrated in the Venn diagram (figure 2.6a). However, not all individual modified amino
acids identified in the TGFp condition were covered in the control and TGFP conditions so it was
impossible to comment on whether they would have been modified if they had been included.
Nevertheless, there remained a large number of amino acids which had coverage in all three conditions

but were modified in the TGFf condition alone.

Using this data I then returned to the literature on NEDD9 phosphorylations previously identified, and
any published links with cancer by querying the PhosphoSitePlus® online analysis tool
(www.phosphosite.org, as of April 2020). Figure 2.6b describes the NEDD9 phosphorylated residues

detected in each treatment condition and the protein domain in which the modifications are located. The
number of references represents the number of papers referencing the particular modification in both low
throughput and high throughput analyses, and the cancer types in which these modifications are
significant in relation to disease. From the list of TGFp specific phosphorylation sites, I selected the
modifications where coverage was present in all three treatment conditions (highlighted with bold
borders) and performed phospho-motif prediction using the PhosphoSitePlus® online analysis tool (figure
2.6c) This tool predicts both phosphorylation-based substrate motifs (recognised by
serine/threonine/tyrosine kinases or phosphatases) and phosphorylation-based binding motifs (motifs that
once phosphorylated become targets for binding of phosphorylated residues). In the NEDD9 substrate
domain, phosphorylation at Tyrosine 317 was identified with high confidence; this residue is within a
motif associated with a substrate-binding domain for SHP1 (or PTPN6), a member of the protein tyrosine
phosphatase family (PTP). SHP1 has known roles in numerous cellular mechanisms including oncogenic
transformation. The same residue (Y317) is also identified with high probability in a motif for binding of
Src Kinase substrates, in the TGFB condition alone. The interaction of NEDD9 with Src, and the PI3K
and MAPK pathways have been previously demonstrated (Izumchenko et al. 2009; Zheng and
McKeown-Longo 2002). The NEDD9 substrate domain (SD) is known to contain multiple YxxP motifs
which are phosphorylated by members of the Src family of kinases which, once phosphorylated, act as
binding sites for proteins containing SH2 regulatory module domains thus coordinating multiple
signalling networks. These data suggest an interaction between TGFp signalling and activation of Src
signalling independent of integrins, as is the usual method of activation. Izumchenko and colleagues
demonstrated that NEDD?9 is not only a target of FAK and Src kinases but is also involved in a feedback

loop supporting their continuous activation (Izumchenko et al. 2009).
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CONTROL

SB

TGF BETA

Amino acid Location Sequence

TGFB Control SB References |Cancer Domain
337 Many inc. Breast Substrate domain
Y166 578 Many inc. Breast Substrate domain
Y168 6 Lung, Pancreatic, L Substrate domain
78 Many inc. Breast Substrate domain
5182 22 Liver, Lung, Gastric, Esophageal, Ovarian Substrate domain
T184 8 Bile, Lung, Ovarian Substrate domain
7 Gastric, Lung Substrate domain
121 Many inc. Breast Substrate domain
NONE Substrate domain
229 Many inc. Breast Substrate domain
238 Many inc. Breast Substrate domain
5 Colorectal, Esophageal, Ovarian, Melanoma [Substrate domain
b Breast Substrate domain
b Esophageal Substrate domain
6 Gastric, Liver, Lung Substrate domain
708 Many inc. Breast Substrate domain
NONE Substrate domain
4 Liver Substrate domain
388 Many inc. Breast Substrate domain
4 Colorectal Substrate domain
NONE Substrate domain
NONE Serine rich
NONE Serine rich
NONE Serine rich
66 Many inc. Breast DUF3513
48 Many inc. Breast DUF3513
NONE DUF3513
S677 NONE DUF3513
PTM site probability Site not covered
25%-45%
45%-75%
75%-99%
I 55%-100%
Modification Motif prediction

Threonine |331 - 334 |ETSE XX[pS/pT]E G protein-coupled receptor kinase 1 substrate motif
Threonine |331 - 335 |ETSEK [E/D][pS/pTIXXX b-Adrenergic Receptor kinase substrate motif
Threonine (331 - 336 [ETSEKA X[pS/pTIXXX[A/P/S/T] |G protein-coupled receptor kinase 1 substrate motif
Serine 333 - 335 |SEK [pS/pTIX[R/K] PKA kinase substrate motif

Serine 333 - 335 |SEK [pS/pTIX[R/K] PKC kinase substrate motif

Figure 2.6. NEDD9 phospho-motif prediction
(a) Venn diagram illustrating the number of phosphorylated residues common and unique between
treatment conditions.(b) NEDD9 phosphorylation modifications identified by Ti02 enrichment LCMS

in all three treatment conditions

and NEDD9 protein location. Number of references

(PhosphoSitePlus ® as of April 2020) for each modification and cancer types to which this
modification is referenced. Colour codes (as in figure 5) relate to the percentage probability of the
post-translational modification identification being correct. Grey boxes indicate where protein
coverage was not achieved in the control or TGFf inhibitor conditions corresponding to the TGFf
induced phosphorylation detected. Modifications highlighted by bold borders, where coverage for all
three treatment conditions are present was analysed for phopho-motif prediction using the
PhophoSitePlus® online analysis tool (c).




The other phosphorylated residues which appear with high confidence to be activated by TGFp alone and
with complete data from the other two conditions were in the Serine rich region and the DUF (domain of
unknown function) of the NEDD9 protein at S572 and S667, respectively. Phosphorylation at S572
predicts a MAPKAPK?2 substrate-binding motif, MAPKAPK?2 is involved in the MAPK signalling
network and is a known downstream target of TGFp signalling. Also predicted at S572 is a GSK3 kinase
substrate motif. GSK3 (Glycogen Synthase Kinase3) is a serine/threonine kinase and has been implicated
in the phosphorylation of over 100 different proteins in a variety of different cellular processes, including
cellular proliferation, migration, glucose regulation, and apoptosis (McCubrey et al. 2014). Predicted at
the S667 phosphorylation site motif were two kinases that regulate response to DNA double-strand
breaks: ATM protein kinase Member of PIKK (PI3K-like protein kinase family) which is also involved in
metabolic processes and cell signalling and DNA Dependent protein kinase (DNA-PK) which controls
DNA double-strand repair by Non-homologous end joining (NHEJ). DNA-PK is known to cooperate with
ATR and ATM in the phosphorylation of proteins involved in the DNA damage checkpoint process
(Blackford and Jackson 2017). As DNA damage is fundamental in the development and progression of
cancer, it is interesting that these data suggest such mechanisms may be increased by TGFf signalling,
dependent upon NEDD9 phosphorylation. Also interestingly, neither of these site phosphorylations have
been previously reported to play any significant roles in the pathogenesis of cancer. Other sites of
modification identified with less confidence in this analysis were phosphorylations at T332 and S333.
These phosphorylations identified possible binding motifs for G protein-coupled receptor (GPCR) kinase
substrates and Protein Kinase A/C (PKA, PKC) substrates. GPCR mediated transactivation of TGFBR1
has been described as leading to increased cellular phospho-Smad2 levels via RhoA/ROCK signalling
(Chaplin et al. 2017).

Interestingly, due to the nature of the experimental protocol, in this analysis, several interacting proteins
were co-immunoprecipitated alongside NEDD9, and so were also identified by LCMS with high
confidence. These proteins included; the Cas protein family members BCAR1 and BCAR3 which also
function as docking proteins in the regulation of tyrosine kinase based signalling pathways. This finding
corroborates the results in section 2.3, where BCAR1 was co-immunoprecipitated in the NEDD9 protein
band validation experiment. Also identified with high confidence as a NEDD9 interacting protein was
CITEDI1, which is a SMAD co-activator that functionally enhances SMAD-mediated transcription by
strengthening the SMAD/p300/CBP transcriptional complex; and the pyruvate kinase PKM?2, an enzyme

involved in the regulation of glucose metabolism.
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Together these results confirm that in the MDA-MB-231 cell line NEDD9 undergoes phosphorylation in
response to TGFp signalling at specific amino acid residues. Analysis of these residues indicates that
NEDD9 phosphorylation at Y317 is dependent on Src kinase activity in response to TGFf signalling, and
not via the canonical integrin signalling route, consistent with the findings of others (Zheng and
McKeown-Longo 2002; Izumchenko et al. 2009). Also indicated, is that signalling pathways involved in
the control of DNA damage repair and metabolic processes are regulated by phosphorylation of NEDD9

in response to TGFf treatment.

2.6 Whole proteome analysis in response to TGF[ signalling

The previous experiments detail the range of methods I used to characterise changes in the expression,
and post-translational modifications of NEDD?9 in response to TGF signalling, and how I used these data
to indicate signalling pathways and processes which may be regulated by these changes. With the aim of
both validating these findings and better understanding the interplay between TGFp signalling, NEDD9
expression and pathway activation I moved on to the analysis of the global proteome by mass
spectrometry. In using this method I was able to perturb NEDD9 expression to identify pathways that are
activated in response to TGFp, and dependent upon NEDD9. I performed both whole proteome and
phospho-proteome analysis of whole-cell extracts from MDA-MB-231 mammosphere cultures expressing
either a short-hairpin empty vector or short-hairpin targeting NEDD9 mRNA [methods 9] in either the
no-treatment condition or 100 nM TGFf 24 hour treatment condition. Ideally, this analysis would have
been performed on 7-day mammosphere cultures, however, because of the need for equal protein quantity
in each sample and the fact that TGFp induces cell proliferation, this was not possible. Eleven biological
replicates were collected in total to allow for quantitative analysis in one 11-plex Tandem mass tag-rapid
immunoprecipitation mass spectrometry of endogenous proteins (TMT-RIME) experiment. TMT are
isobaric chemical tags that allow for multiplexing in quantitative proteomics experiments. Their use
allows for the simultaneous analysis of multiple samples from different treatment groups and gives results
that are quantitative and directly comparable. We collected two replicates from the empty vector, no
treatment control condition, and three from each of the other three conditions. Biological replicates were

prepared from successive passages for both cell lines.
As a control for TGFp induction of NEDD9 expression, the average levels of NEDD?9 protein detected in

each condition normalised to TMT reporter levels were calculated (figure 2.7a). NEDD9 protein

expression was induced by TGFp treatment, and these levels were significantly reduced in the NEDD9
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short-hairpin cell line in the presence of TGFP. However, basal NEDD9 expression levels were not
significantly reduced in the presence of the short-hairpin. Table 2.2 below summarises the numbers of
total peptides and proteins detected and the number of differentially expressed proteins in each contrast

tested.

Total Number

Peptides 92976
Proteins 8502,
ShEV_TGFBeta - ShEV_Vehicle 344
ShN9_TGFBeta - ShN9_Vehicle 477
ShN9 TGFBeta - ShEV TGFBeta 87,

Table 2.2 Total number of peptides and proteins detected in the full proteome LCMS analysis, and the total

number of differentially expressed proteins detected in each contrast listed.

The three contrasts listed were selected because when combined, they would identify proteins and
pathways which were both regulated by TGFp and dependent upon NEDD9. Contrast one (ShEV TGF
Beta - ShEV Vehicle) identified proteins regulated by TGFp, and the second contrast (ShN9 TGF Beta -
ShN9 Vehicle) identified proteins regulated by TGFp in the absence of NEDD9. The final contrast (ShN9
TGF Beta - ShEV TGF Beta), compared the proteins regulated in contrasts 1 and 2 to hopefully identify
proteins that are both regulated by TGFP and dependent on NEDDO9. Figure 2.7b represents the fold
change in peptides detected in the empty vector short-hairpin TGF condition versus the empty vector
short-hairpin no-treatment condition (contrast 1), and figure 2.7c represents the same analysis in the
empty vector short-hairpin TGFB versus NEDD9 short-hairpin TGFB, where NEDD9 expression was
stably perturbed (contrast 3). The proteins represented by both the red and blue coloured dots have
significant (p=<0.05 absolute logFC >=1) change in expression. Only the proteins with higher fold
change values (blue dots) were annotated for visualisation purposes. TGF treatment caused an increase
in protein expression, this can be seen in both table 2.2 (contrast 1 ) and figure 2.7b, and this increase in
expression also occurs where NEDD9 was perturbed in contrast 2 (table 2.2). However, when we compare
changes in expression in response to TGFf in the NEDD9 normal versus NEDD9 knockdown condition
(contrast 3) (table 2.2 and figure 2.7¢), it is clear that there was a reduction in the number of proteins that

are differentially expressed.
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Figure 2.7. MDA-MB-231 whole proteome analysis

(a) Mean NEDD9Y peptide abundance in each condition, units represent relative intensity of signal
compared to a TMT reporter. Error bars represent +s.d. of three independent biological replicates (two in
EV control condition). Volcano plots representing the the log2 fold change values of peptides detected
which are (b) TGFp specific in the empty vector control vs. empty vector TGF condition, and (c) both
TGFB/NEDD?9 specific in the short-hairpin NEDD9 plus TGFp vs. empty vector TGFf condition. Values
represent Log2 fold change and coloured dots (red and blue) represent peptides which have a significant
(p=<0.05) change. (d) Peptide detection fold change in the two comparisons; Sh-EV control vs. Sh-EV
TGEFp, Sh-N9 control vs. Sh-N9 TGF, to identify peptides that are both dependent upon TGFp signaling
and NEDD?9. Log?2 fold change values of >1.5 and <-1.5 were included where the adjusted p value was
<0.05. (e) Table of proteins significantly up- or down-regulated by TGFp treatment, proteins highlighted
in blue are those which are NEDD9 dependent and TGF specific.
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Fold changes in the highly significant (Log2FC =>1.5 or <-1.5, and adjusted p=<0.05) group of peptides
are illustrated in figure 2.7d. Here, this radar plot illustrates the proteins which were differentially
expressed in response to TGFf treatment (contrast 1) in green and compares them to proteins that were
differentially expressed in response to TGFp treatment in the NEDD9 knock-down condition (contrast 3)
in blue. The full list of differentially expressed proteins in response to TGFf treatment is listed in figure
2.7e, and proteins that demonstrated a change in expression between contrast 1 and contrast 3 are
highlighted in blue. We hypothesise that the regulation of these proteins is TGFp specific but dependent
on NEDD?9.

Of this NEDD9 dependent and TGFp specific list of proteins, many are involved in cell adhesion and
integrin binding. For example, COL5A1, SEM7A, CCN2 and LAMC2 were all down-regulated where
NEDD9 was perturbed, this indicates that NEDD9 is important in mediating cell adhesion and
integrin-binding processes via these proteins/pathways. WNT5B, also in the NEDD9 dependent and
TGEFP specific group, is a key regulatory factor in Wnt signalling (along with WNTS5A) which activates
the Wnt pathway via both canonical and non-canonical mechanisms. WNT5B was recently shown to be a
key regulatory factor in the stem-like phenotype of basal breast cancer (Jiang et al. 2019). ANGPTL4 was
also differentially regulated in this group, this is a gene known to play roles in many biological processes,
but is best characterised for its role in regulating lipid metabolism. Under hypoxic conditions, ANGPTL4
plays a key role in regulating the processes of cancer progression and metastasis and is directly induced
by TGFpB via SMAD signalling in breast cancer metastasis to the lung (Padua et al. 2008). Here the
authors demonstrate a role for secreted ANGPTL4 in the metastatic processes of intravasation from the
primary tumour and extravasation at metastatic sites via disruption of cell-cell junctions. Interestingly,
recently ANGPTL4 has also been identified as an inhibitor of Wnt signalling (Kirsch et al. 2017), a
signalling pathway that results in the expression of genes regulating cell proliferation, migration and
differentiation. Another component of the Wnt signalling pathway is GSK3, a substrate motif for which
was identified as being activated in NEDD9 by TGFf treatment in section 2.4. Our data point towards a
combination of NEDD9 dependent WNT and ANGPTL4 signalling in response to TGFp treatment
occurring in our cell culture model, which could influence downstream cellular responses such as survival

and differentiation through the integrin pathway.

This analysis identified a group of proteins, the expression of which were differentially regulated in
response to TGFB. When NEDD9 expression was perturbed, a number of these proteins were no longer
regulated by TGFP signalling, indicating that their regulation is dependent upon the presence of NEDDO.

These proteins broadly fall into the category of proteins regulating the processes of cell adhesion and
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integrin signalling, however, two proteins WNTS5B and ANGPTL4 have previously been demonstrated to
play roles in breast cancer oncogenesis. As mentioned in the introduction, Wnt signalling has been
implicated in the regulation of NEDD9 in gastric and colorectal cancer (Y. Li et al. 2011; C. Zhang et al.
2019). The 2019 publication of Jiang and colleagues describe a role for Wnt signalling in the regulation of
the stem-like phenotype in basal breast cancer (Jiang et al. 2019), but they did not investigate any
association with NEDD9 expression. When considered together with published data, this analysis
indicates a role for NEDD9 in TGFf regulated Wnt signalling in the regulation of stem-cell processes in

the Claudin-low subtype of breast cancer cell lines.

2.7 Differential gene expression analysis in response to TGF[ signalling

Next, with the aim of better understanding the association between TGFP signalling, NEDD9 expression
and signalling pathway activation, in addition to validating the signalling pathways identified in both the
phospho-proteome and global proteome analyses, I performed total mRNA sequencing analysis. This
analysis was performed to identify signalling pathways that are both activated in the presence of TGFp,
and dependent upon NEDD9. MDA-MB-231 mammosphere cultures were prepared, with NEDD9
expression perturbed by siRNA as previously described, in the vehicle control, 100 nM TGF, or 100 nM
TGEFp plus 10 uM TGF inhibitor SB431542 24 hour treatment conditions. Total RNA was collected at
48 hours post-experiment initiation [methods 13], a time point selected to allow for maximal siRNA
activity and sufficient TGFf treatment for transcriptional activation and detection of downstream effects.
Library preparation, RNA sequencing and bioinformatic analysis were performed as outlined [methods 6].
For the data processing, differential expression was analysed in the scramble siRNA control versus
scramble siRNA TGFp condition to identify TGFP specific responses; the scramble siRNA TGFf versus
NEDD?9 siRNA TGEFB to identify TGFP specific, NEDD9 dependent responses; and a third no treatment
day 0 versus day 2 contrast to control for gene expression induced by suspension mammosphere culture.
It is known that the process of maintaining the MDA-MB-231 cell line in suspension mammosphere
cultures induces autocrine TGFP signalling (Bruna et al. 2012), however, the levels of TGF signalling
are significantly lower in the no treatment control condition than in the TGFp treatment condition. The

number of upregulated and downregulated genes in each contrast is listed below in table 2.3:
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Contrast Up regulated Down regulated

D2 control - DO control 8196 6423
si-Scramble Beta - si-Srcamble Control 6213 5500
si-Scramble Beta - si-NEDD9 Beta 5233 4339

Table 2.3. The number of differentially expressed genes identified by mRNA-seq in each listed contrast.

First, to validate TGFp signalling activity in the assay I used the molecular signatures database (MSigDB)
to examine the data from the scramble siRNA TGFf versus NEDD9 siRNA TGFf comparison for gene

set enrichment scores (ES) using the oncogenic signature gene set (www.gsea-msigdb.org). This dataset is

a curated collection of gene sets representing signatures of cellular pathways which are frequently
dysregulated in cancer. As anticipated, this analysis showed a correlation in the scramble siRNA TGFf
condition with genesets upregulated in TGFp signalling, and samples from the NEDD9 siRNA group
negatively correlated with this signature (figure 2.8a). To further validate this observation, I looked at the
normalised expression levels in transcripts per million (TPM) of the SMAD2 and SMAD3 components of
the TGFP pathway. SMAD2 expression remained relatively stable across all conditions (figure 2.8b).
Interestingly, however, TGFp treatment significantly reduced levels of SMAD3 expression (paired
two-sample t-test p=<0.05), and this was further decreased where NEDD9 expression was perturbed by
siRNA (figure 2.8c). SMAD?3 has previously been shown to interact with members of the p130Cas family
in response to TGFp treatment, and in 2000 Liu et al (X. Liu et al. 2000) demonstrated how this
interaction triggers proteasomal degradation of NEDD9 and subsequent increases in NEDD9 mRNA
expression in a positive feedback loop. This was followed by the observations of Kim et al in 2008, and
Wendt et al in 2009 that this interaction was responsible for the downregulation of canonical TGFf
signalling pathways in cancer and the increased activity of non-canonical pathways such as MAPK
signalling pathways (W. Kim et al. 2008; M. K. Wendt, Smith, and Schiemann 2009). However, the effect
I observed was in the opposite direction, where NEDD9 perturbation resulted in a decrease in SMAD3
expression. This result is, nonetheless, still interesting and merits further investigation. Analysis of
NEDDO9 normalised TPM expression levels (figure 2.8d) showed TGF treatment significantly increased
NEDD9 expression (paired two-sample t-test p=<0.05, dashed bracket), and in the presence of the
NEDD?9 siRNA this increase was significantly reduced, in both the control and TGFp conditions (paired
two-sample t-test p=<0.05, bold brackets) but not in the TGFp plus TGFp inhibitor condition. Next, I
queried the data for signatures enriched in processes we had observed in previous investigations. In
section 2.5, 1 identified that BCAR1 was immunoprecipitated alongside NEDD9, and was also
differentially regulated by TGFf treatment.
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Figure 2.8. RNA-seq analysis in the scramble siRNA TGFf versus NEDD9 siRNA TGFp contrast
Enrichment plots for correlation with oncology gene sets from the molecular signatures database
(MSigDB, www.gsea-msigdb.org) for TGFB (a), WNT (f), MEK (g) and AKT (h) signalling
signatures. RNA expression for SMAD2 (b) SMAD3 (¢) NEDDO9 (d) and BCARI1 (e) in transcripts per
million (TPM) from day 2 mammosphere cultures in vehicle control, 100 nM TGF, or 100 nM TGFf
plus 10uM TGF inhibitor SB431542 (SB-Beta) 24 hour treatment conditions, in the si-scramble
versus si-NEDD9 group. Significance calculated from paired two sample t-test, p=<0.05. Error bars
represent +s.d. of four independent biological replicates. (i) Western blot in the same treatment
conditions for pERK1/2, ERK and NEDD9 and expression with Beta Actin as a loading control. The
western blot figure is representative of at least three biological replicates.
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The analysis of BCAR1 expression in TPM (figure 2.8e) followed the same pattern of reduction in
expression in response to TGF[ treatment, but this reduction was not significant (paired two-sample t-test
p=<0.05, dashed bracket). There was, however, a significant reduction in BCAR1 expression in the
NEDD9 siRNA group in all treatment conditions (paired two-sample t-test p=<0.05, solid brackets), and
also the same pattern of change in expression was observed in response to TGFp treatment. This indicates
that the association between NEDD9 and BCARI is subject to regulation by a yet undefined mechanism,
and not purely stoichiometric. In the whole proteome analysis (section 2.6), WNT5B was identified as a
protein that was both TGFp specific and NEDD9 dependent. When we looked at the enrichment plot for
gene sets upregulated in Wnt signalling (figure 2.8f), the scramble siRNA TGFp condition demonstrated a

positive correlation, and samples from the NEDD9 siRNA group negatively correlated with this signature.

As previously discussed in section 2.5, the IP NEDD9 TiO2 enrichment identified a Src Kinase
substrate-binding motif at NEDD9 Y317. Other groups have demonstrated an association between
NEDD9Y, Src signalling, and the PI3K and MAPK pathways, including a NEDD9 dependent positive
feedback mechanism for the continuous activation of Src (Izumchenko et al. 2009; Zheng and
McKeown-Longo 2002). Src kinases regulate a wide range of cellular effects via their influence on

several signalling pathways as outlined below:

i

1 1

ATkl

cell adhesion cell proliferation cell mobility h

%oh@

Cell signalling pathways induced by Src kinases (Jiao et al. 2018)

Investigation of oncology gene sets downstream of Src indicated that the scramble siRNA TGFp sample
group was enriched in both the MEK (figure 2.8g) and AKT (figure 2.8h) gene sets suggesting that
signalling via both the RAS/RAF/MEK/ERK and PI3K/AKT/mTOR pathway may also be occurring in
response TGFp. Again, samples from the NEDD9 siRNA sample group were negatively correlated with
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both of these gene signatures. However, at the protein level (figure 2.8i), whilst we saw an increase in
ERK signalling, represented by an increase in phospho-ERK in response to TGFp treatment, this response

did not appear to be dependent upon NEDD9.

Next, to gain an overview of the cellular processes involved in the experiment, I performed GO analysis
(genentology.org 2019-01-01. 10.5281/zenod0.2529950) (Gene Ontology Consortium 2021; Ashburner et
al. 2000) on the comparisons: 1) scramble siRNA control versus scramble siRNA plus TGFB and 2)
scramble siRNA TGFp versus NEDD9 siRNA plus TGF. These comparisons aimed to identify processes
that were primarily enriched by TGFp treatment, and secondarily dependent upon NEDD9. To perform
this analysis, I selected genes that were up-regulated (>2 Log?2 fold change, p adjusted<0.05) in condition
1 (scramble siRNA control versus scramble siRNA plus TGFB) (n=1034), and are therefore TGF[
dependent. I then compared this analysis to the GO analysis for up-regulated genes (>2 Log2 fold change,
p adjusted<0.05) in condition2 (scramble siRNA plus TGFp versus NEDD9 siRNA plus TGFp) (n=204).
What was immediately apparent was the number of significantly (>2 Log2 fold change, p adjusted<0.05)
upregulated genes was greater than fivefold higher in condition 1 when compared with condition 2.
Figure 2.9 shows the Go analysis of significantly up-regulated genes in condition 1, the GO terms listed
demonstrate fold enrichment for over-represented GO annotations (FDR p<0.05) in each of the three
sub-ontologies; biological process, molecular function and cellular compartment. The analysis of
biological processes show the majority of the upregulated genes with higher fold change values were
involved in biological processes related to DNA replication, this is probably a reflection of the increased
cellular self-renewal we observe in this condition. Also significantly enriched (FC 7.91) is SMAD protein
phosphorylation which would be expected as a response to TGFp treatment. Also evident in the biological
process sub-ontology was an increase in ERK signalling, as discussed earlier. The molecular function
analysis reveals an enrichment of processes involved in signalling receptor activity and growth factor
binding, consistent with TGFp signalling activity. The increase in signatures involving extracellular
matrix and collagen in the cellular compartment sub-ontology is likely a reflection of the increase in
NEDD9 expression in this condition and the role of NEDD9 as a scaffolding protein. The inclusion of
annotations relating to the extracellular space in this ontology is an indication of the role of NEDD?9 in
integrin signalling since integrins are the primary transmembrane linkers between the actin cytoskeleton
and the extracellular matrix.

When I compared the list of GO annotations from both conditions, not one of the terms in condition 1 was
present in condition 2 analysis (not shown). This indicates that NEDD?9 is necessary for the regulation of

the processes described in condition 1.
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Figure 2.9. GO analysis of the scramble siRNA Control versus the scramble siRNA TGFp

conditions

Fold enrichment values for overrepresented GO annotations using (genentology.org 2019-01-01.
10.5281/zen0do.2529950) FDR P < 0.05. GO enrichment analysis for upregulated genes showing
>2 log FC (p<0.05) increase in expression in the si-Scramble Control versus si-Scramble Beta

treatment condition. The same gene expression list was used for analysis of each of the sub-
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In this analysis, I both strengthened the findings of the previous analyses and further investigated the
cellular processes which are both activated by TGFp treatment and dependent upon NEDD9. Through
analysis of gene expression, I validated the effects on TGFp signalling, and the expression of SMADs,
NEDD9 and BCAR1, a NEDD9 partner protein, which is induced by TGFp treatment. I was also able to
reinforce earlier observations that Wnt signalling and Src activation are likely mechanisms by which
TGFp induces breast tumour initiating cell self-renewal in a NEDD9 dependent manner. Evident from the
analysis of gene ontology annotations is that the processes of DNA damage repair, and DNA replication,
and extracellular matrix remodelling are increased in the presence of TGFp treatment and are dependent

upon NEDD?9.

2.8 Characterisation of NEDD?9 isoform expression.

There are 16 NEDD9 transcript variants identified to date, however, as previously discussed, only four of
these variants are protein-coding. These four variants are expressed from two different transcriptional
start sites (figure 1.2), with only variants one and three expressing a full-length protein product. The
expression of these different isoforms has not been investigated with regards to cancer incidence and
survival. Due to the differences in isoform expression and the probable changes in the resulting protein
sequence, I was curious to know if these differences had any effect on NEDD9 function. NEDD9 variant
three has a transcription start site which is upstream of that for variant one and also includes an alternative
in-frame exon, whereas isoform four encodes a slightly shorter protein product with one alternative exon
to both variants one and three. Could differences in isoform expression, which would be mirrored in the
amino acid sequence of the resulting protein confer different binding abilities for kinases or other NEDD9
interacting proteins? And does TGFp treatment lead to the expression of alternative isoforms compared to

the no-treatment control?

To address this question I first looked at the expression of NEDD9 isoforms in a large clinical cohort, the
Cambridge University hospitals Personalised Breast Cancer Program study (PBCP). The PBCP program
is based at Addenbrooke’s hospital, Cambridge, and aims to sequence the RNA and DNA of 2000 breast
cancer patients. Analysis of the RNA-seq data for NEDD9 isoform expression was carried out by Raquel
Manzano Garcia, another PhD student in the Caldas lab. To estimate Transcript Per Million (TPM) values,
Raquel employed Salmon (Patro et al. 2017) version 0.14.1 on read-based mode with default parameters.
The plots in figures 2.10a and 2.10b represent RNA-Seq analysis of NEDD9 isoform expression in

transcripts per million (TPM) of normal samples (figure 2.10a) and breast tumour samples
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Figure 2.10. NEDD?9 isoform expression

(a) RNA-Seq NEDDY isoform expression analysis of normal samples from PBCP data (n=6).
Expression is normalized to transcripts per million (TPM). (b) RNA-Seq NEDD9 isoform
expression analysis of patient breast tumour samples from PBCP data (n=607). Expression is
normalized to transcripts per million (TPM). Isoforms highlighted in yellow in figures a and b are
the known protein coding variants. (¢) NEDD9 isoform expression of all known isoforms from
cell line RNA-Seq analysis. Data represents total counts for each isoform detected. Isoforms
highlighted in yellow are the known protein coding variants. (d) Normalised TPM expression of
NEDD9-201 isoform from cell line RNA-Seq analysis in vehicle control (DMSO), 100nM TGF,
or 100nM TGFB plus 10uM TGFp inhibitor SB431542 seven day treated MDA-MB-231
suspension cultures. NEDD9 was perturbed using commercial SiRNA. Error bars represent +s.d.
of three biological replicates for no-treatment control and four for siRNA conditions.
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(figure 2.10b). In this analysis, only 15 of the 16 known transcript variants were detected, with the
protein-coding variant NEDD9-202 not found. What is evident is that isoform expression overall was
comparable but higher in some of the protein-coding isoforms highlighted in yellow. A similar pattern of
expression was seen in both the normal and tumour cohorts, although the number of samples in the
normal group is small. The isoforms with the highest expression appear to be NEDD9-201, and
NEDDO9-208 (variants two and three). NEDD9-208 encodes a full-length protein product but more
surprisingly, the variant with the highest expression levels is NEDD9-201. This variant lacks several
exons and encodes a product of only three exons with a distinct C-terminus and truncated SH3 domain,
resulting in a protein with a predicted molecular weight of 19kDa. Unfortunately, this protein is not
detected by the commercial antibody used in my analyses (ab18056, Abcam), as the epitope recognised
by this antibody is not present in the truncated protein. Because of this, it was not possible to evaluate
NEDD?9-201 protein expression by western blot using this antibody. Similarly, when I returned to the full
proteome analysis data to query isoform expression, only peptides common to all four isoforms were

identified, therefore it is not possible to use this data to evaluate differential isoform expression.

To investigate if this pattern of expression is mirrored in MDA-MB-231 mammosphere cultures, and if
any changes were observed in response to TGFp treatment, I returned to the RNA-seq analysis. Figure
2.9¢ shows the total normalised counts for NEDD9 isoform expression in the control and scramble siRNA
condition where NEDD9Y expression was not perturbed. Expression across the sixteen known transcripts is
shown with protein-coding variants highlighted in yellow. The overall detection of NEDD9 transcripts
was relatively low with only three transcripts identified, but the predominant isoform detected was the
protein-coding NEDD9-201 isoform. Interestingly, neither analysis identified NEDD9-202 (transcript
variant 1) which is the other isoform known to encode the full-length protein. Further investigation of
NEDD?9-201 expression in all sample conditions (figure 2.10d) shows that this isoform is induced by
TGFp treatment and expression is abrogated by treatment with the TGFp inhibitor, indicating TGF[
dependent expression. This isoform is targeted by the siRNA treatment, however, the reduction in
expression by NEDD9 siRNA treatment in the TGFB condition is not statistically significant (paired
two-sample t-test p=0.122).

What is not known from this analysis is whether the failure to detect all NEDD9 isoforms is because they
are genuinely not expressed, or insufficient read depth in the sequencing protocol. Illumina recommends a
read depth of between 100-200 million reads to differentiate isoform expression; in this experiment, we
obtained a depth of between 35 million and 56 million reads per sample. However, from these data, it can

be seen that the expression of the NEDD9 isoforms is not uniform in normal tissue or breast cancer and
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that expression of the NEDD9-201 isoform is both predominant and regulated by TGFp in mammosphere
culture from the Claudin-low subtype cell line MDA-MB-231. How this data relates to the previous
proteomic investigations is not clear. For the proteomic analyses involving immunoprecipitation of
NEDD9Y, the commercial antibody which does not recognise the NEDD9-201 isoform was used. This
means that this isoform which is recognised as predominantly expressed by mRNA-seq analysis was not
represented in the NEDD9 phospho-proteome analysis, however, the signalling pathways suggested by
the phospho-proteome analysis were validated in the RNA-seq analysis. The significance of the

NEDD9-201 truncated transcript warrants further investigation.

2.9 Summary

In this chapter, I used several different experimental techniques to fully characterise NEDD?9, its
expression and post-translational modification in a Claudin-low breast cancer subtype cell line in response
to TGFp signalling. I demonstrated that NEDD?9 is frequently overexpressed in many cancer types, but
that this overexpression does not correlate to breast cancer subtype or overall survival in the METABRIC
cohort. I demonstrated that TGFf induces NEDD9Y expression only in Claudin-low cell lines prototypic of
TGFp oncogenic effects. Both the proteomic and genomic investigations highlighted similar signalling
pathways which may be responsible for NEDD9 dependent TGFp effects in the Claudin-low subset,
principally the Wnt signalling pathway and mechanisms downstream of Src kinase activity. NEDD9
dependent TGF[ activation of Src kinase activity suggests cross-talk between the MAPK/ERK and
PI3K/AKT signalling pathways may be occurring, and coordination between these pathways is becoming
the focus for an increasing number of studies involving the use of dual AKT/ERK inhibitors in cancer
treatment (Cao et al. 2019). Finally, I explored the differential expression of NEDD9 isoforms both in our
cell culture system, and in the PBCP cohort of breast cancer patients, and found that surprisingly the
truncated isoform NEDD9-201 appeared to be the predominantly expressed isoform in both cohorts. In
the following chapter, we will build upon these findings to identify partner proteins binding with NEDD9

in response to TGFf treatment.
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3. Identification of NEDD?9 interacting proteins

3.1 Preface

In the previous chapter, I thoroughly characterised the NEDD9 protein by mass spectrometry (MS),
identified differential phosphorylation induced by TGFp treatment, and explored the expression of
NEDD9 isoforms in suspension culture conditions. I also evaluated the extent of NEDD9 gene mutations
and isoform expression in both pan-cancer and breast cancer-specific clinical datasets. As previously
discussed, NEDD9 is a non-catalytic scaffolding protein containing docking sites for proteins involved in
the regulation of numerous signalling pathways (Nikonova et al. 2014; Tikhmyanova, Little, and Golemis
2010). Via this docking mechanism, it is understood that NEDD9 can enable signalling transduction

pathways to converge, regulating downstream effects.

This chapter aims to further understand these complex interactions, and identify how these relationships
might govern the TGFp specific effects we observe in Claudin-low breast cancer, I performed a series of
analyses to identify potential interactors. The analyses in the previous chapter identified several potential
NEDDO interacting proteins, however, none of the previous methods used was quantitative. To confirm
that these interactions are mediated by TGFp, I moved on to using the following semi-quantitative and

quantitative techniques.

3.2 Semi-quantitative analysis of NEDDO interacting proteins

In section 2.4, I demonstrated the successful immunoprecipitation of NEDD9. Using the same antibody, |
went on to perform a semi-quantitative analysis of NEDD9Y interacting proteins using Rapid
immunoprecipitation mass spectrometry of endogenous proteins (RIME) on SILAC (Stable isotope
labelling by amino acids in cell culture) labelled cells. The RIME method (Mohammed et al. 2016) allows
for the study of protein complexes by MS. Endogenous protein complexes are stabilised using
formaldehyde, and are then co-immunoprecipitated with your protein of interest for MS analysis. SILAC
is a protocol in which cell lines are grown in media containing amino acids labelled with stable
(non-radioactive) isotopes of amino acids, typically L-Lysine and L-Arginine. In the case of L-Lysine, the

replacement of 'Cq and N, with the heavier isotopes of “C, and '"N, results in a mass shift in
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metabolites of these amino acids, of +4Da and +8Da respectively. For L-Arginine, replacement of '>Cg
and "“N, with *C, and "N, results in a mass shift of +6Da and +10Da respectively. Stable incorporation of
these isotopes from labelled cell culture media allows for the generation of three distinct cell lines -
typically labelled “light” for the native amino acids, “medium” for incorporation of *C, and “heavy” for
the incorporation of both *C and "N - the peptides from which can be separated by MS based on their
relative mass. These three differentially labelled cell lines can then be treated independently before being
pooled for semi-quantitative and comparative MS analysis. The two cell lines, MDA-MB-231 and
HCC1954 were each cultured separately in media containing isotopes of L-Lysine and L-Arginine to

99 ¢

produce “light” “medium” and “heavy” stable cell lines [methods 7]. These cell lines were previously
demonstrated to be representative of TGFP oncogenic effects, where TGF treatment increases breast
tumour initiating cell (BTIC) formation (in MDA-MB-231) and reduces BTIC formation (in HCC1954).
SILAC-labelled cells were cultured as previously described [methods 10] to create 7-day mammosphere
cultures, which were then treated for three hours with either 100 nM TGFf, 10 uM TGFp inhibitor
SB431542 (SB), or with DMSO (no treatment control), as outlined in figure 3.1a. “Light” labelled
controls were treated with TGFp, “heavy” labelled cell lines with the TGFf inhibitor, and the “medium”
labelled cell lines were used for the no-treatment control. Following treatment, the mammospheres were
then collected, cross-linked, and processed [methods 2]. Cell lysates were quantified for protein levels
using a standard BCA assay (Pierce™) and equal quantities of total protein from each condition were
pooled for the IP. Following LCMS, SILAC data were analysed using Proteome Discoverer v.1.3. The
data were arranged in order of abundance and the top fold change values for TGFPB over SB431542

treatment were calculated.

The western blot in figure 3.1b shows enrichment of the three NEDD9 bands corresponding to p105"5F!,
p115"E! and the non-specific bands (labelled) in both MDA-MB-231 and HCC1954 when compared to
the IgG isotype control, confirming successful immunoprecipitation of NEDD9. Each IP here represents a

pool of all three treatments.

Proteins that were co-immunoprecipitated with NEDD9 are listed in the table (figure 3.1c) for
MDA-MB-231 and table (figure 3.1d) for HCC1954. Values represent significant (p<0.05) fold change in
peptides detected in the TGFP over SB-431542 condition. In the MDA-MB-231 analysis, Breast cancer
anti-estrogen resistance protein 1 (BCARI) represents a good internal positive control, as it is known
hetero-dimerise with the conserved c-terminal domain of NEDD9 (Law et al. 1999). Additionally, I also
observed BCAR1 as a NEDD?9 interacting protein in the phospho-MS analysis (section 2.5) and observed

that its expression was differentially regulated by TGFf treatment, and expression was reduced where
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Figure 3.1. Semi-quantitative identification of NEDD9 docking proteins in response to TGFf
treatment by SILAC-RIME LCMS

(a) Schematic demonstrating the workflow for SILAC-RIME identification of NEDD?9 interacting
proteins in MDA-MB-231 and HCC1954 seven day mammosphere cell cultures, in either 100nM
TGFp, 10uM TGFp inhibitor SB431542, or no treatment control conditions. Treated cultures were
cross-linked with 1% formaldehyde before lysis and immunoprecipitation with NEDD9 antibody,
followed by digestion and LC-MS analysis. (b) Western blot demonstrating the detection of NEDD9
following immunoprecipitation in MDA-MB-231(231) and HCC1954 (HCC). IgG controls for non-
specific immunoprecipitation. (¢) Fold change in the most abundant interactors for MDA-MB-231
TGFp vs. TGFp inhibitor (SB) (d) Fold change in the most abundant interactors for HCC1954 TGFf
vs. inhibitor (SB) and HCC1954 TGFp vs. inhibitor (SB). Detection of PKM2 correlates with the
TGFP condition (L_231N) in MDA-MB-231 (e), whereas NEDD9 does not in HCC1954 (f) .
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NEDD?9 was perturbed (section 2.7). The peptide with the highest fold change value was Pyruvate kinase
isozyme M1/M2 (PKM2), also identified as a NEDD9 interacting protein in the phospho-proteome
analysis (section 2.5). PKM2 is an isoenzyme of the glycolytic enzyme pyruvate kinase which catalyses
the final step of glycolysis, the dephosphorylation of phosphoenolpyruvate (PEP) to pyruvate. However, it
has also been shown to stimulate POU5SF1/0CT4-mediated transcriptional activation in the control of the
expression of several pluripotency genes (Qin et al. 2017). This finding could indicate that the association
of NEDD9 with PKM2 upon activation of the TGFf signalling pathway may be regulating metabolic
processes involved in carcinogenesis and/or mediating the expression of genes involved in self-renewal.
In the parallel analysis for HCC1954 (figure 3.1d), the majority of proteins with the highest fold changes
were keratins, likely to be due to environmental contamination. The issue of laboratory environmental
contamination in MS analysis is an enduring and well-studied problem. The most common contaminants
detected are keratins from hair and skin, and contaminants from reagents such as trypsin. In 2013 Hodge
and colleagues published a list of the most common environmental contaminants identified in
HPLC-MSMS data, alongside a series of recommendations to maintain good sample preparation (Hodge
et al. 2013). Top of their list of environmental contaminants in the analysis of human samples were
Keratins, type I and type II. In the analysis of HCC1954, the interactor with the highest fold change is
Vimentin, a marker of epithelial to mesenchymal transition (EMT). Previously, we demonstrated an
increase in vimentin expression occurs in both the MDA-MB-231 and HCC1954 cell lines in response to
TGEFp, establishing that the responses in self-renewal and BTIC numbers seen in both cell lines are not
simply due to the process of EMT (Bruna et al. 2012). The presence of histones in the analysis also
suggests that nuclear NEDD9 may be either directly or indirectly bound to histones in the HCC1954 cell
line. Also significantly enriched in response to TGF treatment in the HCC1954 cell line was Heat shock
cognate 71 kDa protein (HSPAS), which is a repressor of SMAD-mediated transcriptional activation
through inhibition of the SMAD co-activator CITED1. CITEDI is a transcriptional co-activator that
enhances SMAD-mediated transcription by strengthening the functional link between SMADS and the
p300/CBP transcription coactivator complex. Interestingly, CITED1 was also identified as a NEDD9
interactor in the phospho-proteome analysis (section 2.5) of the MDA-MB-231 cell line in the TGF
treatment condition. The presence of this protein in both cell lines could indicate that CITEDI is
functioning as a SMAD transcriptional co-activator in response to TGFp treatment, but in the HCC1954
cell line, its effects are repressed by HSPAS.

The scatter plots figures 3.1e and f show the reporter ion intensity values for samples from the “light”
TGEFp treatment group (on the Y-axis) versus the “Heavy” TGFp inhibitor group (on the X-axis). Figure
3.1e confirms that PKM2 detection (yellow dots) is increased in the “light” TGFp treatment group, with

respect to all other samples (purple dots). This correlation with TGFp treatment is not observed when we

51



look at the NEDD9 detection in the HCC1954 cell line. Here, the detection of NEDD9 (yellow dots) falls
within the detection range for all other samples (purple dots) and, therefore, does not correlate with the
treatment group (figure 3.1f). This observation confirms, as previously demonstrated (figure 2.1), that in

the HCC1954 cell line, NEDD9 expression, although high, is not further induced by TGFp treatment.

3.3 Quantitative analysis of NEDD?9 interacting proteins

Whilst having a great advantage over non-quantitative methods, the use of SILAC-RIME is limited in the
number of samples it is possible to simultaneously analyse. As the number of treatment conditions that
can be compared is limited to the number of stably labelled cell lines available, it is generally possible to
compare only a maximum of three conditions. Following on from my SILAC-RIME analysis, a new
methodology for quantitative MS of endogenous interacting proteins was developed in the CRUK-CI,
named qPLEX-RIME (Papachristou et al. 2018). This method integrates RIME as previously described
together with the use of tandem mass (also known as isobaric) tags (TMT). TMT are chemical compounds
that are used to label proteins for MS analysis and allow for up to 10 different peptide samples to be
labelled in parallel and combined for analysis allowing quantitative comparisons to be made between
sample groups. All mass tagging reagents within one labelling set have the same chemical structure and
nominal mass (isobaric) but contain different combinations of *C and "N isotopes which enables them to
be distinguished by MS analysis. For this analysis, I used MDA-MB-231 mammosphere cultures treated
for three hours with either DMSO control, 100 nM TGF, or 100 nM TGF plus 10 uM TGFf inhibitor
SB431542. Samples were collected from three subsequent passages of mammosphere cultures to give
three biological replicates and all nine samples were independently processed and TMT labelled before
being simultaneously analysed by LCMS [methods 4]. The overall workflow is summarised in figure

3.2a.

MA plots for differential protein detection show that in both the TGF versus control (figure 3.2b) and
the TGFpB versus TGFp inhibitor (figure 3.2¢) conditions, NEDD9 was significantly enriched by TGFf
treatment. This result is further confirmation that TGFp treatment induces NEDD9 expression in
MDA-MB-231 mammosphere cultures. There were no peptides with significant changes in expression in
the control versus TGFp inhibitor condition. NEDD9 interacting proteins identified with significantly
increased fold change values in both the TGFP versus control, and TGFB versus TGFp inhibitor
conditions were Hornerin (HRNR) and Arginase 1 (ARG1), and Catalase (CAT). Hornerin is a member of

the S-100 fused protein family and has been demonstrated to be involved in the regulation of protein
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Figure 3.2. Quantitative identification of NEDD9 docking proteins in response to TGFp
treatment by TMT-RIME LCMS

(a) Schematic demonstrating the workflow for quantitative TMT-RIME identification of NEDD9
interacting proteins in MDA-MB-231 mammosphere cell cultures. Suspension cultures were treated
for seven days with either DMSO control, 100 nM TGFf, or 100 nM TGF plus 10 uM TGEFp inhibitor
SB431542 (SB). Treated cultures were cross-linked with 1% formaldehyde before lysis and
immunoprecipitation with a NEDD9 antibody followed by digestion and TMT labelling before LC-MS
analysis. Differential expression MA plots demonstrating log fold change versus signal intensity in the
TGFp versus control (b) and TGFp versus TGFf inhibitor conditions (c¢). Proteins highlighted in blue
show significant changes in expression. There are no significant proteins in the TGFf inhibitor versus
control condition. (d) Expanded MA plot for TGFp versus control condition to show position of
PKM?2. (e) Western blot illustrating PKM2 immunoprecipitation probed for NEDD9 from seven day
mammospheres treated with either 100 nM TGFp or no treatment control. Samples were loaded from
both the IP and input.
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phosphorylation and also in the processes of cell proliferation, differentiation and apoptosis. S-100 family
members have been implicated in many different cancer types and Hornerin was recently reported to be
involved in breast cancer progression. Here the authors describe an increased expression of Hornerin in
patients with ER-negative and metastatic disease, concluding that hornerin is involved in the processes of
malignant transformation and breast cancer progression (Choi et al. 2016). Arginase 1 is involved in the
regulation of cellular metabolism and has been implicated in cancer. Arginase 1 is a key element in the
urea cycle, converting L-arginine to urea and L-ornithine and the subsequent generation of proline and
polyamines both of which are critical for cell proliferation. Because of this important role, arginine
metabolism has become an increasingly compelling target for anti-cancer therapy. Arginine is a
conditionally essential amino acid that can be synthesised in the body for the purposes of basal metabolic
demands, however, in times of stress the basal synthesis cannot provide sufficient amounts and exogenous
sources are necessary. Some tumour types have been shown to lack expression of argininosuccinate
synthase (AS), a key enzyme of the urea cycle making them severely sensitive to arginine deprivation. It
is hypothesised that these tumour types would make excellent candidates for arginine deprivation therapy
(Kremer et al. 2017; Zou et al. 2019). Catalase is an antioxidant enzyme involved in protecting cells from
oxidative damage caused by reactive oxygen species (ROS). The down-regulation of catalase is
frequently observed in cancer and has been implicated in resistance to chemotherapy, which is making it

an increasingly interesting target for cancer therapy (Glorieux and Calderon 2017).

Interestingly, in the TGFB versus control condition, PKM2 (KPYM, annotated in the box) was
significantly identified (figure 3.2d), being one of the proteins with the highest number of peptides
detected, however, there was no fold change difference in response to TGFp treatment. This suggests that
PKM2 is consistently associated with NEDD9, but contrary to the results of the previous analysis (section
3.2), the levels of bound PKM2 do not increase in response to TGF[ treatment. Because this analysis is
quantitative, compared to the previous semi-quantitative method, this finding is likely to be a more
accurate representation of PKM2/NEDDO9 interactions. Also detected with high confidence, but not
dependent on TGF[ treatment, were the Breast cancer anti-oestrogen resistance proteins 1 and 3
(BCARI/BCAR3). As previously discussed, these proteins are other CAS protein family members
known to heterodimerise with NEDD9 and were frequently detected in my previous analyses. I have
consistently observed the expression of both PKM2 and BCARI is upregulated in response to TGFf
treatment, however, this quantitative MS experiment and in the RNA-seq analysis for BCAR1 expression
(figure 2.8e) indicate this is not the case. As we have repeatedly shown, NEDD9 expression is induced by

TGFp treatment and therefore, apparent increases in NEDD9 partner proteins may be simply due to
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stoichiometry. It is only when these interactions are investigated in a fully quantitative manner that this

becomes apparent.

The analyses performed so far consistently demonstrate an association between NEDD9 and PKM?2 in
both whole cell lysates and NEDD9 immunoprecipitates. To conclude this chapter, I performed a
contrasting experiment where [ immunoprecipitated PKM2 from mammosphere cultures of
MDA-MB-231 cell lines treated for 7 days with or without 100 nM TGFp. The resulting cell lysates were
run as Western blots and probed for NEDD9Y, using a sample of the input (whole-cell lysis) as a control to
confirm the protein was present in the originating sample (figure 3.2e). NEDD9 was present in the input
sample and was increased in abundance in the IP sample, confirming an association between the two

proteins.

3.4 Summary

In this chapter, I have evaluated, first by semi-quantitative methods and then using quantitative methods
to confirm, the proteins which commonly interact with NEDD9 in the MDA-MB-231 mammosphere
culture system in response to TGFf signalling. These results point towards a significant association
between NEDD9 and PKM2. The presence of other proteins involved in metabolic pathways and the
knowledge that metabolic reprogramming is a key hallmark of cancer suggest that altered metabolism
may be a mechanism by which TGFf is regulating claudin-low breast cancer stem cells through NEDD?9.
As discussed, the key finding by quantitative analysis of NEDD9 interacting proteins demonstrates that
PKM?2 expression is not increased by TGFp treatment, however, PKM2 is consistently associated with
NEDDO. This suggests that rather than TGFp regulating PKM2 activity through increased expression, the
interaction between NEDD9 and PKM2 may be key in regulating PKM2 function. The association
between NEDD9 and Arginase 1 is also an interesting finding as in 2017, Kremer and colleagues describe
a link between arginine metabolism and PKM?2 expression in the regulation of Warburg metabolism in

cancer (Kremer et al. 2017).

In the next chapter, I further characterise the known PKM2 cellular effects in the MDA-MB-231

mammosphere cell culture system in response to TGF[ signalling.
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4. The role of PKM2 1n Claudin-low breast cancer stem

cell dynamics

4.1 Preface

In the previous chapter, I identified the metabolic enzyme PKM?2 as a key NEDD9 interactor in breast
tumour initiating cell (BTIC) enriched mammosphere cultures of the MDA-MB-231 cell line, a cell line
representative of TGFP oncogenic effects in Claudin-low breast cancer. As metabolic reprogramming is
one of the most common hallmarks of cancer, it is not improbable that this may be one of the mechanisms
by which NEDD9 mediates breast cancer stem cell dynamics in Claudin-low breast cancer in response to
TGFp signalling. As described in chapter 3, levels of PKM2 expression are not dependent upon TGFf
treatment. However, I hypothesise that in the TGFp condition NEDD?9 is orchestrating a different set of
signalling pathways, and here the interaction between NEDD9 and PKM2 may be regulating different
processes to those in the absence of TGFp signalling. To investigate this hypothesis, in this chapter I
aimed to explore the known cellular effects of PKM2 and to clarify its role in regulating TGFp induced
BTIC dynamics in MDA-MB-231.

4.2 Metabolic reprogramming and cancer

In 1927 the German physiologist and clinician Otto Heinrich Warburg published a paper describing how
the metabolism of cancer cells differed from that of normal cells in that they were dependent upon
glycolysis rather than oxidative phosphorylation to generate energy (Warburg, Wind, and Negelein 1927).
This process of metabolic reprogramming termed the “Warburg effect” or aerobic glycolysis was later
revealed to be one of the most common characteristics of cancer cells (Hanahan and Weinberg 2011).
Compared to oxidative phosphorylation, the process of glycolysis is far less efficient in producing energy
in the form of adenosine triphosphate (ATP). Cancer cells compensate for this loss in net ATP production
by upregulating genes encoding glycolytic enzymes and membrane glucose transporters, resulting in an
increase in overall glucose metabolism and allowing cells to survive in a hypoxic environment. This
switch to aerobic glycolysis results in the increased production of intracellular intermediates and
precursors of proteins and nucleotides, all of which are essential for cell proliferation (Vander Heiden,
Cantley, and Thompson 2009). The transition from normal metabolism to Warburg metabolism in cancer

cells i1s summarised in the below illustration:
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The transition to Warburg metabolism in cancer cells (Fan et al. 2019). Panel A describes the
metabolism of glucose in normal cells and ane B describes how the glucose metabolic process is

altered in cancer.

This increased metabolism, present in many cancer types, has been harnessed for use in the medical
imaging of cancer to both detect and monitor the presence of tumours. The radioactive glucose analogue
Fluorodeoxyglucose ("*F-FDG) is used in patients undergoing positron emission tomography (PET)

imaging to visualise increased glucose uptake and metabolism in tumours.

4.2.1 Pyruvate kinase isozyme M2 (PKM?2)

Pyruvate kinase isozyme M2 (PKM2) is an isoenzyme of pyruvate kinase which catalyses the final,
irreversible ATP generating step in glycolysis, the dephosphorylation of phosphoenolpyruvate (PEP) to
pyruvate. The PKM gene encodes two isoforms, PKM1 and PMK2, which differ based on alternative
splicing of exons 9 and 10, respectively. The PKM1 isoform is constitutively active and is expressed in
terminally differentiated tissues with high energy demand, for example, brain and muscle. PKM?2,
however, is subject to allosteric regulation and is expressed in tissues undergoing anabolic processes such
as proliferating cells in embryogenesis or aberrant cellular proliferation such as cancer. This regulation,
which allows cells to switch between high and low catalytic activity states, enables cancer cells to alter
their metabolic activity in response to environmental cues. The alternative splicing of the PKM gene

leading to overexpression of PKM?2 in cancer cells is regulated by the oncoprotein c-Myc. C-Myc is an
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oncogenic transcription factor that causes the upregulation of heterogeneous nuclear ribonucleoprotein
(hnRNP) proteins which in turn, leads to PKM exon 10 inclusion and expression of the PKM2 isoform
(David et al. 2010). The preferential expression of PKM2 in cancer allows cells to rapidly replicate
without accumulation of excessive intracellular reactive oxygen species (ROS), which would otherwise be
detrimental to growth. ROS are produced in the mitochondria through the process of oxidative
phosphorylation, and in normal cells, the production of ROS is tightly regulated (Perillo et al. 2020).
However, in cancer cells, moderate levels of ROS activate cell survival processes including the
mitogen-activated protein kinase (MAPK) and phosphoinositide-3-kinase (PIK3) pathways, at higher
concentrations, excessive levels of ROS can trigger apoptosis. An additional mechanism for the regulation
of ROS generation in cancer cells is the production of Reduced Nicotinamide Adenine Dinucleotide
Phosphate (NADPH), which is generated as a result of PKM2 mediated promotion of oxidative pentose
phosphate pathway (PPP) activation and acts to quench ROS.

4.2.2 PKM?2 regulation of metabolic activity

The regulation of PKM2 kinase activity is controlled by switching between dimeric and tetrameric forms
in response to environmental cues. In the tetrameric form, PKM2 demonstrates high catalytic activity
associated with catabolic metabolism and the production of ATP through oxidative phosphorylation.
However, in the lower activity dimeric state where the conversion of PEP to pyruvate is slowed,
metabolites of glucose are directed towards the production of glycolytic intermediates, macromolecule
precursors and nucleotide synthesis via several pathways including the pentose phosphate pathway (PPP)
(Anastasiou et al. 2012; Cairns, Harris, and Mak 2011). Many mechanisms have been described for the
regulation of PKM2 dimer-tetramer dynamics. Post-translational —modifications, including
phosphorylation, acetylation and oxidation have been shown to mediate the formation of the less active
dimer (Christotk et al. 2008), whereas binding of FBP (a glycolytic intermediate),
Phosphoribosylaminoimidazolesuccinocarboxamide (SAICAR) and serine mediate the opposite, tetramer
formation and increased catalytic activity (Chaneton et al. 2012; Keller, Tan, and Lee 2012).
Phosphorylation of PKM2 at tyrosine-105 has been shown to cause FBP to be released from PKM?2
binding resulting in the switch from the active tetramer to the less active dimeric form. The processes

involved in the regulation of dimer-tetramer dynamics are outlined in figure 4.1.
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Figure 4.1. The regulation of glucose metabolism through PKM2 dimer-tetramer dynamics

In cancer cells, PKM2 exists in either the the high kinase activity tetrameric form or the low kinase
activity dimeric form. In the high catalytic tetrameric form catabolic metabolism and the
production of ATP through oxidative phosphorylation occurs. In the lower activity dimeric form,
conversion of PEP to lactate is slowed and the accumulation of glycolytic intermediates occurs.
Conversion of PKM2 tetramer form to dimer form is mainly regulated by post-translational
modification, whereas conversion of the dimeric to tetramer is form is generally regulated by
binding to PKM2 interacting proteins proteins such as FBP and SAICAR. Using these mechanisms
cancer cells can rapidly switch between PKM2 activity states in response to environmental cues.
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Figure 4.2. PKM expression in cancer
PKM expression by RNA-Seq (Log2 transformed) from the TCGA PanCancer Atlas (cbioportal.com)
across multiple cancer types, including mutations and types where profiled. (b) PKM mutational
profile of 2509 breast cancers from the METABRIC clinical cohort, including intrinsic subtype and
Integrative cluster annotation. Zoomed insert illustrates annotation details for the 4% of patients with
a PKM amplification and/or high mRNA expression. (¢) Kaplan—Meier overall survival estimates for
patients profiled for PKM alterations (red) versus the unaltered group (blue).
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4.3 PKM2 gene expression in cancer

PKM?2 is commonly overexpressed in many cancer types, as is evident in the TCGA PanCancer Atlas at

cBioPortal (www.cbioportal.org) (Gao et al. 2013; Cerami et al. 2012). Figure 4.2a details RSEM

normalised (B. Li and Dewey 2011) relative expression levels of the PKM gene and detected mutations
across a wide range of cancer types. The data were not stratified by the expression of either PKM1 or
PKM2 but by the overall expression of the PKM gene. However, due to the preferential expression of
PKM?2 in cancer cells, the data likely represents PKM2 expression. The level of PKM expression was
observed to be consistently raised across a range of cancer types. More in-depth analysis of the expression
and mutational profile of PKM in the METABRIC breast cancer cohort (figure 4.2b) reveals that PKM
amplification demonstrates an increased correlation with ER-positive HER2-negative disease (14/20 and
15/18 respectively). However, in patients with high PKM expression with no genetic alterations, this was
not the case, here more cases were ER-negative (23/39) and HER2-negative (25/39). Samples from
patients with PKM amplifications correlate more closely with the better prognosis Luminal A and luminal
B PAMSO0 subtypes (9/18) than the poorer prognosis basal and Claudin-low subtypes (4/18 and 1/18
respectively). Kaplan—Meier estimates (figure 4.2¢) on patients with PKM copy number amplifications
show no significant effect on overall survival, with a median survival of 146.4 months in the altered group

compared with 157.8 months in the unaltered group.

These data are contrary to those reported by others and suggest that like NEDD9, PKM2 gene
amplification or mRNA overexpression alone is not sufficient to explain worse overall survival. These
results indicate that in the MDA-MB-231 mammosphere model of Claudin-low breast cancer, the TGF[
dependent interaction between NEDD9 and PKM2 may be regulating PKM2 metabolic effects.

4.4 PKM2 protein expression in response to TGFp treatment

Before investigating PKM2 cellular effects in the MDA-MB-231 cell line in response to TGF signalling,
it was first necessary to understand PKM2 expression in this cell line. To assess expression, whole-cell
extracts of MDA-MB-231 mammosphere cultures where NEDD9 or PKM expression was perturbed
using commercial siRNA were treated for three hours with either vehicle control (DMSO), 100 nM TGFp
or 100 nM TGFp plus 10 pM TGFp inhibitor SB431542. PKM1 and PKM2 differ by only 23 amino
acids, so the siRNA used in this analysis targeted both PKM1 and PKM2. The cell lysates were processed
for Western blotting [methods 11] and probed for NEDD9, PKM1, PKM?2 and two different
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Figure 4.3. PKM2 expression in response to TGFf treatment

Western blot of whole cell protein lysates from mammosphere cultures of MDA-MB-231. Cultures
were treated for seven days +/- 100 nM TGFp. Expression of NEDD9 or PKM was perturbed by use
of a commercial SiRNA with a scramble SiRNA as a control. Cultures were treated for seven days
+/- 100 nM TGFB or 100 nM TGFp plus 10 uM TGFf inhibitor SB431542 10 uM (SB). The
membrane was probed for NEDD9, PKM1 and PKM2 protein expression, and the expression of the
two phosphorylated forms of PKM2, p-PKM2 Ser37, p-PKM2 Tyr105. Beta Actin expression was
used as a loading control. The position of the NEDD9 phospho-forms p105HEF and p1151EF is located
as indicated by arrows. Western blot figure is representative of at least three biological replicates.
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phosphorylated forms of PKM2 (figure 4.3). Reduction in expression of both the p10 and pll
NEDD?9 phospho-forms was achieved by the use of the NEDD9 siRNA treatment as previously described.
PKM siRNA treatment reduced the expression of both PKM1 and PKM2, but PKM expression levels
were not altered by TGFf treatment. PKM2 expression was marginally decreased in response to NEDD9
siRNA treatment, but PKM1 expression was not affected. This suggests that PKM2 expression is
influenced by NEDD9 abundance, but not in response to TGFp treatment and agrees with the findings

from the TMT-RIME analysis in section 3.3.

Analysis of PKM?2 post-translational modification revealed that phosphorylation of PKM2 Tyrosine 105
was decreased by NEDD9 perturbation, mirroring the decrease seen in PKM2 expression when compared
to the scramble siRNA control. TGFB treatment in the NEDD9 siRNA condition resulted in a slight
increase in pTyrl05. Levels of PKM2 phosphorylation at Serine 37 in the NEDD9 siRNA condition
remained largely unchanged, and as expected, levels of both phospho-forms were reduced in the PKM?2
siRNA condition. Both the Tyr105 and Ser37 phosphorylations have been highlighted as important
regulators of metabolism in cancer (Z. Zhang et al. 2019). Phosphorylation of PKM2 at Tyr105 regulates
PKM2 catalytic activity. PKM2 Ser37 is directly phosphorylated by ERK1/2 which mediates nuclear
translocation and expression of Oct-4 mediated pluripotency genes, and c-Myc expression resulting in the
upregulation of metabolic genes (Yang et al. 2012). As activation of the ERK pathway is known to occur
in response to TGFp signalling, these results suggest that ERK-mediated phosphorylation of PKM2 may
be occurring. However, my previous RNA-seq analysis (chapter 2.7) indicated that activation of ERK

signalling was not dependent upon NEDD9.

These results suggest that both NEDD9 abundance and TGFf treatment are involved in the regulation of
PKM2 dimer-tetramer dynamics, the resulting effects on PKM2 catalytic activity and the regulation of

glucose metabolism.

4.5 TGFp induced, NEDD9 dependent changes in metabolic flux

As the previous investigations into PKM2 gene expression and protein expression indicated, in the
MDA-MB-231 mammosphere model of Claudin-low breast cancer, a TGFp dependent interaction
between NEDD9 and PKM2 may be regulating PKM2 dependent metabolic effects. Therefore, to
investigate any TGFp induced metabolic changes, I performed a series of analyses starting with a simple

ELISA capture a snapshot of cellular metabolism in response to TGFf treatment.
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Figure 4.4. End point metabolic assays for glycolysis and pyruvate kinase activity

Seven day suspension mammosphere cultures of cell lines MDA-MB-231 and HCC1954 were
treated for 24 hours with TGFp 100nM, no treatment control or TGFp inhibitor SB431542 10uM
plus TGFB 100nM (SB). NEDD9 expression was perturbed using a stable knockdown of NEDD9 in
MDA-MB-231 expressing a short-hairpin generated against the NEDD9 coding sequence. Cell
lysates were collected at day 7 (24 hours after treatment) and assayed for L-Lactate concentration (a)
and pyruvate kinase activity (b). (¢) Second generation mammosphere assays of cell lines MDA-MB-
231 and HCC1954 treated at M1 with 100nM TGEFB, 100nM TGF plus 10uM TGFp inhibitor
SB431542 (SB) or no treatment control. NEDD9 expression was perturbed by stable knockdown of
NEDD9Y in MDA-MB-231 expressing a short-hairpin generated against the NEDD9 coding sequence.
Error bars represent +s.d. of at least three independent experiments for all three assays.
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I then moved on to more complex real-time metabolic assays, and finally assays to track metabolic flux

using "*C labelled substrates.

4.5.1 ELISA assays of metabolic profiles

I first performed commercial ELISA assays to measure the levels of L-Lactate, and pyruvate kinase
activity (Abcam) as per the manufacturer's recommendations. Seven-day suspension mammosphere
cultures from either the Claudin-low cell line MDA-MB-231, or the non-Claudin-low cell line HCC1954
were treated for 24 hours with either 100 nM TGFB, 100 nM TGFf plus 10 puM TGFp inhibitor
SB431542, or DMSO control. NEDD9 expression was perturbed in the Claudin-low MDA-MB-231 cell
line by incorporation of a stable short-hairpin as previously described. Samples of cell culture medium
were collected from each condition following the 24-hour treatment to perform the ELISA. Figure 4.4a
demonstrates that, in the Claudin-low MDA-MB-231 cell line, L-lactate production was reduced by TGFf
treatment but this reduction was reversed where NEDD9 expression was perturbed. In the HCC1954 cell
line, the pattern of L-Lactate production mirrored that of the NEDD9 knock-down condition but to a
lower extent. This result indicates that in MDA-MB-231 cultures, TGFf treatment induced a reduction in
glycolysis and that this switch was dependent upon NEDD9. The results of the pyruvate kinase ELISA
performed on the cell pellets from the same experiment support this hypothesis (figure 4.4b), as TGF3
treatment induced a reduction in PK activity in the parental MDA-MB-231 cell line and this pattern was
again reversed where NEDD9 was perturbed. The results of the second generation mammosphere assay
from the same treatment conditions (figure 4.4¢) support the theory that in the MDA-MB-213
Claudin-low cell type, TGFp treatment induces a switch from catabolic type energy-producing
metabolism to anabolic Warburg type metabolism with the synthesis of glycolytic intermediates and
increased cell self-renewal. The consistent reversal in these trends in the presence of NEDD9 perturbation
indicates that this switch is dependent on NEDD?9. In all three experiments, the observation that this trend
towards TGFB/NEDD9 dependent Warburg metabolism, which was not seen in the type B cell line
HCC1954, indicates that this effect is specific to the Claudin-low cell line subtype.

4.5.2 Real-time metabolic flux assays

To further investigate these metabolic effects, I then advanced to the use of real-time metabolic flux
assays on the Agilent Seahorse analyser. This instrument is capable of analysing the real-time
bioenergetics of live cells in a 96 well format. Using label-free sensors, both pericellular pH and oxygen
concentration are simultaneously measured as a function of time, and from these measurements, the

cellular glycolytic activity and mitochondrial respiration rate are calculated.
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Figure 4.5. Real-time metabolic analysis for glycolytic function and mitochondrial respiration
Two day suspension mammosphere cultures of MDA-MB-231 were treated for 24 hours with
TGFB 100nM or no treatment control. NEDD9 and PKM2 expression were perturbed using a
commercial si-RNA directed at NEDD9 or PKM2, knock-down was performed at day 0. Plated
cells were assayed at day 3 (24 hours after treatment and 72 hours after knock-down) for glycolytic
capacity (a) and oxidative phosphorylation (b). Error bars represent +s.d. of at least three
independent experiments for both assays.
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The extracellular acidification rate (ECAR) is calculated as a read-out of lactic acid and bicarbonate
accumulation in the media causing changes in pH and is indicative of glycolytic activity. Similarly, the
oxygen consumption rate (OCR) measures mitochondrial respiration by detecting changes in extracellular
oxygen levels. To perform these assays, suspension mammosphere cultures of MDA-MB-231 were
prepared and commercial siRNA was used to knock down either NEDD9 or PKM2. Cultures were treated
with or without 100 nM TGFp for 24 hours before analysis on the Seahorse instrument. Glycolytic
capacity was measured using the Seahorse XF glycolysis stress test kit (Agilent) and oxidative
phosphorylation was measured using the Seahorse XF Mito stress test kit (Agilent) as per the

manufacturer's recommendations.

Contrary to the results observed in the ELISA assays, the real-time assays indicated that TGFp treatment
increased both basal and maximum glycolytic respiration, and this increase was reduced where NEDD9
was perturbed by siRNA treatment (figure 4.5a), indicating that the TGFp induced glycolysis observed
was NEDD9 dependent. Analysis of mitochondrial function showed oxidative phosphorylation was not
significantly increased in the presence of TGFf but was increased in the absence of NEDD9 (figure 4.5b).
This indicates that the NEDD9/PKM2 interaction is necessary for glycolysis to occur and by inhibiting it,
metabolism is redirected towards oxidative phosphorylation. In these analyses, PKM?2 inhibition resulted
in a reduction of both glycolytic function and mitochondrial respiration, serving as a positive control for
inhibition. Clear from these preliminary assays is that TGFp treatment is inducing changes in metabolic
flux and that these changes are dependent upon the presence of NEDD9. What is not clear, however, is the
role the interaction between NEDD9 and PKM?2 plays in the regulation of these changes in metabolic

flux.

4.5.3 Metabolic flux tracking assays

To further investigate the previously observed changes in metabolic flux in response to TGFp treatment
and NEDD9 perturbation, and to expand the analysis to include the other key metabolic nutrient,
glutamine, I performed metabolic tracking experiments in collaboration with Dr Mariia Yueva at the
Francis Crick Institute in London. Suspension mammosphere cultures of MDA-MB-231 with or without
stable knockdown of NEDD9 by short hairpin were prepared as previously described. After six days in
suspension culture, the mammospheres were processed to single cells and seeded into suspension culture
in media containing either [U-"*C]glucose or [U-"*C]L-glutamine, and treated for 24 hours with 100 nM
TGFp, or left untreated as a control. Cell pellets were collected and processed for gas-chromatography

mass-spectrometry (GCMS, Agilent 7890A-5975C) [methods 8]. Figure 4.6 demonstrates the percentage
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Figure 4.6. Metabolic tracking assays for glucose and glutamine metabolites

Six day suspension mammosphere cultures of MDA-MB-231 were transferred to media containing
either [U-13C]-glucose or [U-13C]-glutamine and treated for 24 hours with TGFB 100nM or no
treatment control. NEDD9 expression was perturbed using a stable knockdown of NEDD9 in MDA-
MB-231 expressing a short-hairpin generated against the NEDD9 coding sequence (shNEDD9Y), an
MDA-MB-231 cell line with a stable incorporation of the empty vector was used as a negative control
(shEV). Cell pellets were collected after 24 hours treatment and processed for GC-MS identification of
metabolites of glucose (a) and glutamine via the oxidative route (b) and glutamine via reductive
carboxylation (c¢). Percent enrichment represents the total percentage of each metabolite and related
isotopolougues generated from cells containing fully-labelled glucose or glutamine. Error bars

represent the SE of three technical replicates.
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enrichment of fully labelled metabolites generated from both "*C labelled glucose (figure 4.6a) and "*C
labelled glutamine (figure 4.6b). Neither TGFf treatment nor NEDD9 perturbation showed much effect
on glucose metabolism (figure 4.6a). TGFp treatment slightly decreased the incorporation of glucose into
glutamate+2 (the first turn of the Krebs cycle) in all conditions, and NEDD9 perturbation further
decreased this incorporation. There was, however, a significant reduction of glucose incorporation into
fumarate+2, malate+2 and aspartate in the sh-NEDD9 condition, this could indicate an effect on pyruvate
carboxylase conversion of pyruvate derived from glucose to oxaloacetate. These results indicate that
NEDD?9 is necessary for this step in glucose metabolism, however, because there was no difference

observed between the control and TGFf conditions, it is unlikely that this effect is mediated by TGF}.

Of more interest were the striking changes observed in glutamine flux (figures 4.6b,c). In this analysis,
both TGFP treatment and NEDD?9 perturbation independently increased the catabolism of glutamine into
the tricarboxylic acid (TCA), or Krebs cycle, and together showed an additive effect. This increased flux
appears to have occurred via the usual oxidative route (figure 4.6b), where fully labelled glutamine was
metabolised to glutamate+5 and downstream metabolites +4. However, it also appears that glutamine was
metabolised via the reverse process of reductive carboxylation (figure 4.6¢), giving rise to citrate+5 and
subsequently into malate, fumarate and aspartate+3. Both of these processes occur independently in
response to TGFp treatment and NEDD9 perturbation, but the effect is additive in the presence of both.
Reductive carboxylation is a novel mechanism by which cancer cells with metabolic defects redirect the
glutamine metabolic pathway to support cell growth. Considering that the activation of this alternative
pathway is the most pronounced in the TGFp plus sh-NEDD9 condition, this indicates that the metabolic
response to TGFpB is dependent upon NEDD9. Together these results mirror the effect seen in the
Seahorse real-time metabolic experiments where both TGFf treatment and NEDD?9 perturbation increase

mitochondrial metabolism.

When considered all together, the results of these functional metabolic analyses indicate that in the
Claudin-low cell line, MDA-MB-231, TGFp treatment increases both glycolysis and oxidative
phosphorylation based metabolism, and that perturbation of NEDD9 expression reduces only glycolytic
function. The analyses of PK function and glucose metabolism indicate that NEDD9 is important in
regulating this process and I hypothesise that the association between NEDD9 and PKM2 may be
important in regulating PKM2 dimer-tetramer dynamics, and therefore, its catalytic activity. When
NEDD?9 expression is reduced, this may in effect release the brake on PKM2 activity allowing tetramer
formation and subsequently increased activity in the Krebs cycle of both glucose and glutamine

metabolites.
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Figure 4.7. Phospho-proteome and RNA-seq analysis for metabolic profiles

NEDD9 phosphorylation modifications identified at high confidence (99-100%) by Ti02 enrichment
LCMS specifically phosphorylated in the TGFp treatment condition only. (a) Phopho-motif prediction of
these modifications using the PhophoSitePlus® online analysis tool. RNA expression for NEDD9 (b),
PKM1/2 (¢) and c-Myc (d) in transcripts per million (TPM) from day 2 mammosphere cultures treated
for 24 hours with TGFB 100nM, no treatment control or TGFp inhibitor SB431542 10uM plus TGFp
100nM (SB-Beta). NEDD9 expression was perturbed using commercial si-RNA from day 0. Error bars
represent +s.d. of four independent biological replicates. Enrichment plots for correlation with hallmark
gene sets from the molecular signatures database (MSigDB, www.gsea-msigdb.org) for (e) glycolysis and
(f) oxidative phosphorylation in the si-Scr TGFp condition versus the si-NEDD9 TGFf condition.
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4.6 Phospho-motif and RNA-seq prediction for metabolic profiles

Following on from the functional metabolic assays, I returned to the phospho-mass spectrometry and
RNAseq data to identify both potential NEDD9 phospho-sites involved in the regulation of metabolic
processes, and metabolic gene expression signatures. The NEDD9 phospho-MS analysis identified with
high confidence (99-100%) three phosphorylated amino acids present in the TGFp condition alone;
namely pTyrosine317, pSerine572 and pSerine667 (figure 4.7a). As described in chapter 2.5, I performed
phospho-motif prediction of these modifications using the PhophoSitePlus® online analysis tool. As
previously discussed, the pTyr317 residue was identified as a Src kinase substrate motif and associations
between NEDD9 Src, and the PI3K and MAPK pathways are well documented (Izumchenko et al. 2009).
More recently, a role for nuclear PKM2 in the regulation of gene expression programmes regulating
cellular proliferation in glioma was discovered (Yang et al. 2011). Here, the authors describe a mechanism
by which EGFR activation leads to PKM2 binding to c-Src phosphorylated B-Catenin leading to
translocation to the nucleus and activation of gene expression programmes regulating cellular
proliferation via non-canonical Wnt/B-Catenin signalling. However, also included in this gene signature
was c-Myc, which as previously mentioned in this chapter is responsible for the preferential expression of
PKM2.

Also involved in the regulation of metabolic processes is ATM protein kinase, a member of the PIKK
(PI3K-like protein kinase family), a substrate motif for this kinase was identified at Ser667. Additionally,
at Ser572 a substrate motif for GSK3 (Glycogen Synthase Kinase) was found which, among one of its
many roles, regulates glucose homeostasis. GSK3 is also important in the regulation of canonical
Wnt/B-Catenin signalling so could link with the above observation of a NEDD9 Src kinase substrate motif
becoming activated in response to TGFf treatment. These results suggest that when TGF signalling is
activated, NEDD9 may be coordinating pathways involved in the regulation of metabolic processes; this

hypothesis is consistent with the known roles for NEDD?9 acting as a signalling hub.

When we returned to the RNA-seq analysis (chapter 2.7), it was first clear that both NEDD9 and PKM2
expression were influenced by both TGF treatment and NEDD9 perturbation shown here in transcripts
per million (TPM). As shown previously at the protein level, NEDD9 RNA expression is increased by
TGFp treatment (paired two-sample t-test p=0.0002, dashed bracket) (figure 4.7b) and this expression is
significantly reduced, even in the presence of TGFp treatment by the use of commercial siRNA (paired
two-sample t-test p=7.6E-05, solid bracket). When analysing the RNA expression of PKM (figure 4.7¢), it
was not possible to distinguish between the PKM1 and PKM?2 isoforms due to the very small difference in

sequence between the two, but overall the levels mimic those seen in the pyruvate kinase activity ELISA.
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TGEFp treatment significantly reduces PKM expression (paired two-sample t-test p=0.012, dashed bracket)
and this is further significantly reduced where NEDD9 expression is perturbed by commercial siRNA
(paired two-sample t-test p=0.010, solid bracket). Following on from the high confidence identification of
NEDD9 Src and GSK3 kinase substrate motifs in the TGF treatment condition alone, I also looked in the
RNA-seq data at the levels of downstream targets of Wnt/B-Catenin signalling. C-Myc is a target of
Wnt/B-Catenin signalling in several different cancer types, including colorectal (Rennoll and Yochum
2015) and basal-like breast cancer (Xu et al. 2016). Analysis of c-Myc expression in my RNA-seq dataset
(figure 4.7d) showed that it was significantly increased by TGFp treatment (paired two-sample t-test
p=0.0002, dashed bracket), and this increase in expression was significantly reduced by the use of
NEDD9 siRNA (paired two-sample t-test p=0.003, solid bracket). The c-Myc oncogene governs a host of
cellular effects in cancer, however, it is known to be key in regulating both proliferation and metabolism
in cancer (Miller et al. 2012), and is known to directly regulate both glucose and glutamine metabolism
(Dang 2010). The link between c-Myc and glutamine catabolism is especially interesting due to the
observation in the previous chapter that both TGFp treatment and NEDD9 perturbation demonstrated

profound effects on the metabolism of *C labelled glutamine.

Finally, GSEA analysis from the molecular signatures database (MSigDB, gsea-msigdb.org) for hallmark
gene sets involved in metabolic processes revealed that both the glycolysis (figure 4.7e) and oxidative
phosphorylation (figure 4.7f) hallmark gene sets were enriched in samples from the scramble siRNA

TGFp treatment condition but not in the NEDD9 siRNA TGFf treatment condition.

Together, this data provides further evidence that NEDD9 is key in regulating metabolic processes
induced by TGFp signalling in the Claudin-low subtype of cell lines, and that for this regulation to occur,
the interaction between NEDD9 and PKM?2 is necessary. The data also suggest a role for Src and
Wnt/B-Catenin signalling, possibly through Wnt/B-Catenin induced c-Myc expression, which as

previously discussed is key in the regulation of glucose and glutamine metabolic processes.

4.7 PKM2 transcriptional regulation

As discussed previously, in addition to known effects in the direct regulation of glucose metabolism,
PKM?2 is also involved in the transcriptional regulation of metabolic gene programs, and the
phospho-proteome analysis (chapter 2.5) indicates this may be occurring in the Claudin-low

MDA-MB-231 cell line.
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Figure 4.8. Cellular fractionation experiments to identify PKM?2 cellular localisation

Seven day suspension mammosphere cultures of cell lines MDA-MB-231 and HCC1954 treated for 24
hours with vehicle control (DMSO), 100 nM TGFB, or 100 nM TGF plus 10uM TGEFp inhibitor
SB431542. NEDD?9 expression was perturbed using a stable knockdown of NEDD9 in MDA-MB-231
expressing a short-hairpin generated against the NEDD9 coding sequence (231-ShNEDD9Y) or stable
incorporation of the empty vector control (231-ShEV). Cell pellets were collected at day 7 for lysis and
fractionation into the cytosolic, nuclear soluble and nuclear insoluble (chromatin) fractions. Lysates from
each fraction were then separated using SDS PAGE and probed for NEDD9 (a)
Additionally, samples from each fraction were probed against Beta-Actin and Histone H3 as a control for
nuclear soluble and nuclear insoluble/chromatin fractions (c). All western blot figures are representative

of at least three biological replicates. 73

and PKM2 (b).



To investigate any potential PKM2 nuclear translocation, and whether it was NEDD9 dependent, 1
performed cellular fractionation experiments [methods 12] by isolating the cytoplasmic, nuclear soluble
and nuclear insoluble or chromatin-associated cellular fractions. Seven-day suspension mammosphere
cultures of MDA-MB-231, HCC1954 or MDA-MB-231 with stable expression of either a short-hairpin
generated against the NEDD9 coding sequence (231-ShNEDD9) or the empty vector control (231-ShEV)
[methods 9] were prepared. Cell pellets were collected from cultures treated for 24 hours with either
vehicle control (DMSO), 100 nM TGFB or 100 nM TGFp plus 10 uM TGFp inhibitor SB431542. The
resulting lysates were separated by SDS PAGE and immunoblotting for NEDD9 and PKM2 was
performed. Additional membranes were also probed for Beta-Actin and Histone H3 as positive controls
for the cytoplasmic, nuclear soluble and nuclear insoluble fractions.

NEDD9 immunoblotting (figure 4.8a) revealed that NEDD9 cellular location was predominantly
cytoplasmic, with the upper phosphorylation band form induced by TGFp treatment as previously
described. Some nuclear translocation of NEDD?9 to the chromatin in the parental MDA-MB-231 cell line
was evident in the TGFB and TGFp plus inhibitor conditions. Unfortunately, however, the signal in the
chromatin fraction for the Sh-NEDD9 was masked by overspill from the strong signal in the neighbouring
HCC1954 lane. PKM2 protein expression at the cytoplasmic level remained consistent across all
treatment conditions as previously observed (figure 4.8b), but increased nuclear translocation of PKM2
was observed in response to TGFf treatment in the parental MDA-MB-231 cell line. However, this TGFf3
induced increase in nuclear PKM2 (both soluble and chromatin-associated) was further increased in both
cell lines expressing the stable short-hairpin, suggesting this effect may be related to the presence of the
short-hairpin. Consistent expression of NEDD9 and PKM2 across all conditions and cellular locations in
the HCC1954 cell line demonstrated that the changes in expression and cellular location observed in
MDA-MB-231 are phenotypic of the Claudin-low cell type. Additionally, the positive controls (figure
4.8¢) demonstrate that the fractionation experiment was successful, with -actin and histone H3 being

enriched in the cytoplasmic/nuclear soluble and chromatin fractions respectively.

To make any definitive conclusion on PKM2 cellular localisation in the Claudin-low cell line
MDA-MB-231 and changes that may occur in response to TGFf treatment, it would be necessary to
repeat this experiment using the commercial siRNA, as used in the majority of previous analyses. The
analysis of cellular fractionations in the cell lines containing the short-hairpin (both empty vector control
and NEDD?9 targeting) indicate that the presence of the short-hairpin alone may be influencing PKM2
cellular localisation. Additionally, the NEDD9 RNA sequence targeted by the short-hairpin is different

from that of the commercial siRNA pool, so a direct comparison between the two conditions cannot be
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made. However, these preliminary results suggest that in the parental MDA-MB-231 cell line, nuclear

translocation of PKM2 was induced by TGFp treatment.

4.8 Summary

Together, the results in this chapter indicate that, like NEDD9, levels of PKM2 expression are not
sufficient to predict worse outcomes in a breast cancer clinical cohort. However, both NEDD9 and PKM2
are key in regulating metabolic cellular processes in the Claudin-low subtype in response to TGFf
signalling. It appears that the interaction between NEDD9 and PKM2 may be significant in modulating
PKM2 dimer/tetramer dynamics and, therefore, the balance between anabolic and catabolic metabolism,
the formation of glycolytic intermediates and increased self-renewal of cancer stem cells. Although in
response to TGFp signalling NEDD9 mediates a modest increase in glucose metabolism, it is the effect on
oxidative phosphorylation and glutamine metabolism that are the most striking. Analysis of NEDD9
post-translational modifications identified kinase substrate motifs for both Src and GSK3, indicating that
Wnt/B-Catenin signalling may be important in regulating the metabolic effects observed. Previously
published links between PKM2 and c-Myec, alongside the TGFf dependent increase in c-Myc expression
observed in the MDA-MB-231 cell line suggest that c-Myc may also be involved in the regulation of
TGFB induced metabolic changes. Analysis of a nuclear role for PKM2 in the MDA-MB-231
Claudin-low cell line suggested PKM2 nuclear translocation may be occurring in response to TGFp

treatment, but further experiments are necessary to confirm this.
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5. NEDDY9/TGFf oncogenic activity as a biomarker in

Claudin-low breast cancer

5.1 Preface

In the previous three chapters, I have extensively characterised NEDD9 expression and function in
response to TGFp signalling and the role NEDD9 plays in the regulation of breast cancer stem cell
self-renewal in the Claudin-low subtype of breast cancer. I investigated NEDD9 dependent gene
expression programs initiated by TGFp signalling and the functional output of these. I also investigated

the regulation and function of the key NEDD?9 interacting protein PKM2.

In this final chapter, I aim to investigate the translational application of these findings and whether
NEDD9 dependent TGFp pathway activation is a biomarker for cancer subtype. I will also investigate if
any correlation exists between NEDD9 dependent pathways and response or resistance to cancer therapy
in ex-vivo models. In the preceding chapters, I have demonstrated that the expression levels of NEDD9
and PKM2 alone are insufficient to predict breast cancer stem cell dynamics in response to TGF[
treatment in vitro, or patient prognosis in large breast cancer patient cohorts. Therefore, to derive a
biomarker of TGFf oncogenic effects, it is necessary to look at downstream effects of NEDD9 dependent

TGFp signalling and PKM2 activity.

5.2 The CRUK-CI biobank of patient-derived tumour xenograft models

To perform the analyses outlined in this chapter, I used a combination of data from large breast cancer
clinical cohorts and experiments using patient-derived tumour xenograft (PDTX) models. As previously
discussed in the introduction, the use of PDTX models in both elementary oncology, and translational
research is rapidly increasing. Unlike cell line or GEMM, PDTX models retain the intra-tumour
heterogeneity, genetic, molecular and histological features seen in the originating tumour even following
serial passage making them a more faithful representation of cancer in the patient. Over the past ten years,
the Caldas lab has generated a large biobank of PDTX models from both primary and metastatic breast

cancer, a project I have been heavily involved in under the supervision of Dr Alejandra Bruna.
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Figure 5.1. The CRUK-CI breast cancer PDTX biobank

(a) Schematic demonstrating the workflow for PDTX generation, expansion and downstream
application. (b) Heatmap or Pearson correlation scores across different molecular data types (Bruna
et al. 2016). (¢) Bar plots showing the IntClust distribution of PDTX models (n = 40; shadowed) and
for comparison primary breast cancers from METABRIC (n = 1,980; dense) (Bruna et al. 2016). (d)

Histological and molecular features of 53 PDTX models profiled by mass cytometry (Calliari M et
al. 2021)
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As of January 2021, the PDTX biobank comprises 64 models that have been generated in-house and
extensively characterised at the molecular and genomic level, and have also undergone analysis of drug
response to a panel of commonly used anti-cancer agents. The biobank includes models representing all
breast cancer subtypes and most integrative clusters and additionally, contains two pairs of matched
primary and metastatic models. We have developed a method to derive short-term in vitro cultures
(PDTC) from PDTX models for use in high-throughput drug screening for preclinical studies (Bruna et al.
2016). The generation of the PDTX biobank represents a remarkable collaboration between numerous
teams both within the CRUK-CI and Cambridge Breast Unit, Cambridge University Hospital NHS
Foundation Trust, but first and foremost, the incredible generosity of the patients who donate their tissue.
To create the PDTX biobank, surgically resected primary breast cancer tissue, biopsies from metastatic
sites including, brain, skin, liver, bone, axilla and lymph node, pleural effusions or ascites were obtained
from patients following informed consent. The research was performed under the appropriate approval by
the National Research Ethics Service, East of England-Cambridge Central. (A full list of participating
clinical trials is outlined in Appendix 1). Tissue segments were encased in Matrigel® matrix (Corning)
before implantation into highly immune-compromised NSG mice (NOD.Cg-Prkdcscid I12rgtm1Wjl/Sz],
www.jax.org) as described (Bruna et al. 2016).

Figure 5.1a outlines the workflow used to generate the biobank from primary implantation through
expansion, biobanking and analysis. As previously mentioned, the established biobank is highly annotated
and extensively characterised at both the genomic and molecular level, using a combination of genome
sequencing, RNA expression analysis, DNA methylation analysis, immunohistochemistry, mass
cytometry, and drug response analysis. Figure 5.1b (from Bruna et al. 2016) is a heatmap of Pearson
correlation scores demonstrating the clear variation seen between tumour samples from different patients.
This variation is much reduced however when comparing the originating tumour to the PDTX model,
PDTX replicates from the same model passage, different PDTX passages from the same model and
PTDX tumours compared to the short-term PTDC cultures generated from them. Figure 5.1¢ (also from
Bruna et al. 2016) demonstrates the percentage frequency of IntClust subtypes arranged by prognosis,
across the 40 PDTX models analysed for this publication. Hatched bars represent the distribution of the
PDTX models and solid bars represent the IntClust subtype in 1,980 primary breast cancers from the
METABRIC cohort for comparison. Poor prognosis, IntClust 10 tumours are over-represented in the
biobank, but most other subtypes are represented. The over-representation of IntClus 10 is likely a
reflection of the fact that these tumours grow more quickly and are therefore more likely to engraft in the
limited timescale of the lifetime of a mouse. In an attempt to overcome the obstacle of slow implantation
rates from less aggressive tumour types, PDTX from slower-growing models that demonstrate some

growth at 12 months following primary implantation are routinely re-implanted into a new host.
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Figure 5.2. NEDD9Y copy number and gene expression in the PDTX biobank

(a) NEDD9 copy number analysis in BCaPE (http://caldaslab.cruk.cam.ac.uk/bcape), representing
number of models that are CN loss, CN neutral and CN gain. (b) Box and whisker plot for NEDD9
RNA expression transcripts per million (TPM) across breast cancer subtype. (¢) Mean NEDD9 RNA
expression TPM in the 30 most extensively characterised PDTX models, including primary sample and
different PDTX passage. Bar colours indicate PAMS50 breast cancer subclass and internal numbers
represent Integrative cluster. Coloured squares represent NEDD9 copy number, where tested. Error bars
represent +s.d. of at least two different passages.
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Figure 5.1d (Callari et al. 2021) represents the histological and molecular features of 53 PDTX models
(including the 40 analysed in Bruna et al. 2016) profiled using mass cytometry, demonstrating the

molecular heterogeneity present in the PDTX biobank.

5.3 NEDD?9 copy number and gene expression in the PDTX biobank

To gain an understanding of NEDD9 expression and copy number variation in the PDTX biobank, I
queried the Breast cancer PDTX encyclopedia (BCaPE) (http://caldaslab.cruk.cam.ac.uk/bcape). Almost
half (15/32) of PDTX models analysed were NEDD9 copy number neutral (figure 5.2a), and a smaller
proportion displayed copy number gain (10/32) or copy number loss (7/32). The box and whisker plot
(figure 5.2b) demonstrated a wide variation in NEDD9 mRNA expression (TPM) across the models
tested. However, median expression levels for NEDD9 were lower in models from the Her2 PAMS0
subtype and higher in models from the Luminal B PAMS50 subtype, with models from the Basal and
Luminal A subtypes demonstrating similar levels of expression. Next, I analysed individual PDTX
models in more detail (figure 5.2¢), the IntClust subtype (number inside bar) were distributed across all
models but a greater number of models were classified as the poor prognosis IntClust subtype 10 in
models with lower expression of NEDDO9 (6/15 in the top 50% expression, versus 8/15 in the bottom
50%). Models with NEDD9 copy number loss (red squares) were clustered at the lower range of NEDD9
expression, whereas models with copy number gain (blue squares) were distributed across the range.
Unfortunately, the PDTX cohorts tested for copy number and mRNA expression have a limited overlap,
and only with future full testing of the PDTX biobank will it be possible to determine if a true correlation
between NEDD9 copy number and NEDD9 gene expression exists. This analysis mirrors the finding from
section 2.1, where I found a wide range of NEDD9 gene expression and no correlation with either poor
prognosis subtypes or correlation between poor outcome and NEDD9 copy number state in patient sample

cohorts.

These data illustrate similar diversity exists, in terms of NEDD9 copy number and gene expression in the

PDTX cohort, when compared to the patient clinical cohort in section 2.1.

5.4 PDTX protein expression as a biomarker of pathway activation

To utilise PDTX models as translational tools in this thesis, it was first important to understand if the

signalling mechanisms and biological processes that were seen in cell lines representative of the

80



Claudin-low subset of tumours were recapitulated in PDTX models. To investigate this, I first selected a
refined panel of PDTX models. As with the selection of the cell line panel in chapter 2.3, I used the
Claudin-low score to define two PDTX categories; (i) Claudin-low, and (ii) “others” (non-Claudin-low).
From the range of scores calculated, models in the Claudin-low category were models with the highest
Claudin-low scores, whereas the models in the “others” category had the lowest. The Claudin-low score
was calculated by Dr Oscar Rueda (MRC Biostatistics Unit, Cambridge) using the method described by
Prat and colleagues (Prat et al. 2010). Table 5.1 below lists the models selected along with their

originating sample type, PAMS50 classification, Integrative cluster classification and Claudin-low score.

STG316T

Primary breast

Basal

GAIN

0.302 13

AB630M Brain metastasis Basal 10 0.214 2.7 NEUTRAL
STG139T Primary breast  Basal 10 0.186 1.8 LOSS
STG139M  Lung metastasis Basal 10 0.151 1.1 LOSS
ABS580T Primary breast  Luminal B 8 -0.213 2.1 GAIN
AB551M Brain metastasis Luminal B 5 -0.219 1.1 GAIN
STG195M  Pleural effusion Luminal B 8 -0.294 3.2 NEUTRAL
STG143T Primary breast  Luminal B 8 -0.318 1.7 NEUTRAL ,

Table 5.1. A panel of PDTX models representing the Claudin-low and “others” breast cancer group. The
upper section represents models belonging to the Claudin-low group and the lower section represents those
belonging to the “others” group, as classified by the Claudin-low score. Higher Claudin-low scores correlate

with poorer prognosis subtypes, but not with NEDD9 expression or copy number status.

The models with higher Claudin-low scores belonged to the more aggressive basal PAMS0 subtype and
poor prognosis integrative clusters 10 and 4, whereas models classified as “others” belonged to the less
aggressive Luminal B subtype and better prognosis integrative clusters 8 and 5. As observed in figure
5.2¢, NEDD9 RNA expression did not correlate with Claudin-low classification, however, models which
were NEDDO9 copy number neutral and gain were represented in both groups but models with NEDD9
copy number loss were present in the Claudin-low group only. There was also no correlation observed
between originating sample type and Claudin-low score, with two primary and two metastatic samples in
each group. These observations agree with the heterogeneity observed in breast cancer, even within the
Claudin-low subtype as recently highlighted by Pommier and colleagues (Pommier et al. 2020). Using
this refined panel, I queried the reverse-phase protein array (RPPA) data generated in collaboration with
the laboratory of Professor Gordon Mills at the Oregon Health and Science University (USA). Where
available, multiple passages from each model were used as biological replicates except for AB630,

AB551 and STG143 where only one passage was available for analysis. Multiple passages from the same
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model used as biological replicates are represented in the figures by the suffix Xn and were included in
the statistical analysis. Heatmaps were generated to visualise differences in normalised linear transformed
protein expression and, for each protein analysed, a two-tailed Student’s t-test was performed to assess the
statistical significance of the difference in expression between the Claudin-low and “others” group.
Protein expression was displayed by the sample group, with the PDTX models belonging to the
Claudin-low group in the upper section of each heatmap and models belonging to the “others" group in

the lower section.

As previously discussed, neither NEDD9 nor PKM2 expression levels are representative of TGFf
oncogenic effects, so I first looked at the protein expression of TGFp pathway components in the data.
Figure 5.3a demonstrates that there were no significant differences between SMAD expression and PDTX
subtype in this analysis, and therefore no conclusions could be made on TGFf signalling activity in these
models. Unfortunately, an antibody against phospho-SMAD2 was not included in the RPPA panel, the
inclusion of this antibody would have proven more indicative of TGFf signalling activity as is seen in

western blots.

I next investigated signalling pathways downstream of TGFf signalling which I had previously identified
as being NEDD9 dependent. First, the expression of Src and the Src-pY416 and Src-pY527
phosphorylated tyrosine forms of Src (figure 5.3b). Phosphorylation at these tyrosine residues has been
linked to the regulation of Src kinase activity by influencing Src conformation (Irtegun et al. 2013;
Spassov et al. 2018). Phosphorylation of Src-Y527 stabilises the closed conformation of Src, suppressing
kinase activity, and Src-Y416 phosphorylation promotes kinase activity by stabilising an open protein
structure allowing for substrate binding. Figure 5.3b indicates that although within the group of models
belonging to the Claudin-low phenotype, both STG139T and STG139M expressed higher levels of Src
and both phospho-forms than STG316, as a whole there was no statistical difference between the
Claudin-low and “others” group in terms of Src and phosphorylated-Src expression. Next, I moved to
look at the regulation of pathways downstream of Src signalling, focussing first on the PI3K/AKT/mTOR
pathway. This pathway is a signalling pathway involved in cell cycle regulation, and cell proliferation and
is frequently hyperactive in cancer, specifically in the regulation of cancer stem cell dynamics (Bahmad et
al. 2018; P. Xia and Xu 2015). Figure 5.3c shows no significant difference was identified in the protein
expression levels of the PI3K-p85 regulatory subunit and both catalytic PI3K-p100 subunits a and f
between the Claudin-low and “others” group. Levels of AKT expression were significantly lower in the
Claudin-low subgroup than the “others” group, but no significant difference was observed in the levels of
both the AKT-pS473 and AKT-pT308 phospho-forms.

82



A4

mo|-uipnepd

g

s13Y10

a b
Smad3 Smad4 Src Src_pY416 Src_pY527
STG316-X1 1.036 0.960 ¢ STG316-X1 0.856 0.774 0.903 +
STG316-X2 1.021 0.962 STG316-X2 0.787 0.776 1.051
STG316-X3 @] STG316-X3 0.822 0.700 1.034 o
AB630-X1 g AB630-X1 1.358 1.281 0.976 QC"
STG139T-X3 1.098 1.078 o STG139T-X3 1136 1.838 1.776 o
STG139T-X4 0.987 1.105 =1 STG139T-X4 1.253 1.244 1.505 =1
STG139T-X5 0.962 1.165 é— STG139T-X5 1.301 0.880 1.392 6—
STG139M-X3 1.288 b= STG139M-X3 |  1.204 1.133 1.458 =
STG139M-X4 1.288 STG130M-X4 | 1.172 1.210 1.126
STG139M-X6 |  0.947 1302 It STG139M-X6 |  1.083 1.161 0.926 {
ABS580-X0 1.018 1.011 AB580-X0 1.025 0.902
AB580-X1 1.087 1.053 '®) AB580-X1 1.105 0976 o
ABS551-X1 1.255 1.000 = AB551-X1 0.933 1 ~
STG195-X2 0.920 0.948 g STG195-X2 1.015 1.129 0.873 (:3-
STG195-X3 0.915 0.973 3 STG195-X3 1.089 1.339 1.608 3
STG195-X4 0.988 STG195-X4 0.963 0.917 0.747
STG143-X2 1.176 0.927 . STG143-X2 1.163 0.864 1.001 I\
ns ns ns ns ns
C
mTOR_pS244
PI3K-p85 | PI3K-p110-a | PI3K-p110-b Akt Akt_pS473 | Akt_pT308 PDK1 mTOR 8
STG316-X1 0.815 1.056 1.020 0.910 2.521 1.914 1.013 1.206 1.149
STG316-X2 0.821 1.029 1.201 2.183 1.606 0.964 1.060 1.119
STG316-X3 0.945 1171 1.012 2.898 2.110 1.002 1.235 1.189
AB630-X1 1317 1.202 1.003 1.353 1.477 1.132 1.011 0.903
STG139T-X3 0.995 0.969 0.914 1.238 2.637 1.191 0.772 1.000
STG139T-X4 0.887 0.894 1.005 0.856 1.848 1.913 1.102 0.872
STG139T-X5 1.200 0.891 1.004 1.059 2.540 1.886 1.059 1.023 1.018
STG139M-X3 |  1.097 0.828 0.948 0.904 2.106 1.856 1.016 0.928 0.844
STG139M-X4 |  1.252 0.877 0.953 0.825 2.081 1.912 1.229 0.873 0.930
STG139M-X6 |  1.279 0.780 1.027 0.964 2.054 1.793 1.032 0.986 0.933
ABS580-X0 1.694 1.348 1.017 1.330 1.454 1.291 1.245 1.469 1.222
AB580-X1 1533 1.220 1.071 1.475 1.429 1.536 1.152 1.265 1.202
ABS551-X1 0.796 1.099 0.803 1.461 2.393 1.530 0.927 119 1216
STG195-X2 1.038 0.895 0.958 1.448 1.020 0.733 1.642 1.635 1.558
STG195-X3 1375 0.925 0.953 1.501 2.389 2.048 0.968 1.202 1.135
STG195-X4 0.948 1.410 1.025 1.330 1.401 0.876 1.063 1.505 1.432
STG143-X2 1313 0.911 1.005 1178 1.157 1.046 1.605 1.228 1.157
ns ns ns ok ns ns ns L] bd

Figure 5.3. RPPA protein

activation in PDTX models
Normalised linear transformed protein expression of (a) SMAD3/4 (b) Src and phosphorylated Src and
(¢) members of the PI3K/AKT/mTOR signalling pathway downstream of Src activation in a panel of
PDTX models. Models in the upper section of each heatmap represent models categorised as Claudin-
low by correlation with the Claudin-low centroid (Prat et al. 2010). Models in the lower section of
each heatmap represent those classified as non-claudin —low/others. Multiple rows for the same model
represent biological replicates from consecutive passages as indicated, where available. For each
heatmap the two-tailed Student’s t-test was used for statistical analysis of difference in expression
between the two groups, ns indicates not significant, ** indicates P=<0.01, *** indicates P=<0.001

&3

expression as a biomarker of TGFpB and Src signalling pathway



Phosphorylation of the Akt S473 and T308 residues is necessary for AKT activation and phosphorylation
of downstream substrates (Vanhaesebroeck and Alessi 2000). Tyrosine308 located in the AKT activation
loop is phosphorylated by PDK1 (downstream of PI3K) and Serine473, located in the hydrophobic motif;
is activated by the mTORC2 complex. Interestingly, levels of PDK1 expression were not significantly
different between the groups, but the expression of mTOR (and phosphorylated mTOR-pS2448, which
regulates mTORC complex formation) was significantly lower in the Claudin-low group. This suggests
that in the “others” group, AKT activation is occurring via the usual canonical route, however, in the
Claudin-low group, AKT activation may be occurring via an alternative, non-canonical mechanism.
Non-canonical AKT signalling has been widely studied and there is published evidence for several

alternative mechanisms (Nim et al. 2015).

PI3K/AKT signalling is understood to enhance Wnt signalling, as this pathway was regulated by NEDD9
in both the whole proteome (chapter 2.6) and gene expression (chapter 2.7) analyses, I looked at the levels
of B-Catenin and GSK3 in the RPPA analysis. B-Catenin is a crucial transcription factor in Wnt signalling
and aberrant activation of this pathway leads to the accumulation of B-Catenin in the nucleus resulting in
the expression of many oncogenes (Shang, Hua, and Hu 2017), including c-Myc which as previously
discussed is key in the regulation of PKM2 expression (chapter 4.2.1). Glycogen synthase kinase-3
(GSK3) is a serine/threonine kinase with known roles in regulating numerous cellular processes,
including the PI3K/ATK/mTOR, Ras/Raf/MEK/ERK and Wnt/B-Catenin signalling pathways, and
aberrant activity of GSK3 has been implicated in a wide range of human diseases (McCubrey et al. 2014).
The GSK3 family consists of GSK3a and GSKf, which are structurally similar but demonstrate different
substrate specificity. GSK3 activity is regulated by phosphorylation, with inactivation of kinase activity
caused by phosphorylation at serine 21 and serine 9 in GSK3a and GSKJ, respectively. In its active,
non-phosphorylated form, GSK3f forms a complex with APC or Axin to phosphorylate and inactivate
B-Catenin. Figure S.4a illustrates how B-Catenin levels are significantly higher in PDTX from the
Claudin-low group compared to “others" but this does not correlate with B-Catenin phosphorylation, nor
does AKT phosphorylation (figure 5.3¢) correlate with B-Catenin phosphorylation as would be expected
in canonical Wnt/B-Catenin signalling. However, Yang and colleagues describe a mechanism of Src
mediated B-Catenin phosphorylation at the alternative Y333 residue, not represented in the RPPA data so
its expression cannot be evaluated (Yang et al. 2011). When considered along with the findings of Li and
colleagues that in colorectal cancer NEDD?9 is a target of aberrant Wnt/p-Catenin signalling (Y. Li et al.
2011), this suggests that in the Claudin-low breast cancer subtype Wnt/B-Catenin signalling may be
important in regulating self-renewal. However, how NEDD9 is implicated in the regulation of

non-canonical Wnt/B-Catenin signalling in Claudin-low breast cancer is yet to be determined.
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Figure 5.4. RPPA protein expression as a biomarker of B-Catenin and metabolic signalling
pathway activation in PDTX models

Normalised linear transformed protein expression of (a) Wnt/B-Catenin/GSK signalling (b) the
Ras/Raf/MEK/Erk signalling pathway and (¢) glucose metabolic pathway components in a panel of
PDTX models. Models in the upper section of each heatmap represent models categorised as Claudin-
low by correlation with the Claudin-low centroid (Prat et al. 2010). Models in the lower section of each
heatmap represent those classified as non-claudin —low/others. Multiple rows for the same model
represent biological replicates from consecutive passages as indicated, where available. For each
heatmap the two-tailed Student’s t-test was used for statistical analysis of difference in expression
between the two groups, ns indicates not significant, * indicates P=<0.05, ** indicates P=<0.01
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As mentioned earlier in this chapter, the Ras/Raf/MEK/ERK pathway downstream of Scr activation is
also regulated by GSK, and the gene expression analysis in chapter 2.7 identified enrichment of gene sets
involved in MEK signalling in response to TGFP treatment. Figure 5.4b demonstrates little difference in
the RPPA expression data between PDTX categories in N-Ras expression, but increased expression of
A-Raf in the “others” category. Activation of MEK1 occurs through phosphorylation of serine 217 and
serine 221 by Raf, and the lower expression levels of A-Raf and phosphorylated MEKI in the
Claudin-low subgroup suggests that Ras/Raf/MEK/ERK pathway activation is lower in the Claudin-low

subgroup compared to the “others” group.

Finally, I analysed the expression of proteins involved in the glucose metabolism pathway, outlined in
figure 5.4¢. As previously observed in chapter 4.3, the expression of PKM2 is variable across all PDTX
models and no significant difference was seen between the groups. However, expression of Lactate
dehydrogenase Alpha (LDHA), Hypoxia-inducible factor 1-alpha (Hifla), and Forkhead box protein M1
(FOXM1) was significantly increased in the Claudin-low group when compared with the “others” group.
LDHA is a metabolic enzyme that catalyses the reversible conversion between pyruvate and lactate, and
tumours are known to express higher levels of LDHA compared to normal tissues as a reflection of the
transition to Warburg metabolism. Levels of serum LDH have been shown to correlate with poor overall
survival and reduced progression-free survival in breast cancer patients (D. Liu et al. 2019) and many
other cancer types. The significant increase in LDHA expression in the Claudin-low group mirrors the
effects seen in cell lines in chapter 4.5, where I demonstrated increased lactate production in the
Claudin-low cell line MDA-MB-231 compared with the non-Claudin-low cell line HCC1954. HIF-1 is a
transcription factor involved in the regulation of gene programs controlling glucose metabolism, cell
proliferation and migration, and angiogenesis, and its activity is frequently upregulated in cancer
(Semenza 2001; Masoud and Li 2015). The rapid growth of solid tumours often leads to a hypoxic
environment, triggering the activation of HIF-1. In hypoxic tumour cells, HIF-1 causes a shift in glucose
metabolism from oxidative phosphorylation towards glycolysis (the Warburg effect). To become active, a
complex between HIF-1 alpha and HIF-1 beta subunits forms; this complex then recruits further basic
helix-loop-helix proteins enabling HIF-1 DNA binding and activation of target gene transcription. One of
the many metabolic genes regulated by HIF-1 is LDHA, and this regulation has been demonstrated as
necessary for the growth and migration of cancer cells in pancreatic cancer (Cui et al. 2017) and gastric
cancer (Hao et al. 2019). Another HIF-1 target gene involved in the regulation of cancer cell growth and
survival via reprogramming of glucose metabolism is the proliferation specific transcription factor
FOXM1 (L. Xia et al. 2012). FOXM1 is a target of c-Myc and drives the expression of LDHA but not

Hexokinase 2 (HK2). Recently Ros and colleagues described how in ER-positive breast cancer,

86



downstream metabolic effects of FOXM1 expression could be utilised for metabolic imaging and rapid
assessment of patient treatment response to compounds targeting PI3K signalling (Ros et al. 2020).
FOXMI1 expression also appears to be key in the development of acquired resistance to therapy in
ER-positive breast cancer, as PDTX models with induced resistance to PI3K inhibitors show increased
levels of FOXMI1 expression (Ros et al. 2020). The expression of HK2, which as mentioned is not
directly targeted by increased c-Myc and FOXM1 expression, was not significantly different between the
Claudin-low and “others” groups, and neither was the level of Glutaminase. Glutaminase is the enzyme
responsible for the conversion of glutamine to glutamate, and the metabolic flux experiments in chapter
4.5 identified that TGFp induced increased catabolism of glutamine into glutamate through both the
oxidative and reductive carboxylation routes. However, no significant differences in Glutaminase
expression between the subgroups are evident in this analysis. Significant differences in PI3K/AKT
signalling and the increased expression of Hifla, LDHA and FOXMI1 in the Claudin-low subgroup
indicates significant metabolic reprogramming and altered glucose metabolism in this group of PDTX,
and also suggests that models belonging to this group may be sensitive to compounds targeting

PI3K/AKT signalling.

Results of this analysis illustrate that protein expression indicating differential regulation of signalling
pathways in the Claudin-low PDTX group compared to the “others” group, strengthen the observations of
signalling pathways highlighted as significant in previous cell-line analyses. Pathways with significant
differences in activity between the Claudin-low subgroup compared to the “others” were the
PI3k/AKT/mTOR pathway, the Wnt/B-Catenin pathway and pathways regulating glucose metabolism.
These findings strengthen previous data indicating that regulation of these pathways in response to TGFf3
treatment is NEDD9 dependent in the Claudin-low subtype. However, as it was not possible to directly
assess TGFP activity in this analysis due to the absence of a pPSMAD2 antibody, I cannot directly ascribe
the observed changes to TGFf signalling activity.

5.5 Drug response in PDTX models stratified by TGFf signalling

The previous analysis demonstrated significant differences in cell signalling pathway activation in PDTX
models belonging to the Claudin-low subset when compared to models from the “others” category. Whilst
this is an indicator that in these models we see the activation of cellular processes similar to those
observed as dependent upon NEDD9 in response to TGFp signalling in Claudin-low cell lines, the
activation of these pathways cannot be directly attributed to TGFp signalling.
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Figure 5.5. Protein expression by IHC as a biomarker of signalling pathway activation in PDTX
models

(a) Phospho-SMAD?2 IHC expression in a panel of PDTX models belonging to the Claudin-low subtype
(AB630M, STG316T, STG139M and STG139 top panel) and “others” (STG143T and STG195M, bottom
panel). An established passage X3 tumour was used for each model except in the case of AB630M and
STG143T, where this was not available. (b) Quantification of IHC pSMAD?2 nuclear staining intensity.
(¢) Individual drugs and drugs groups used for ex-vivo high throughput drug screens. (d) AUC values
from high throughput drug screens using drugs targeting growth factor signalling pathways. Drug screen
comparisons were performed in two PDTX models from the Claudin-low group with high TGFf pathway
activity (STG316T) and lower TGFp pathway activity (STG139M). The bold line represents the arbitrary
AUC threshold value of 0.2, above which models are considered sensitive.
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To assess TGFp signalling pathway activity in the panel of PDTX models used for the RPPA analysis, I
analysed phospho-SMAD2 (pSMAD2) expression levels by immunohistochemistry (IHC) in tissue
microarrays (TMA) which had been prepared from formalin-fixed, paraffin-embedded PTDX tissue. For
each of the models analysed, I used an established passage X3 tumour, except in the case of AB630M,
and STG143T which had not reached this passage level at the time of testing. Figure 5.5a illustrates the
staining achieved for the four models belonging to the Claudin-low subset (upper section) and two models
representative of the “others” group (lower section). The degree of pSMAD2 expression is indicated by
the intensity of brown 3,3'-diaminobenzidine (DAB) staining; a hematoxylin counterstain was also used to
identify nuclei, but as pSMAD2 expression is predominantly nuclear, the hematoxylin staining was
somewhat obscured. Expression of pSMAD2 and, therefore, TGFp signalling pathway activity was
variable across all six models analysed. The intensity of nuclear pPSMAD?2 staining was quantified using
the HALO multiplex IHC software (Indica Labs) and the same intensity threshold settings were used for
all models across the TMA. Thresholds were set to quantify nuclei with weak, moderate and strong
pPSMAD? staining. AB630M was not included in this analysis as this core was from a different TMA, and
therefore a direct comparison of staining intensity could not be made. Quantification of pPSMAD2 staining
(figure 5.5b) demonstrated that STG316T had the highest number of nuclei with strong and moderate
staining whereas STG139M had the lowest, therefore I chose these models to investigate high throughput
drug response data. Interestingly, although in cell lines we demonstrated NEDD9 expression as an
indicator of TGFpB pathway activation through a positive feedback loop, these two models demonstrate
very similar levels of NEDD9 mRNA expression (Table 5.1). However, STG316T is a model with
NEDD?9 copy number gain and STG139M has a NEDD9 copy number loss.

Using short-term ex-vivo cultures prepared from STG316T and STG139M, two PDTX models which
exhibit high and low TGFp pathway activation respectively, I investigated drug response data in a panel
of compounds spanning a range of cellular targets, and which were either approved cancer treatments or
drugs targeting key cancer pathways. The compounds were grouped into four categories, targeting growth
factor signalling, the MEK/ERK and PI3K pathways, cell cycle progression and apoptosis, and DNA
damage repair processes and DNA methylation. A full list of the drugs and their targets can be seen in
figure 5.5¢. The data generation for this analysis was performed by Dr Elham Esmaeilishirazifard also
from the Caldas laboratory, CRUK-CI, using the method described [methods 16] (Bruna et al. 2016).
Additional drug screen data generated in collaboration with Dr Matthew Garnett at the Wellcome Sanger

Institute, Cambridge, UK is also publicly available at https://caldaslab.cruk.cam.ac.uk/bcape/. For each

model tested, a dose-response curve was generated using a range of drug concentrations based on the

published IC50 for each compound. Seven days after drug treatment, cell viability was assessed using the
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CellTiter-Glo® 3D assay (Promega), a bioluminescent assay that measures ATP generated by live cells as
an indicator of viability. From the viability measure at each drug concentration, a dose-response curve
was generated and the area under the curve (AUC) was calculated as an indicator of drug sensitivity. An
AUC of 1 indicates a drug that is toxic to cells at all concentrations tested and an AUC of 0 indicates a
drug that is not toxic at any concentration. Based on the range of data we observed in our PDTX models,
we set an arbitrary threshold of AUC 0.2, above which models are considered sensitive to a drug. In
analysing the drug screen data, I aimed to identify compounds that showed distinctly different drug
responses between the STG316T and STG139M models, and especially to identify drugs where resistance
was observed in one model over the other. These differences would indicate that in these models, both
from the same Claudin-low subtype, oncogenic TGFp signalling may be responsible for observed
variations in drug response.

The first drug panel I analysed was for drugs targeting growth factor signalling. Figure 5.5d illustrates
that although STGI39M was extremely sensitive to drugs targeting IGFRI/ALK signalling and
ERBB/HER?2 signalling, STG316T was resistant to all drugs in this panel. Interestingly, neither model
was sensitive to inhibition of TGFp signalling by the ALKS inhibitor AZ12601011, although TGFp
signalling is occurring in both models as evident from the IHC analysis of pSMAD?2 expression. Analysis
of drugs targeting the MEK/ERK and PI3K signalling pathways (figure 5.6a) demonstrated major
differences in drug response in response to the PI3K targeting drug BEZ235, where only STG316T was
sensitive, and also the PI3K-alpha inhibitor AZD8835 and pan-PI3K inhibitor GDC-0941, where the
opposite response was observed with only STG139M demonstrating sensitivity. Analysis of compounds
targeting cell cycle progression and apoptosis (figure 5.6b) revealed that STG139M was sensitive to the
ribosomal RNA synthesis inhibitor CX-5461 and the apoptosis-inducing B-cell lymphoma-2 (BCL2)
protein family inhibitor ABT-263, whereas STG316T was not. Conversely, STG316T was sensitive to
AZDA4320, another BCL2 protein family inhibitor, and to AZD4573 and AZD5576 both of which are
cyclin-dependent kinase 9 (CDK9) inhibitors. Analysis of compounds targeting DNA damage repair
processes and DNA methylation (figure 5.6¢) demonstrated that overall both models are less sensitive to
these classes of compounds, STG316T was sensitive to the BET-bromodomain-4 inhibitor AZD5153, the
checkpoint kinase CHEK1/2 inhibitor AZD7762 and the PARP1 inhibitor BMN-673. When comparing
resistance to drugs in both models, STG316T was more resistant to drugs targeting growth factor
signalling, and DNA damage repair processes, whereas STG139M demonstrated resistance to drugs

targeting MEK/ERK signalling and cell cycle progression.
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Figure 5.6. High throughput drug screens in Claudin-low group models with high versus low
TGFp pathway activity.

AUC values from high throughput drug screens using drugs targeting (a) the MEK/ERK and PI3K
signalling pathways, (b) Cell cycle progression and apoptotic processes and (¢) DNA damage repair
and methylation processes. Drug screen comparisons were performed in two PDTX models from the
Claudin-low group with high TGFP pathway activity (STG316T) and lower TGFp pathway activity
(STG139M). The bold line represents the arbitrary AUC threshold value of 0.2, above which models
are considered sensitive.

91



The results from high-throughput drug screens demonstrate diversity in drug response in PDTX models.
However, when models classified as Claudin-low were stratified by pPSMAD?2 expression, an indicator of
TGFp signalling, differences in drug sensitivity emerged. STG316T, a model with high TGFp signalling
demonstrated sensitivity to a wide range of drugs targeting PI3K/AKT/mTOR signalling and cell cycle
regulation, however, this model was resistant to compounds targeting growth factor signalling and DNA
damage repair processes. In STG139M, a model demonstrating lower levels of TGFp signalling,
sensitivity to compounds targeting IGFR1/ALK, ERBB2 and PI3K signalling was observed, but these

models were more resistant to drugs targeting MEK/ERK signalling and cell cycle progression.

5.6 Drug sensitivity and Wnt/B-Catenin signalling

Due to observations made earlier in this chapter and in chapter 2 on the significance of Wnt signalling in
the Claudin-low subtype, I also analysed response data to drugs targeting the Wnt signalling pathway. For
this analysis, it was necessary to look at the previous analysis performed in collaboration with Dr

Matthew Garnett (https://caldaslab.cruk.cam.ac.uk/bcape/), as drugs targeting the Wnt pathway are not

included in the currently used drug panel. Figure 5.7a demonstrates that STG139M was sensitive to the
GSK3 inhibitor CHIR-99021, whereas STG316T was resistant. Although CHIR-99021 is a drug that
targets the Wnt/B-Catenin signalling pathway, the direct target of this drug is GSK3. In canonical
Wnt/B-Catenin signalling, GSK3 regulates B-Catenin transcriptional activity by phosphorylation and this
phosphorylation targets B-Catenin for ubiquitylation and proteasomal degradation (Wu and Pan 2010).
Where GSK3 is inhibited, either via PI3K/AKT signalling or by the use of a GSK3 inhibitor drug, this
triggers P-Catenin mediated transcriptional activation. As mentioned in chapter 2.5, GSK3 is a
serine/threonine kinase known to regulate a multitude of cellular processes, it is possible the sensitivity to
CHIR-99021 observed in STG139M is via one of these other mechanisms, separate to Wnt/B-Catenin
signalling. Another drug recently shown to inhibit Wnt signalling is the Bromodomain and extra terminal
domain family (BET) inhibitor JQ1. Bromodomain-containing proteins regulate the processes of
chromatin remodelling and transcriptional regulation through binding to acetylated histone lysine residues
and acting as scaffolds for the recruitment of transcriptional regulatory complexes, this process is
frequently dysregulated in cancer (Andreoli et al. 2013). JQ1 competes with BET proteins for binding to
histone acetylation sites thus inhibiting transcription of target genes. However, recent studies into the
mechanism of action of JQ1 have revealed that it causes cell cycle arrest and downregulation of genes

involved in self-renewal, including WNT (Alghamdi et al. 2016; Y. Zhang et al. 2018).

92



d
Drug: CHIR-99021

Resistant Sensitive

Model: STG139M
AUC: 0.243
sl A
)

-

Model: STG316
AUC: 0.117

0.3

STG316-X1
STG316-X2
STG316-X3
STG139M-X3

STG139M-X4 1.247
STG139M-X6 1.588
%* %k % *

Claudin-low

Drug: JQ1
Resistant Sensitive
7;)::Ielz STG3 1677‘
AUC: 0.331 |
(=]
.
Model: §TGI39M ‘
LAUC: 0.0999
S
0.4 0.5 0 0.1 0.2puc 0.3 0.4 0.5
d
c-Myc Strong Moderate Weak Total
STG316T-X3 89 2003 1303 3396
STG139M-X3 1 15 3646 3662
STG195M-X3 17 300 3754 4071
STG143T-X1 0 1 3772 3773,

|——— 500pm [ — 10T f——— 1 500pm f——— 500pm

Others

Figure 5.7. Drug sensitivity and Wnt/p-Catenin signalling activity
Drug sensitivity analysis in AUC values for (a) CHIR-99021 (GSK3 inhibitor) and (b) JQ1 from

https://caldaslab.cruk.cam.ac.uk/bcape/ (¢) Normalised linear transformed protein expression of B-
Catenin and the Wnt target gene c-Myc in PDTX models STG316T (high TGFf pathway activity) and
STG139M (low TGFp pathway activity). A two-tailed Student’s t-test was used for statistical analysis
of difference in expression between the two groups, * indicates P=<0.05, *** indicates P=<0.001 (d)
Quantification of IHC c-Myc staining intensity from TMA staining. (e) c-Myc IHC expression in a
panel of PDTX models belonging to the Claudin-low subtype (STG316T and STG139M) and others

category (STG195M and STG143T).
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Analysis of the drug response data from BCaPE (figure 5.7b) revealed that STG316T was sensitive to
JQ1 whereas STG139M was resistant.

The RPPA analysis (figure 5.4a) showed that B-Catenin expression was significantly increased in PDTX
models from the Claudin-low subgroup, however, closer analysis revealed that within the Claudin-low
subgroup, the STG316T model expressed significantly higher levels of both B-Catenin and the Wnt target
gene c-Myc than the STG139M model (figure 5.7¢). To further investigate this diversity of expression, I
returned to the TMA THC analysis and looked at the levels of c-Myc in the same cores used for the
analysis of pSMAD?2 staining. Figure 5.7e demonstrated that in the models tested, two from the
Claudin-low subgroup and two from the “others” subgroup, diversity in c-Myc expression was evident.
However, when the images were quantified using the HALO multiplex IHC software as previously,
STG316T, the Claudin-low model that demonstrated the highest levels of oncogenic TGF signalling had
a higher number of cells staining strong and moderate for c-Myc than the other three models. As with the
pSMAD?2 analysis, stain-specific intensity thresholds for c-Myc were established and used across all cores
of the TMA.

These results demonstrate that using a combination of IHC stains it is possible to identify PDTX models
where oncogenic TGFp signalling activity is occurring and that the model STG316T which falls into this
category was sensitive to the drug JQ1. This observation indicates that Claudin-low PDTX models where
oncogenic TGFp signalling activity is occurring may be reliant on the Wnt/B-Catenin pathway for
self-renewal. Conversely, Claudin-low models with low levels of oncogenic TGFf signalling activity, of
which STG139M is an example, are less reliant upon Wnt/B-Catenin signalling and more reliant upon
other mechanisms for promoting self-renewal. The reliance upon Wnt/B-Catenin signalling in the
STG316T model could also explain why this model was particularly sensitive to inhibitors of the
PI3K/AKT pathway as observed in chapter 5.5, as PI3K/AKT signalling inhibits GSK3 allowing for
B-Catenin mediated transcription. Inhibition of this pathway would lead to increased GSK3 and therefore

increased proteasomal degradation of B-Catenin.

5.7 Drug sensitivity and NEDD9 expression

Finally, to reinforce my hypothesis, it was necessary to link the drug response data in Claudin-low PDTX
models stratified by classification for oncogenic TGFp signalling and c-Myc expression with the

abundance of NEDD9. As previously mentioned, increased levels of NEDD9 expression alone were not
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Figure 5.8. NEDD9 copy number state, promoter methylation and response to JQ1
Analysis of high throughput drug screen sensitivity data in PDTX models with (a) NEDD9
copy number loss, (b) NEDD9 promoter methylation and (¢) NEDD9 copy number gain. (d)
Analysis of drug sensitivity data based on NEDD9 expression. All figures are taken from
https://caldaslab.cruk.cam.ac.uk/bcape/
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sufficient to predict breast cancer tumour initiating cell (BTIC) response to TGFp treatment irn vitro, nor
did they correlate with breast tumour subtype or overall survival in patient clinical cohorts. However, for
oncogenic TGFp signalling to be active in the Claudin-low subset, NEDD9 expression is necessary as

NEDD?9 functions as a signalling hub coordinating TGF downstream pathways.

First, I queried the BCaPE database for drug response by NEDD9 copy number status. Figure 5.8a
demonstrates that models with NEDD9 copy number loss were significantly more resistant to JQI
treatment when compared to those without copy number alteration. Drugs annotated in blue (filtered) are
those which demonstrated a significant change in drug response in terms of AUC in the altered versus
unaltered group. The value on the y-axis represents the -log10 scale adjusted p-value of a t-test comparing
the AUC in models with copy number losses versus models with no copy number alterations, values
greater than 1 are considered statistically significant. Secondly, I looked at the drug response data in
models in relation to NEDD9 promoter methylation, an indicator of repression of gene transcription. This
analysis (figure 5.8b) demonstrated that models with NEDD9 promoter methylation, and therefore
repression of NEDD9 gene expression, were significantly more resistant to JQ1 treatment. Here, the
filtered drugs (blue) were those which demonstrated a statistically significant drug response (p=<0.05)
with a promoter methylation score of greater than 25% in all models. Y-axis values represent the -log10
scale of a linear model comparing AUC to promoter methylation and values greater than 1 are considered
statistically significant. When analysing the data for models with NEDD9 copy number gain (figure 5.8c),
no drugs demonstrated a significant change in drug sensitivity, likewise with NEDD9 expression data
(figure 5.8d), levels of expression did not correlate with drug sensitivity. Models with NEDD9 copy
number gain were more sensitive to the drug Embelin than those without (figure 5.8¢), however, this
difference was not significant. Embelin is a naturally occurring para-benzoquinone and has a wide range

of cellular effects.

To confirm the reliance of the Claudin-low, TGF high model STG316T on TGFp signalling, I queried
the drug response data for drugs inhibiting the TGFP pathway. The previous analysis (figure 5.5d)
included the selective ALK4/ALK7 and TGFBRI inhibitor AZ12601011, a drug which inhibits
phosphorylation of SMAD2 and therefore downstream TGFp signalling, in this analysis no significant
differences in drug sensitivity between the Claudin-low, TGFp high model STG316T and the model
Claudin-low, TGFB low model STG139M were observed. However, when I queried the drug response
data to an alternative TGFp inhibitor compound in the BCaPE database, a significant difference in
response was observed between the two models. This alternative compound (SB-505124) is a selective

inhibitor of both ALK4 and ALKS, inhibiting phosphorylation of both SMAD2 and SMAD3 and
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Figure 5.9. Response to inhibitors of TGFp signalling, and JQI1 sensitivity in c-Myc
overexpression

(a) Drug sensitivity analysis in AUC values for the TGFp inhibitor SB-505124. (b) Analysis of
high throughput drug screen sensitivity data in PDTX models with c-Myc copy number gain.
Both figures are taken from from https://caldaslab.cruk.cam.ac.uk/bcape/
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subsequent activation of TGFp induced MAPK pathway activation. This analysis (figure 5.9a) shows the
Claudin-low, TGFp high model STG316T was sensitive to SB-505124 and Claudin-low, TGF low model
STG139M was resistant. This confirms the increased reliance of STG316T on TGFp signalling, but also
suggests that oncogenic TGFp signalling is dependent upon MAP kinase activity, as indicated by the
whole proteome analysis (chapter 2.6) and the differential gene expression analysis (chapter 2.7) in the
Claudin-low cell line MDA-MB-231. As c-Myc is aberrantly expressed in over 70% of cancers, as a
control to confirm that sensitivity observed in drugs targeting Wnt signalling was not purely a reflection
of increased c-Myc expression in STG316T, I queried the BCaPE database for drug sensitivity in relation
to c-Myc expression. This analysis (figure 5.9b) demonstrated no significant correlation between c-Myc

overexpression and sensitivity to the drug JQI.

Analysis of drug response data when stratified by NEDD9 copy number, expression and NEDD9
promoter methylation demonstrated that models with NEDD9 copy number loss were significantly
resistant to JQ1. Models with significant increases in NEDD9 promoter methylation of greater than 25%
(and therefore repression of NEDD9 expression) were also resistant to JQ1 treatment, however here the
effect was not statistically significant. Analysis of drug response data stratified by NEDD9 expression and
NEDD9 copy number gain showed no significant differences in sensitivity. This observation strengthens
the findings from chapter 5.6, that in a PDTX model with oncogenic TFGp signalling and high expression
of c-Myc the sensitivity to the Wnt/B-Catenin target JQ1 is dependent upon the availability of NEDD9,
and is not merely a reflection of c-Myc overexpression. Further analysis also suggested that in this model,

the mechanism of TFGP signalling is dependent upon MAP kinase pathway activation.

5.8 Summary

In this chapter, I utilised the Cambridge PDTX biobank to build on my previous findings of the
mechanisms involved in NEDD9 dependent oncogenic TGFP signalling in the Claudin-low breast cancer
subtype. I queried the biobank for correlation between breast cancer subtype, NEDD9 copy number state
and NEDD9 expression, and confirmed that similar to the breast cancer patient cohort, there was no
correlation between NEDD9 expression and breast cancer subtype in PDTX models. Next, I analysed
RPPA data generated from multiple passages from each PDTX model for markers of the signalling
pathways observed in my cell line analyses. Using the same criteria as used in cell lines, I classified the
PDTX models into Claudin-low and “others" groups and demonstrated activation of similar pathways as

seen in the cell line analyses.
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Using pPSMAD?2 expression as a marker of TGFp signalling activity I investigated the drug sensitivity of
two Claudin-low PDTX models with opposing TGFp signalling activity. I then further stratified the panel
of PDTX models using c-Myc expression as a biomarker of increased Wnt/B-Catenin signalling. This
stratification revealed that the Claudin-low PDTX model STG316T was sensitive to the Wnt/B-Catenin
inhibitor JQ1. Finally, I looked at drug sensitivity data in models where NEDD9 expression was reduced,
either through copy number loss or NEDD9 promoter methylation and confirmed that these models are
uniquely resistant to JQ1, indicating that NEDD9 dependent signalling mechanisms may be necessary for
the JQ1 sensitivity observed in STG316T. Control analyses confirmed that this sensitivity was not a
reflection of c-Myc overexpression and that the Claudin-low/TGFf high model STG316T was sensitive to
inhibition of TGFp signalling, possibly via MAPK pathway activity.

Together, these results indicate that in Claudin-low PDTX models exhibiting oncogenic TGFf signalling a
reliance on Wnt/B-Catenin mediated self-renewal may exist. Conversely, in Claudin-low models lacking
oncogenic TGFp signalling activity, reliance upon Wnt/B-Catenin signalling is less. Furthermore, I
hypothesise that Wnt/B-Catenin signalling activity is dependent upon NEDD9 as models with NEDD9
copy number loss or NEDD9 promoter methylation are resistant to the Wnt/B-Catenin inhibitor JQ1. The
reliance upon Wnt/B-Catenin signalling in the STG316T model could also explain why this model was

particularly sensitive to inhibitors of the PI3K/AKT pathway.
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6 . Discussion

6.1 Preface

Breast cancer is the most commonly diagnosed cancer worldwide, and in the UK it accounts for the
highest number of cancer deaths. If diagnosed at an early stage 70-80% of breast cancer cases are curable.
However, if breast cancer is detected at an advanced stage following metastasis, or recurrence with distant
metastasis occurring following treatment, it is considered incurable. Clinically, breast cancer tumours are
classified by size (grade), the extent of tumour spread (stage) and the expression of nuclear hormone
receptors (ER and PR) and cell surface growth factor receptors (HER2), and this classification is used to
make treatment decisions on a semi-personalised basis. Decades of breast cancer research have however
highlighted the unequivocal heterogeneity of breast cancer, and the importance of this heterogeneity on
tumour response, relapse and resistance to therapy. (Perou et al. 2000; Serlie et al. 2001; Curtis et al.
2012; Pereira et al. 2016). This research has underscored the importance of understanding the complexity
of breast tumour heterogeneity and its influence on breast cancer treatment and signals a shift from the

current “one size fits all” approach to a more personalised model of breast cancer treatment.

Adding further complexity to the sphere of breast cancer heterogeneity was the characterisation of the
Claudin-low breast cancer subtype. This class of tumours are generally more aggressive, the majority are
negative for the expression of oestrogen receptors, and they are classified by their low expression of
tight-junction and cell adhesion molecules (Herschkowitz et al. 2007). However, a recent publication by
Pommier and colleagues described that even within the Claudin-low subtype there exists significant
diversity with three distinct subgroups identified (Pommier et al. 2020). Our previous findings identified
that in the Claudin-low breast cancer subtype, TGFp regulates BTIC dynamics (Bruna et al. 2012). This
research, which demonstrated NEDD9 as instrumental in regulating the mechanism of TGFp induced
BTIC self-renewal in the Claudin-low breast cancer subtype became the foundation for this PhD thesis.
The overall aim of this body of work was to further clarify the mechanism by which NEDD9 regulated
TGFp dependent regulation of BTIC dynamics occurs, and to investigate the translational application of
the findings, through identifying biomarkers of oncogenic TGFf signalling and identifying drugs that may
target specifically these patients with the more aggressive Claudin-low breast cancer subtype. As
mentioned, even within the Claudin-low subtype heterogeneity exists. High TGFp activity alone is not

prognostic of poor survival in breast cancer, so it is important to identify patients where oncogenic TGF[3
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signalling is occurring, to understand the signalling pathways regulated by TGFP activity in these

patients, and to identify drugs that may prove effective in targeting these pathways.

6.2 Summary of aims

This thesis marks a natural progression of research from my contribution to the Bruna 2012 paper. The
aims were to elucidate the role of NEDD?9 in oncogenic TGFp signalling in the Claudin-low breast cancer
subtype. To this aim, I performed the following investigations:

1. The characterisation of NEDD9 RNA expression, post-translational modification and
isoform expression in response to TGFp treatment in the MDA-MB-231 Claudin-low cell
line. The proteomics analysis identified phosphorylation-based binding motifs which indicated
signalling pathways activated in response to TGFp treatment, I then compared these pathways to
those indicated as active in the RNA expression analysis from the same cell line and conditions.

2. The analysis of NEDD9Y interacting proteins in the Claudin-low cell line MDA-MB-231. This
analysis identified the pyruvate kinase PKM2 as a consistent NEDD9 interactor. I then
investigated the known metabolic and transcriptional regulation roles of PKM?2 in response to
TGFp treatment and examined the dependence of these mechanisms on NEDD9 by perturbing
NEDD9 expression.

3. Evaluation of potential translational applications for my findings using the Caldas lab
PDTX biobank. Using a combination of IHC staining for phospho-SMAD2 and c-Myc in PDTX
TMAs I was able to distinguish a Claudin-low model with oncogenic TGF signalling activity.
Using high throughput drug screens I then compared the drug sensitivity data for this model to
that of a Claudin-low model without oncogenic TGFp signalling activity to identify compounds

this model was uniquely sensitive to.

6.3 Significance and implications

NEDD?9 is frequently overexpressed in a range of cancer types, however contrary to previous reports, my
analyses demonstrate that in breast cancer, NEDD9 expression alone is not sufficient to predict a worse
prognosis. Initial investigations identified that only in breast cancer cell lines belonging to the
Claudin-low group, TGF treatment induced an increase in expression of both NEDD9 full-length protein
forms p105™! and p115"EF! as detected by western blot. The p115"5! phospho-form is known to result
from serine/threonine phosphorylation of pl05™*! following TGFB treatment (Zheng and
McKeown-Longo 2002), in turn triggering proteasomal degradation of NEDD9 (X. Liu et al. 2000). The
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expression of NEDD9 is cell cycle-regulated with both the pl10 and pll phospho-forms
upregulated during cell growth (Law et al. 1998). I identified both proteasomal targeting of NEDD9 and
cell cycle regulation occurring in BTIC enriched cultures of the Claudin-low cell line MDA-MB-231 in
response to TGFp treatment. This indicates that in this cell population, TGFp is key in regulating cellular
proliferation and that a delicate balance between NEDD9 expression, phosphorylation and proteasomal

degradation is important in this process.

Using a combination of genomic analyses to investigate TGFp responsive gene expression signatures and
proteomic analyses to look for kinase binding and substrate motifs I identified that the Wnt signalling
pathway and pathways downstream of Src were both active in response to TGF[ signalling, and
dependent upon NEDD9. Wnt is one of the key signalling pathways in development and stem cell
regulation, so, unsurprisingly, it is frequently dysregulated in cancer. In 2010, Vermeulen and colleagues
described how high Wnt signalling activity defined the CSC population in colon cancer (Vermeulen et al.
2010). In breast cancer, Wnt signalling is frequently activated and this activity correlates with overall
survival (S. Li et al. 2014), and recently Wnt signalling was shown to be fundamental in triple-negative
breast cancer oncogenicity (Xu et al. 2015). Although most thoroughly described in colorectal cancer,
abnormal Wnt signalling is beginning to be detailed in numerous different cancer types, however,
mutations in components of the Wnt signalling pathway remain significantly fewer in breast cancer when
compared with colorectal adenocarcinoma and cutaneous melanoma (Zhan, Rindtorff, and Boutros 2017).
Wnt signalling is typically classified as canonical, f-Catenin dependent, or non-canonical B-Catenin
independent. In canonical Wnt signalling, the pathway is activated by binding of Wnt ligands to the G
protein-coupled receptor Frizzled (FZD) leading to downstream accumulation of B-Catenin which
translocates to the nucleus to initiate target gene expression (MacDonald, Tamai, and He 2009). In the
absence of Wnt ligand binding, f-Catenin is targeted for ubiquitination and proteolysis in the cytoplasm.
In the case of non-canonical B-Catenin independent Wnt signalling, Wnt ligands bind to the FZD receptor
in complex with the receptor tyrosine kinases ROR1/2 leading to activation of the Rho kinase pathway
and cytoskeletal rearrangement (Kikuchi et al. 2011). Non-canonical Wnt signalling pathways are far
more diverse than those of canonical Wnt signalling, and despite many recent advances in research, they

remain less well understood.

NEDD9 has already been shown as a Wnt signalling target in colorectal cancer by Li and colleagues, who
demonstrated direct binding of the TCF/B-Catenin regulatory complex to the NEDD9 promoter (Y. Li et
al. 2011), but a similar mechanism in breast cancer is yet to be described. Evidence exists of a novel

mechanism by which Src increases p-Catenin expression by Cap-dependent translation (Karni et al.
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2005), and more recently, Jain and colleagues demonstrated that Src inhibition leads to a reduction in

c-Myc (a Wnt/B-Catenin target gene) expression and glucose metabolism (Jain et al. 2015).

Signalling pathways observed as activated in my gene expression analysis mirror those discovered as
active in Claudin-low breast cancer in a recent publication (Pommier et al. 2020). In this paper, Pommier
and her team describe a further sub-classification of the Claudin-low breast cancer subtype based on gene
expression and methylation data. Of these three sub-classifications, the basal-like CL3 subset displays
remarkable similarity in activation of signalling pathways and biological processes to that seen in my
analysis, specifically in the cellular processes of proliferation and DNA repair, and pathways regulating
ROS, glycolysis, Myc targets, and PI3K/AKT/mTOR signalling. Absent in the CL3 signature is TGFf
signalling, which is enriched in the differentiation/EMT CL1 sub-classification. Enrichment in the CL1
category is likely to be a reflection of TGFp roles in tissue homeostasis and induction of EMT processes
in tumours from the normal-like breast cancer subtype. Together with my data, these observations
highlight that Wnt/B-Catenin signalling is frequently upregulated in cancer, and this upregulation affects

metabolic processes through influencing c-Myc expression.

In addition to the role of NEDD9 hyper-phosphorylation in cell cycle dynamics and the regulation of
proteolysis, I hypothesised that changes in NEDD9 phosphorylation may lead to the binding of different
partner proteins, therefore uniting different signalling networks in response to TGFp pathway activity in
the Claudin-low cell line. Proteomic assays confirmed these differences, and the metabolic pyruvate
kinase PKM2 was consistently observed in association with NEDD9. A combination of metabolic
analyses identified an increase in both glucose metabolism and oxidative phosphorylation, however, more
striking was the effect on glutamine metabolism in response to TGFp treatment. These changes in
metabolism were shown to be dependent upon NEDD9. Historically, the focus of research in cancer
metabolism has been on glucose metabolism, however, more recently the importance of glutamine
metabolism in cancer has been recognised (Altman, Stine, and Dang 2016). Glutamine is considered
conditionally essential amino acid, in that the demand on its synthesis is increased in response to catabolic
stress, such as injury or sepsis. Rapidly dividing cells such as cancer cells are also known to rely upon
glutamine as a source of carbon and nitrogen to support rapid cellular growth (DeBerardinis et al. 2007).
Increased Warburg metabolism, a hallmark of cancer cells, results in the majority of glucose-derived
pyruvate being converted to lactate. The complete metabolism of glucose via the traditional glycolysis
route, in turn creates a need to replenish intermediates of the TCA cycle for macromolecule synthesis, and
this need is fulfilled by an increased reliance upon glutamine. The metabolic flux tracking experiment in

chapter 4.5.3, a method of tracking metabolites derived from both glucose and glutamine, demonstrated
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modest changes in glycolysis and oxidative phosphorylation of glucose metabolites in response to TGFj
treatment. However, more striking changes were observed in the consumption of glutamine into the TCA
cycle, both via oxidative phosphorylation and reductive carboxylation, and these changes were
demonstrated to be dependent upon both TGFp treatment and the presence of NEDD9. Recently, in
addition to its known role in catalysing the conversion of PEP to pyruvate, PKM2 has been shown to be
necessary for the promotion of reductive carboxylation of glutamine metabolites (M. Liu et al. 2018).
This finding strengthens my hypothesis that an association between NEDD9 and PKM?2 is important in
regulating PKM2 dimer-tetramer dynamics, and therefore, its catalytic activity resulting in changes in the
metabolism of glucose but more importantly the incorporation of glutamine metabolites into the TCA via

both oxidative phosphorylation and reductive carboxylation.

Links between PKM2 activity and both Src and B-Catenin have been previously described. Yang and
colleagues described a non-metabolic role for PKM2 where -Catenin was phosphorylated by c-Src and
PKM2 for nuclear translocation and regulation of target genes (Yang et al. 2011). In 2015 Lamb and
colleagues demonstrated that in a Wnt driven model of breast cancer stem cells utilised for biomarker
discovery, they observed a 3.5 fold increase in mammosphere formation and increased expression of
mitochondrial proteins and glycolytic enzymes including PKM2 (Lamb et al. 2015). What remains
unclear, however, is the mechanism of NEDD9 interaction with PKM2 in the Claudin-low cell line
MDA-MB-231. Analysis of NEDD9 post-translational modifications identified multiple kinase substrate
motifs activated on NEDD9 by TGF treatment, but none that were specific for PKM2.

Analysis of PDTX models representing both the Claudin-low and “others” groups, illustrated that markers
of signalling pathway activation from the PDTX RPPA expression dataset mirrored those observed as
active in the cell line analyses. This is confirmation, in a biologically relevant platform that also takes into
account breast cancer heterogeneity, that the results of the cell line analyses are meaningful. The PDTX
RPPA analysis revealed that models belonging to the Claudin-low subtype had significantly higher levels
of expression for proteins involved in c-Myc driven metabolic processes and Wnt/B-Catenin signalling.
The reliance on c-Myc driven metabolic processes in this subtype could be harnessed for use in drug
treatment response in patients. As previously mentioned, it is possible to image FOXM1 driven changes
in metabolism using magnetic resonance spectroscopy (MRS), by measuring the exchange of *C from

labelled pyruvate to endogenous lactate, a reaction that is catalysed by LDHA (Ros et al. 2020).

Stratification of PDTX models by expression of phospho-SMAD2 (pSMAD?2) as a marker of TFG

signalling activity allowed for comparison of high-throughput drug screen data in two models belonging
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to the Claudin-low group, one with high pSMAD2 levels and one with low pSMAD2 expression. The
Claudin-low model with high TGFf signalling activity (STG316T) demonstrated sensitivity to drugs
targeting the PI3K/AKT/mTOR pathway, the Wnt/B-Catenin pathway and drugs targeting cell cycle
regulation, whereas the model with lower TGFp signalling activity (STG139M) was sensitive to drugs
targeting IGFR1/ALK ERBB2 and PI3K signalling. Further investigation of the Claudin-low/TGFp high
PDTX model STG316T showed higher expression of the Wnt/B-Catenin target c-Myc than the
Claudin-low/TGFf low PDTX model STG139M in both the RPPA and IHC analyses.

Sensitivity to the BET inhibitor JQ1 (which is also known to target Wnt/B-Catenin signalling) was
observed in the Claudin-low/TGFp high PDTX model STG316T, and this sensitivity was not seen in
PDTX models with NEDD9 copy number loss, indicating that mechanisms leading to the sensitivity in
STG316T may be NEDD9 mediated. In 2015, da Motta and his team published that in the MDA-MB-231
cell line JQ1 showed profound effects on mammosphere growth by modulating the expression of a group
of hypoxia-responsive genes, but also found that Myc expression alone was not predictive of JQI
sensitivity (da Motta et al. 2017). Indeed, the results of the high-throughput drug screen analysis in
chapter 5.7 demonstrated no significant correlation between c-Myc expression and sensitivity to JQ1. This
supports my hypothesis that the dual marker of TGFf signalling activity and c-Myc expression identifies

a subgroup of Claudin-low tumours that are sensitive to this drug.

Finally, our previous work resulting in the discovery of NEDD9 as a key regulator in Claudin-low
oncogenic TGFp signalling found that Rho/Actin/SRF pathway activity was central to this mechanism
(Bruna et al. 2012). Recently, He and colleagues demonstrated that in the breast cancer cell line MCF7,
B-Catenin physically interacts with the MRTF-A promoter following nuclear localisation by Rho/Actin
signalling, resulting in direct regulation of MRTF-A expression (He et al. 2018). This mechanism also
influenced the expression of genes involved in the regulation of cellular proliferation and differentiation,
including the TGFp induced gene CCNI1. Here the authors used lithium chloride to artificially increase
levels of B-Catenin in the MCF7 breast cancer cell line, a model with low endogenous B-Catenin
expression. This study provides an important link between my observed findings in this thesis and our

previous publication.
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6.4 Scientific contribution

These data suggest a novel mechanism by which oncogenic TGFf signalling regulates cellular
proliferation and self-renewal via B-Catenin/c-Myc regulation of altered metabolism in the Claudin-low
breast cancer subtype, a process which is dependent upon the scaffolding protein NEDD9 and the
metabolic enzyme PKM2. Breast cancers belonging to the Claudin-low subtype generally fall into the
triple-negative group (ER, PR and HER2 negative), and are typically more aggressive than other
subtypes. The identification of further stratification within the Claudin-low subgroup suggests that
patients with NEDD9 dependent oncogenic TGFP signalling would classify with the CL3 group identified
by Pommier and her team, a group with more aggressive basal features (Pommier et al. 2020).
Additionally, the use of PDTX models in this thesis strengthens the impact of the analysis, since as
previously discussed these models more faithfully represent breast cancer heterogeneity than cell line

models.

Together, these data suggest that a combined biomarker of TGFf signalling and c-Myc expression may be
useful in identifying a subset of Claudin-low breast cancer patients who would be sensitive to inhibition
of Wnt/B-Catenin, particularly by the use of JQ1. Additionally, due to the dependence of these tumours on
c-Myc driven glutamine dependent metabolic processes, the use of LDH-catalyzed hyperpolarized "*C

MRI may be useful for treatment monitoring in these patients.

The work contained in this thesis represents a small step towards personalised breast cancer medicine by
identifying a small group of breast cancer patients who may benefit from targeted therapy. Even though
this patient group is small, they are patients with aggressive disease who are more likely to relapse or

metastasise.

6.5 Study limitations

This thesis suggests an interesting mechanism for the regulation of TGFf dependent oncogenic activity in
a subset of Claudin-low breast tumours. The mechanism, first observed in cell lines, was validated in
PDTX models which are known to better represent tumour heterogeneity than cell lines, however, the
analysis is limited by the number of cell lines and PDTX models used. To assess whether a true

correlation between pSMAD2/c-Myc expression and TGFB oncogenic effects exists it would first be
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necessary to expand the IHC and drug screen analysis to include the entire PDTX biobank. Further
experiments are also required to validate the signalling mechanisms observed. Unfortunately, the ability to
carry out these analyses during my PhD was severely hampered by the SARS-CoV-2 coronavirus
pandemic of 2020/2021.

6.6 Hypothesis and key future experiments

Figure 6.1 outlines the key published findings previously discussed in this thesis, along with my proposed
model of the mechanism of TGFf oncogenic activity in the Claudin-low subtype. This figure describes
how my findings relate to those of the featured publications, in the areas of; NEDD9 phosphorylation
functional consequences, PKM2 regulation of glycolysis and oxidative phosphorylation, PKM2/B-Catenin
interaction and c-Myc expression, P-Catenin regulation of NEDD9 expression and finally,
Rho-Actin/B-Catenin regulation of cellular proliferation. What is unclear however, is whether all of these
mechanisms are concurrently at-play and if so, how are they regulated by TGFp signalling and NEDD9

phosphorylation in the Claudin-low breast cancer subtype?

In order to answer this question, the three main areas to be addressed are;
1. What is the nature of the interaction between NEDD9 and PKM2, and does this interaction affect
PKM?2 dimer/tetramer dynamics as hypothesised?
2. What is the function of nuclear PKM2, does it play a role in B-Catenin mediated gene expression
programs as observed by Yang et al?
3. What is the mechanism of Wnt/B-Catenin signalling, is it regulated by non-canonical Src

phosphorylation of B-Catenin as the data suggests?

To address question 1, I would perform metabolic tracking assays using the commercial NEDD9 siRNA,
due to the limitations of the short-hairpin cell lines used in the initial investigations. Additionally, in vitro
mammosphere assays with restricted glutamine concentrations, followed by second generation assays to
quantify BTIC numbers would indicate glutamine dependence if present. These experiments would clarify
the role of the PKM2/NEDD?9 interaction on the regulation of metabolic reprogramming, however to
further investigate the role of PKM2 in the Claudin-low subtype it is also important to understand PKM2
non-metabolic activity. To address this question (2) mammosphere cultures treated with commercial
siRNA towards NEDD9 and PKM?2 would be assayed for expression of the Wnt signalling target gene

c-Myc, along with BTIC assays to quantify proliferation and self-renewal.
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Figure 6.1. Published mechanisms and proposed hypothesis.

Oncogenic TGFP signalling regulates cellular proliferation and self-renewal via B-Catenin/c-Myc
regulation of altered metabolism in the Claudin-low breast cancer subtype, a process which is
dependent upon the scaffolding protein NEDD9 and the metabolic enzyme PKM2.
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Finally, understanding the mechanism of TGF mediated Wnt/B-Catenin signalling in the Claudin-low
subtype poses the most translationally relevant question. As discussed previously, Wnt/B-Catenin
signalling is one of the key pathways in development and stem cell regulation, and is frequently
dysregulated in cancer. The major role of Wnt/B-Catenin signalling in cancer makes it an attractive target
for cancer therapy, and there are several compounds currently in clinical trials targeting different parts of
the signalling pathway (Jung and Park 2020). The data in this thesis suggest that TGFp mediated
Wnt/B-Catenin signalling in the Claudin-low subtype may be occurring via the less well understood
non-canonical pathway, and a PDTX model belonging to this subtype demonstrated sensitivity to the drug

JQI, a known Wnt inhibitor.

To explore this question I would first use commercial inhibitors of canonical and non-canonical Wnt
signalling pathways in cell line assays and assess expression of signature A genes, c-Myc and NEDDO. I
would also perform second generation mammosphere assays to evaluate self-renewal and proliferation in
the presence of these inhibitors. I would also assess for changes in NEDD9 protein expression and

post-translational modification induced by Wnt inhibitor treatment.

I would then expand the IHC TMA panel to include additional Claudin-low PDTX models, then stratify
these models on the basis of their p-Smad2 and c-Myc expression. Using this expanded panel I would
perform in vivo PDTX studies comparing Claudin-low models with and without oncogenic TGFp activity.
Following drug tolerability and dose escalation studies, I would treat the mice implanted with PDTX
tumours from both subtypes with JQ1, and monitor tumour growth both by manual palpation and MRS
imaging using C labelled pyruvate. It will also be possible to perform mass spectrometry metabolic
tracking experiments in these models by administering *C labelled pyruvate and "C labelled lactate

immediately before sacrifice and collection of the tumour.

I would also like to assess whether PDTX models with induced resistance to PI3K inhibitors lose their
sensitivity to JQI1 treatment, as from my analysis the PI3K/AKT pathway appears to be important in
regulating Wnt/B-Catenin signalling in this breast cancer subtype. This would be performed by generating
resistance models by long-term PI3K inhibitor dosing of PDTX implanted mice, followed by

high-throughput drug screens on explanted tumours.
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7. Methods

For consumable information see resources chapter 8.

1. NEDD9 Immunoprecipitation

Mammosphere cell lysates were quantified using the BCA protein assay (ThermoFisher Scientific), equal
quantities were added to 100 ul of magnetic beads (ThermoFisher Scientific) prebound with 10 ug HEF1
mouse monoclonal antibody (Abcam), 10 pg Smad2/3 Smad2/3 goat polyclonal antibody (Santa Cruz
Biotechnology) and 10 pg IgG control antibody (Cell Signalling Technology), and immunoprecipitation

(IP) was conducted overnight at 4°C

Permanent crosslinking of the antibody to the magnetic beads, by amine-to-amine coupling, was
performed using the BS® (Bis[sulfosuccinimidyl] suberate) kit (ThermoFisher Scientific). Briefly, 2 mg
BS; (one easy use vial) was diluted in 699 pl fresh conjugation buffer. 100 pl of overnight incubated
antibody-bound beads were washed twice in fresh conjugation buffer and re-suspended in 500 pl BS;
solution and incubated at room temperature for 30 minutes with mixing. Cross-linked beads were then
quenched for 15 mins at room temperature by adding 25 ul 1 M Tris-HCI, pH 7.4. The beads were ready

for use after three washes in IP wash buffer.

Mass spectrometry (MS) was performed using an LTQ Velos-Orbitrap MS (ThermoFisher Scientific)

2. RIME

RIME (Rapid Immunoprecipitation Mass spectrometry of Endogenous proteins) was performed using the
Mohammed method as published (Mohammed et al. 2013, 2016). Mammospheres were washed and
resuspended in 40 ml PBS. They were then cross-linked by adding 18% formaldehyde (EM grade;
Polysciences inc.) to a final concentration of 1% for 20 min at room temperature. Crosslinking was
quenched by adding glycine to a final concentration of 0.125 M for 20 minutes at room temperature. The

cells were washed twice with ice-cold PBS, once with ice-cold PBS plus protease inhibitors and the
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pellets were snap-frozen. Sonication was performed in a water bath sonicator (Diagenode Bioruptor) for

30 seconds on, 30 seconds off for 15 minutes total sonication time.

RIME IP was performed using 15 pg HEF1 mouse monoclonal antibody (Abcam), or 15 pg Smad2/3 goat
polyclonal antibody (Santa Cruz Biotechnology) and 15 pg IgG control antibody (Cell Signalling
Technology).

Bead processing and MS using the LTQ Velos-Orbitrap MS (ThermoFisher Scientific) were performed by

the proteomics core.

3. Phospho-mass spectrometry with TiO enrichment

Samples were prepared using the NEDD9 immunoprecipitation protocol (as above 1). TiO2 enrichment
for phospho-peptides was performed using the Pierce TiO, Phosphopeptide Enrichment and Clean-up Kit

(ThermoFisher Scientific) as per the manufacturer's recommendations by the proteomics core.

Mass spectrometry and data processing was performed using an LTQ Velos-Orbitrap MS (ThermoFisher

Scientific)

4. TMT-RIME

MDA-MB-231 cells were grown as mammosphere cultures as described (methods 9) The media was
replaced with PBS containing 1% FA (ThermoFisher Scientific) and crosslinked for 10 min. Crosslinking
was quenched by adding glycine to a final concentration of 0.1 M. The cross-linked cell pellets were lysed
using a RIPA lysis buffer (50mM Tris, 150mM NaCl, 1% Igepal, 0.5% Na Deoxycholate, 0.1% SDS)
including protease inhibitors. NEDD9 immunoprecipitation was performed using 50 pl of Dynabeads®
Protein A (Invitrogen) and 5 pg of NEDD9 antibody (Abcam), followed by ten ice-cold RIPA washes
(50mM HEPES-KOH, 500mM LiCl, ImM EDTA, 1% NP 40, 0.7% Na Deoxycholate) and three 100mM
AMBIC (ammonium bicarbonate) washes. The following steps for trypsin digestion, TMT labelling,
LC-MS analysis, data processing and bioinformatics analysis were performed by the CRUK-CI
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proteomics and bioinformatics core using the method as published by Papachristou et al (Papachristou et

al. 2018)

Sample dissolution, TMT labelling and Reverse-Phase fractionation

Cell pellets were resuspended in lysis buffer containing 100mM Triethylammonium bicarbonate (TEAB,
Sigma), 0.1% SDS (Sigma) followed by heating at 90°C for 5 min and probe sonication (Active motif).
Protein concentration was estimated using Bradford assay according to the manufacturer’s instructions
(BIO-RAD-Quick start). 90ug of total protein was reduced with 2ul of 50mM tris-2-carboxymethyl
phosphine (TCEP, Sigma) for 1 hour at 60°C followed by alkylation with lul of 200mM methyl
methanethiosulfonate (MMTS, Sigma) for 10min at room temperature (RT). Then protein samples were
digested overnight at 37°C using trypsin (ThermoFisher Scientific) solution at ratio protein/trypsin ~ 1:30.
The next day, protein digest was labelled with the TMT-10plex reagents (ThermoFisher Scientific) for 1
hour. The reaction was quenched with 8 pL of 5% hydroxylamine (ThermoFisher Scientific) for 15 min at
room temperature (RT). All the samples were mixed and dried with a speed vac concentrator (Eppendorf).
The dry TMT mix was fractionated on a Dionex Ultimate 3000 system at high pH using the X-Bridge
C18 column (3.5 pm, 2.1x150mm, Waters) with a 90min linear gradient from 5% to 95% acetonitrile
contained 20mM ammonium hydroxide (Fisher Scientific) at a flow rate of 0.2 ml/min. Peptides fractions
were collected between 20-55 minutes (95% of each fraction were taken for phospho analysis and
remaining were used for Full proteome) and were dried using a speed vacuum concentrator. Fractions for
phospho analysis were enriched for phosphopeptides using High-Select™ Fe-NTA Phosphopeptide
Enrichment Kit (ThermoFisher Scientific) as per manufacturer instructions. Dried fractions of Full
Proteome and Phosphoproteome were reconstituted in 0.1% formic acid (ThermoFisher Scientific) for

liquid chromatography-tandem mass spectrometry (LC-MS/MS) analysis.

LC-MS/MS

Peptide fractions were analysed on a Dionex Ultimate 3000 system coupled with the nano-ESI source
Fusion Lumos Orbitrap Mass Spectrometer (ThermoFisher Scientific). Peptides were trapped on a 100um
ID X 2 ecm microcapillary C18 column (5um, 100A) followed by 2h elution using 75um ID X 25 cm C18
RP column (3pum, 100A) with 5—45% acetonitrile gradient in 0.1% formic acid at 300nl/min flow rate. In
each data collection cycle, one full MS scan (380-1,500 m/z) was acquired in the Orbitrap (120K

resolution, automatic gain control (AGC) setting of 3x105 and Maximum Injection Time (MIT) of 100
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ms). The subsequent MS2 was conducted with a top speed approach using a 3-s duration. The most
abundant ions were selected for fragmentation by collision-induced dissociation (CID). CID was
performed with a collision energy of 35%, an AGC setting of 1x104, an isolation window of 0.7 Da, an
MIT of 35ms. Previously analysed precursor ions were dynamically excluded for 45s. During the MS3
analyses for TMT quantification, precursor ion selection was based on the previous MS2 scan and
isolated using a 2.0 Da m/z window. MS2-MS3 was conducted using sequential precursor selection (SPS)
methodology with the top10 settings. HCD was used for the MS3, it was performed using 55% collision
energy and reporter ions were detected using the Orbitrap (50K resolution, an AGC setting of 5x104 and
MIT of 86 ms).

Data processing

The Proteome Discoverer 2.1. (ThermoFisher Scientific) was used for the processing of CID tandem mass
spectra. The SequestHT search engine was used and all the spectra were searched against the Uniprot
Homo sapiens FASTA database (taxon ID 9606 - Version February 2017). All searches were performed
using as a static modification TMT6plex (+229.163 Da) at any N-terminus and on lysines and Methylthio
at Cysteines (+45.988Da). Methionine oxidation (+15.9949Da) and Deamidation on Asparagine and
Glutamine (+0.984) were included as dynamic modifications. Mass spectra were searched using precursor
ion tolerance 20 ppm and fragment ion tolerance 0.5 Da. For peptide confidence, 1% FDR was applied

and peptides uniquely matched to a protein were used for quantification.

5. RNA-Seq

MDA-MB-231 mammosphere cultures were prepared as methods 10, under the following treatment
conditions: vehicle control (DMSO), 24 hours with 100 nM TGFp, or 100 nM TGFp plus 10 uM TGFp
inhibitor SB431542. NEDD9 expression was perturbed with the use of commercial SIRNA (Dharmacon)
to NEDD9 with a non-targeting scramble pool as a control. siRNA treatment was carried out at day zero
at the point the mammosphere cultures were generated, and TGFB/TGFp inhibitor treatment was added
after 24 hours in culture. Total RNA was collected at 48 hours post-experiment initiation using the Qiagen

miRNeasy kit [methods 13] this time point was selected to enable maximal SIRNA activity and sufficient
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TGFB/TGFP inhibitor treatment to allow for transcriptional activation and detection of downstream
effects.

Libraries for Illumina RNA-seq sequencing were prepared using TruSeq® Stranded mRNA Library Prep
kit (20020594, Illumina) as per manufacturer's instructions, using an input of 500 ng total RNA per
sample. Sample quality and quantity were assessed using the TapeSTation 4200 (Agilent). After 12 cycles
of PCR used at the Enrichment of DNA Fragments step, all libraries were quantified using KAPA Library
Quantification Kit Illumina ROX Low (Cat-ID, KK4873, KAPA Biosystems) and normalised to 10nM.
Libraries were then pooled in equal volumes and pools were used for clustering on the NovaSeq6000
sequencing platform (Illumina) according to the manufacturer’s instructions. Sequencing was performed
using 100 bp paired-end (PE) reads to generate on average 50 million total reads per library, sufficient

depth to allow for differential detection of NEDD9 transcript isoforms..

Data processing

One pool of 42 libraries sequenced on NovaSeq with paired-end and 100 bp long reads. On an average,
each sample has about 40 million reads. Each sample group has 3 or 4 replicates. Reads aligned against
human genome assembly GRCh38 (hg38) using STAR alignment tool (version 2.7.2) (PMID: 23104886).
Reads are counted against genes using featureCounts from Subread package (version 1.5.2) (PMID:
23558742). For differential expression analysis DEseq2 (version 1.26.0) (PMID: 25516281) package

used.

6. SILAC Labelling of Cell Lines for RIME

For RIME experiments, MDA-MB-231 and HCC1954 cells were grown in R/K-deficient SILAC DMEM
and RPMI (ThermoFisher Scientific) and 10% dialyzed serum (Sigma-Aldrich) and supplemented with
800 uM L-Lysine "*C¢"*N,Hydrochloride and 482 uM L-Arginine *C"°’N, hydrochloride (Sigma-Aldrich)
for “heavy”-labelled media, 800 uM L-Lysine "*C'*N,Hydrochloride and 482 pM L-Arginine “C4'*N,
hydrochloride for “medium”-labelled media, and 800 uM L-Lysine *C4'*N,-Hydrochloride and 482 uM
L-Arginine '"C4'*N, hydrochloride for “light”-labelled media. Cell lines were maintained in heavy,
medium and light media for a period of at least two weeks and tested for incorporation of labelled amino
acids prior to experiments being performed.

For mammosphere assays stably labelled cells were cultured in R/K-deficient SILAC DMEM:F12

(ThermoFisher Scientific) as outlined below.
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For treatments “light” labelled cells were treated with TGFB (100nM), “medium” labelled cells with the
vehicle and “Heavy” labelled cells with the TGFf inhibitor SB-431542 (10uM) for 3 hours at 37°C prior

to collection as outlined above.

7. Metabolic tracking

Polar metabolite extraction

After labelling, cell plates were put on ice and washed twice with ice-cold PBS. Cell metabolism was
quenched using 500 pL cold methanol containing 1 pL of 1 mM scyllo-inositol (1 nmol per sample)
added directly to the cells in the 6-well plate. Cells were scraped into 2 mL Eppendorf tubes. A further
250 pL methanol was used to wash the well and scrape any remaining cells into the same tube. 250 pL
ultrapure water and 250 pupL chloroform were added to the cell pellet to give 1:3:1
chloroform:methanol:water. Cell samples were vortexed for 15 mins and incubated for 1 hour at 4°C with
periodic sonication. The samples were spun for 20 mins at 4°C at 16 000 rpm. The supernatant was
transferred into a new 2 mL Eppendorf and dried in a speed vac. The remaining cell pellet was
re-extracted using 200 pL methanol and 100 uL ultrapure water. The samples were vortexed for 15 mins
and incubated for 1 hour at 4°C with periodic sonication. The samples were spun for 20 mins at 4°C at 16
000 rpm. The supernatant was transferred into the same tube as the previously dried supernatant and dried
in a SpeedVac. Once dry, the dried supernatant was resuspended in 50 pL chloroform, 150 pL methanol
and 150 pL ultrapure water (1:3:3), vortexed and spun at 4°C for 20 mins at 16 000 rpm. The polar phase
was transferred into GC vial inserts and dried in a SpeedVac, the lower lipid phase was discarded. Cell

metabolites were derivatised before GC-MS analysis.

Derivatisation for GC-MS

For derivatisation, GC vial inserts containing extracted metabolites were washed with 60 uL methanol
containing 1 pL 5 mM L-Norleucine and dried in a speed vac. The vial inserts were washed again with 60
puL methanol and dried. 20 pL 20 mg/mL methoxyamine hydrochloride in pyridine was added to each
insert using a glass positive displacement pipette. The samples were vortexed briefly and incubated at
room temperature overnight. 20 uL fresh BSTFA with TCMS was added to each sample and the samples

were incubated at room temperature for an hour.
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Protein quantification

BCA was used to quantify protein samples. Dried protein pellets were dissolved in Tris-SDS buffer (62.5
mM Tris, 2% SDS, pH6.8). If samples did not dissolve when incubated at 90°C for an hour, they were
briefly sonicated, in a sonicating water bath. Samples were incubated at 90°C for a further 10 mins. The
BCA protein quantification kit was used. Reagent A was mixed with reagent B at a ratio of 50:1. 4 pL of
protein solution was added to 70 pL. of BCA reagent. The samples were incubated at 37°C for 30 mins
and absorbance at 562 nm was measured and used to calculate the concentration of protein in each

sample.

GC-MS analysis and data processing

Samples were run by GS-MS using an Agilent GC-MSD (7890A-5975C). Data analysis was performed

using Agilent MassHunter Quantitative Analysis software.

8. Short hairpin stable cell lines

Oligonucleotide sequences below: from within the NEDD9 coding sequence were cloned into the
MSCV-miR30 plasmid. Viruses were generated and used to infect the MDA-MB-231 cell line and
positive clones were selected by puromycin resistance (1pg/ml).

NEDD9 oligonucleotide sequences for MSCV-miR30 cloning

Forward
5’TCGAGAAGGTATATTGCTGTTGACAGTGAGCGAAGGAAAGGGATGGTGTTTATGTAGTGAA
GCCACAGATGTACATAAACACCATCCCTTTCCTGTGCCTACTGCCTCGG3’

Reverse
5’AATTCCGAGGCAGTAGGCACAGGAAAGGGATGGTGTTTATGTACATCTGTGGCTTCACTACA
TAAACACCATCCCTTTCCTTCGCTCACTGTCAACAGCAATATACCTTC3’

9. Mammosphere Assay (M1)

Cells were processed to single-cell suspension from attached culture by typsinisation (0.05% trypsin, 0.53

mM EDTA-4Na; Invitrogen) and twice washed in PBS. A further wash in supplemented DMEM:F12
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media was followed by filtration through a 40um cell strainer. Single cells were plated on ultra-low
attachment plates or flasks (Corning) at a density of either 50,000 cells/ml or 100,000 cells/ml for
larger-scale experiments in DMEM:F12 media supplemented with B27 (ThermoFisher Scientific), 20
ng/ml recombinant human FGF (ThermoFisher Scientific) and 20 ng/ml recombinant human EGF

(ThermoFisher Scientific).

10. Immunoblotting

Cells were collected in protein lysis buffer containing 1 x Halt™ Phosphatase Inhibitor Cocktail
(ThermoFisher scientific). Proteins were separated by SDS-PAGE under reducing conditions using 8% or
10% Tris-HCI gels. Electrophoretically separated proteins were transferred to nitrocellulose membranes
using the Invitrogen iBlot® dry blotting system. After incubation in blocking buffer: 5% non-fat milk in
PBS/0.05% Tween-20, membranes were incubated in relevant primary antibody diluted in blocking
buffer. HRP conjugated anti-rabbit and anti-mouse secondary antibodies (DAKO) were used to allow for

chemiluminescent detection of target proteins.

11. Cellular fractionation

Cell pellets from seven day first-generation mammosphere cultures were re-suspended in Fractionation
Buffer 1 (10 mM Hepes pH 7.9, 10 mM KCI, 1.5 mM MgCI2, .34 M Glycerol, ]| mM DTT, 0.1%
TritonX-100; 106 cells in 40 ul) and incubated on ice for 10 minutes. The soluble fraction was collected
as the supernatant after spinning at 1,300 rcf for 10 minutes at 40C and the pellet was resuspended in
Fractionation Buffer 2 (3 mM EDTA, 0.2 mM EGTA, 1 mM DTT; 106 cells in 40 pl) and incubated on
ice for 30 minutes. The nuclear soluble fraction was collected as the supernatant after spinning at 1,900
rcf for 10 minutes at 40C and the pellet representing the insoluble nuclear (chromatin) fraction was

re-suspended in 2x Laemmli Buffer (Bio-rad) (106 cells in 40 pl).

12. RNA extraction

RNA extraction from mammosphere culture and adherent cell lines was performed using the Qiagen

miRNeasy kit following the manufacturer’s protocols.
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13. Cell culture

For a full list of cell lines used please refer to the resources chapter 8. Mammospheres were cultured in
either Mammary epithelial basal medium (MEBM) (Clonetics) or DMEM:F12 1:1 (Sigma Aldrich)
supplemented with B27 (ThermoFisher Scientific), 20 ng/ml recombinant human FGF (ThermoFisher
Scientific) and 20 ng/ml recombinant human EGF (ThermoFisher Scientific).

14. RNA-seq analysis for PDTX

Prior to alignment, sequencing quality was enforced wusing Trim Galore! (v0.4.2;
http://www.bioinformatics.babraham.ac.uk/projects/trim_galore/). Then, reads were aligned to a
combined human (hgl19) and mouse (mm10) reference genome using STAR (v2.5.2b). Reads were then
assigned to genes using featureCounts (v1.5.2) to give counts, whereby the alignment score is used to
distinguish reads as being sourced from human or mouse. Genes not expressed in any sample were
removed from the dataset. The expression value of a given gene was calculated from the counts via the
following transformation, log(TMM(counts)+0.5), following which batch correction, using the limma
package, was performed to account for experimental batches. ER status, which was inferred from the
expression, and sample type (primary vs PDX biopsy) were considered when performing the batch

correction.

To give the iC10 and PAMSO0 classification, the counts from above were joined with those of the
TCGA-BRCA dataset. All counts were then transformed using the Voom function from the limma
package alongside library size normalisation. Only the human reads were considered towards a given
samples library size. Batch correction was then performed, both to account for experimental batches
within our biobank and those between our biobank and the TCGA dataset. Again, ER status, which was
inferred from the expression for our samples and given for TCGA, as well as sample type (primary vs
PDX biopsy) were considered when performing the batch correction. The biomaRt package was then used
to map gene Ensembl IDs to HUGO and Entrez IDs, following which the iC10 and PAMS50 classifications

were generated using the iC10 and Genefu packages respectively.
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15. RPPA

Tumour or cell lysates were serially diluted two-fold for 5 dilutions (from undiluted to 1:16 dilution) and
arrayed on nitrocellulose-coated slides in an 11x11 format. RPPA slides were stained for 305 unique
antibodies. Samples were probed with antibodies by a tyramide-based signal amplification approach and
visualized by DAB colourimetric reaction. Slides were scanned on a flatbed scanner to produce 16-bit tiff
images. Spots from tiff images were identified and the density was quantified by Array-Pro Analyzer then
by SuperCurve Rx64 3.1.1. Relative protein levels for each sample were determined by interpolation of
each dilution curve from the "standard curve" (super curve) of the slide (antibody). Supercurve is
constructed by a script in R. All data points were normalized for protein loading and transformed to linear
value. Normalized Linear values were transformed to Log2 values and then median-centred for

hierarchical clustering analysis.

QC tests were performed for each antibody staining (slide)

16. PDTC preparation for high throughput drug screens

Single-cell suspensions were generated from a 1.5 cm3 PDTX tumour using a human tumour dissociation
kit and gentleMACS instrument (Milteyni) following the manufacturer’s guidelines and plated in
triplicates at 40.000 cells/well into 384-well black clear bottom plates. Drugs were added after 24h
incubation using an Echo acoustic liquid handler (Beckman Coulter). To quantify drug responses in
PDTCs, cell viability was measured 6 days post-treatment using CellTiter-Glo 3D (Promega). The

intensity was normalized against positive and negative values.
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8. Resources

REAGENT or RESOURCE SOURCE IDENTIFIER

Antibodies

Rabbit polyclonal anti-f actin Abcam Cat#ab8227; RRID: AB_2305186
Rabbit monoclonal anti-c-Myc Abcam Cat# ab32072, RRID:AB_731658

Mouse monoclonal anti-p44/42 ERK1/2
Rabbit polyclonal anti-ERK1/2

Mouse monoclonal anti-HEF1

Rabbit polyclonal anti- Histone H3
Rabbit monoclonal anti-FOXM1

Rabbit monoclonal anti-LDHA

Rabbit monoclonal anti-PKM1

Rabbit polyclonal anti-PKM2

Rabbit polyclonal anti-PKM2 (pSer37)
Rabbit polyclonal anti-PKM2 (pTyr105)
Rabbit Normal IgG Control Antibody
Goat polyclonal anti-Smad2/3

Mouse monoclonal anti-pSmad2
Polyclonal goat anti-rabbit HRP

Polyclonal goat anti-mouse HRP

Cell Signalling Technology
Cell Signalling Technology
Abcam

Abcam

Cell Signalling Technology
Cell Signalling Technology
Cell Signalling Technology
Abcam

ThermoFisher Scientific
Cell Signalling Technology
Cell Signalling Technology
Santa Cruz Biotechnology
Cell Signalling Technology
DAKO/Agilent
DAKO/Agilent

Cat#4377, RRID: AB_331775
Cat#9102, RRID: AB_330744
Cat#ab18056; RRID: AB_2149476
Cat#ab1791; RRID: AB_302613
Cat#5436: RRID: AB_10692483
Cat#3582; [C4B5]; RRID: AB_2066887
Cat#7067, RRID: AB_2715534
Cat#ab85555, RRID: AB_10562282
Cat#PA5-37684, RRID: AB_2554292
Cat#3827, RRID: AB_1950369
Cat#2729, RRID: AB_1031062
Cat#sc-6033, RRID: AB_656621
Cat#3108, RRID: AB_490941
Cat#P0448, RRID: AB_2617138
Cat# P0447, RRID: AB_2617137

Experimental models: Cell lines

Human: MDA-MB-231
Human: HCC1954
Human: MCF7
Human: T47D
Human: CAMA1
Human: SKBR3
Human: SKBR7
Human:BT549

ATCC/CRUKCI Biorepository
ATCC/CRUKCI Biorepository
ATCC/CRUKCI Biorepository
ATCC /CRUKCI Biorepository
ATCC/CRUKCI Biorepository
ATCC /CRUKCI Biorepository
ATCC/CRUKCI Biorepository
ATCC/CRUKCI Biorepository

Cat# HTB-22; RRID: CVCL_0062
Cat# CRL-2338, RRID: CVCL_1259
Cat# HTB-22; RRID: CVCL_0031
Cat# HTB-133, RRID: CVCL_0553
Cat# HTB-21, RRID: CVCL_1115
Cat# HTB-30, RRID: CVCL_0033
RRID: CVCL_5218

Cat# HTB-122, RRID:CVCL_1092

Experimental Animals: Strains

Mouse: NSG:
NOD.CgPrkdcscidll2rgtm1W;jl/SzJ

Charles River

Cat# 614; RRID: IMSR_JAX:005557

Chemicals

Proteinase K

Dynabeads Protein A IP Kit

Halt™ Protease Inhibitor Cocktail (100X)
B-27™ Supplement (50X), serum free
Human FGF Recombinant Protein
Human EGF Recombinant Protein
Recombinant Human TGF-beta 1

SB 431542 hydrate

ThermoFisher Scientific
ThermoFisher Scientific
ThermoFisher Scientific
ThermoFisher Scientific
ThermoFisher Scientific
ThermoFisher Scientific
R&D systems

Sigma-Aldrich
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Cat#26260
Cat#10006D
Cat#78429
Cat#17504044
Cat#PHG0021
Cat#PHG0313
Cat#240-B-010/CF
Cat#S4317



REAGENT or RESOURCE

SOURCE

IDENTIFIER

Biological samples

Patient-derived xenografts (PDTX)

(Bruna et al., 2016)

Models as listed in Fig 5.2

Commercial assays

BCA protein assay

BS? (Bis[sulfosuccinimidyl] suberate) kit

miRNeasy kit

L-Lactate Assay Kit

Pyruvate Kinase Assay Kit

Seahorse XF glycolysis stress test kit
Seahorse XF Mito stress test kit
Tumour dissociation kit, human

TiO, Phosphopeptide Enrichment kit

ThermoFisher Scientific
ThermoFisher Scientific
Qiagen

Abcam

Abcam

Agilent

Agilent

Milteyni Biotec

ThermoFisher Scientific

Cat# 23225
Cat#21580
Cat#217004
Cat#ab65331
Cat#ab83432
Cat#103017-100
Cat#103015-100
Cat#130-095-929
Cat#88301

Si RNA

ON-TARGETplus Non-targeting Pool
ON-TARGETplus NEDD9 siRNA
ON-TARGETplus PKM siRNA

Dharmacon/Horizon discovery
Dharmacon/Horizon discovery

Dharmacon/Horizon discovery

Cat#:D-001810-10-05
Cat#:L-019466-01-0010
Cat#:L-006781-00-0010
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9. Appendix

Samples for PDTX engraftment and/or genomic analysis were collected under the following participating
studies at Cambridge University Hospitals NHS Foundation Trust and the University of Cambridge. All
studies were approved under the East of England - Cambridge Central Research Ethics Committee.

Samples labelled with the STG prefix were collected under the ABC trial.

REC reference Study title Study name Study lead
08/H0308/178 Adult breast stem cells | ABC Professor Carlos Caldas
study
18/EE/0251 Personalised Breast PBCP Professor Carlos Caldas
Cancer Program Dr Jean Abraham
07/Q0106/63 Identification and DETECT Professor Carlos Caldas
classification of Dr Emma Beddowes
circulating tumour cells
and circulating nucleic
acids in patients with
breast cancer
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