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ABSTRACT

Breast cancer is the most prevalent type of cancer affecting women. This disease is grouped
into subtypes with different gene expression profiles, which affect the response to treatment
and the prognosis of breast cancer patients. Estrogen receptor negative (ER-) breast cancer
subtypes generally have a poor patient prognosis due to the lack of targeted treatment options
and the high relapse rate after chemotherapy. The present study is aimed at computationally
evaluating the differences in gene transcription between ER positive (ER+) and ER- breast
cancer subtypes and identifying transcription factors (TFs) controlling these differences. RNA-
sequencing data was obtained from publically available databases for MCF7, MDA-MB-231
and MCF10A cell lines, representing ER+ breast cancer, ER- breast cancer and non-
tumorigenic breast cells respectively. Differentially expressing genes were selected by
comparing the gene expression profiles of cancer cell lines to non-tumorigenic cells. Functional
enrichment was performed using gene ontology and KEGG pathways to identify the biological
roles the differentially expressing genes play in breast cancer. The promoters of differentially
expressing genes were assessed for TF binding site (TFBS) enrichment to identify the
transcriptional controllers of breast cancer-related gene expression. The expression of the TFs
selected as key regulators was validated in breast cancer patient datasets. The prognostic value
of the TFs upregulated in breast cancer patient data was evaluated using patient survival data.
Potential biomarkers were selected based on prognostic value. E2F1, INSM1 and MY C were
predicted as potential biomarkers from MCF7 expression data and FOXD1, TAL1, RUNX1
and MAX were predicted using MDA-MB-231 data. Finally, networks were constructed to
visualise the interactions between potential TF biomarkers and the genes that they regulate.
This preliminary prediction of TF biomarkers could provide a better understanding of the
molecular mechanisms governing the characteristics of different breast cancer subtypes, and
could be used as novel biomarkers for breast cancer with diagnostic and therapeutic potential

after further validation using patient tumour samples.



CHAPTER ONE - INTRODUCTION

1.1 Background and Literature Review

1.1.1 The Hallmarks of Cancer

Cancer is a group of diseases attributed to the loss of control mechanisms governing the normal
growth and proliferation of cells in the body. Hundreds of varieties of cancer exist, affecting
different tissues, each having vastly different characteristics, symptoms and prognoses. Cancer
has affected humans for thousands of years and yet still remains a leading cause of death in
both developing and developed countries today (Faltas, 2011). Development of cancer is a
multi-step process, requiring multiple exposures to carcinogenic agents and influence from
several genetic predispositions, ultimately leading to a loss of the homeostatic properties of
cells and tissues. The complex characteristics of neoplastic disease can be summarised into a
group of hallmarks that define the behaviour of cancer cells in contrast to normal cells. These
include chronic proliferation, failure to respond to growth suppressors, and avoiding cell death
and senescence, each enabling the accumulation of cells required for tumour formation
(Hanahan and Weinberg, 2011). Invasion and metastasis, as well as the induction of
angiogenesis, further allow cancer to grow and spread throughout the body. Although these
hallmarks are common to most cancers, the molecular mechanisms controlling each type of

cancer differ, leading to varying levels of aggression.
1.1.2 Prevalence of Breast Cancer

Breast cancer is the most prevalent cancer among women globally, with an estimated 2.088
million cases diagnosed in 2018 (Bray et al., 2018). It has the highest mortality rate among
females globally, with an estimated 626 679 deaths attributed to breast cancer in 2018 alone
(Bray et al., 2018). In South Africa, breast cancer is the leading cancer in females, making up
21.78% of total cancer cases diagnosed in the year 2014 (National Cancer Registry, 2014). In
the year 2018, 14 097 cases of breast cancer were diagnosed and it is possible that many cases
remain undiagnosed due to limitations in our developing healthcare system (Bray et al., 2018).
According to the National Cancer Registry, 1 in 27 South African females is at risk of
developing breast cancer, illustrating an urgent need for improved clinical solutions (National
Cancer Registry, 2014).



1.1.3 Breast Cancer Subtypes

Breast cancer is a heterogeneous group of diseases in which cells in the breast exhibit abnormal
growth and division. The human breast is composed primarily of adipose and glandular tissue.
Within the breast, milk-producing cells called lactocytes are contained within alveoli, which
cluster to form lobules. These lobules form the lobes, which connect to lactiferous ducts to
drain the milk from the lobules toward the nipple (Ramsay et al., 2005). Breast cancer
predominantly develops from the lobules and ducts, known as lobular carcinoma and ductal
carcinoma respectively. Breast cancer cases each differ vastly in their prognosis and response
to therapeutic agents. Similar cases of breast cancer are grouped into subtypes, which helps
physicians decide on therapeutic strategies and predict patient outcome for each different case
(Cancer Genome Atlas Network, 2012).

Breast cancer subtypes are commonly classified based on the gene expression profiles of the
tumours — most notably the expression of the estrogen receptor alpha (ERa), progesterone
receptor (PR) and human epidermal growth factor receptor 2 (HER2) proteins (Perou et al.,
2000). Using these markers, breast cancer is subdivided into the intrinsic subtypes: luminal A,
luminal B, basal-like, and HER2-expressing breast cancers (Perou et al., 2000). The proteins
used to classify these subtypes offer a useful diagnostic tool for breast cancer classification,
but have limited utility as therapeutic targets in many cases.

Luminal subtypes are the most common breast cancers (O'Brien et al., 2010). These tumours
overexpress ERo and PR and are therefore usually responsive to hormone therapy, but respond
poorly to most chemotherapy (Brenton et al., 2005). HER2 over-expressing tumours often do
not express ERa and PR, but over-express HER2 — a cell-surface receptor which promotes cell
proliferation and growth (O'Brien et al., 2010). They are not responsive to hormone therapy
and generally have a poor prognosis. They are, however, more responsive to taxane and
anthracycline-based chemotherapeutic agents than luminal subtypes (Brenton et al., 2005).
HER2 over-expressing cancers can also be treated with HER2-tageting drugs, such as
trastuzumab, but this is not effective in all cases (Nagata et al., 2004). The basal subtype
includes triple negative tumours, which do not express ERa, PR or HER2. These tumours have
a high expression of basal markers, such as EGFR (epidermal growth factor receptor), keratins
and genes related to cell proliferation (Sotiriou et al., 2003). Triple negative tumours are usually
aggressive and lack targeted therapeutic options. Patients with this type of cancer have a high

relapse rate and a poor prognosis (Rakha et al., 2006). The only standard treatment for basal



subtypes is chemotherapy, such as anthracyclines (e.g. doxorubicin and epirubicin) and taxanes
(e.g. paclitaxel and docetaxel) (Brenton et al., 2005). The lack of targeted treatment options for
triple negative breast cancer contributes to its poor prognosis, highlighting a need for better
understanding of the regulatory network that governs breast cancer aetiology. Numerous
studies have been conducted to discover novel therapeutic markers for breast cancer (Morettin
et al., 2015, Rizzo et al., 2008). These targets are usually regulators of gene expression, such
as transcription factors (TFs), which can play distinct roles in different subtypes of breast

cancer.
1.1.4 Stages of Breast Cancer

Breast cancer is also classified into stages, which describe the size, type and progression of the
tumour (Heim et al., 1997). Stage O of breast cancer describes both cancerous and non-
cancerous tumours which are non-invasive and small in size. This is the earliest stage of breast
cancer and is usually easily treatable. Stage 0 is often observed in ductal carcinoma in situ,
which is an early form of breast cancer with low risk of becoming invasive (Bednarek et al.,
1997). At stage 1 of breast cancer, invasion is possible and the size of the tumour increases up
to 2 cm (Segal et al., 2001). This stage is divided into stage 1A and 1B, with no lymph node
involvement in stage 1A and groups of tumorigenic cells larger than 0.2 mm in the lymph nodes
in stage 1B (Segal et al., 2001). In stage 2A of breast cancer, tumours are found in the axillary
or sentinel lymph nodes, between 2 and 5 cm in size. Stage 2B tumours can be larger than 5
cm, but are not able to reach the axillary lymph nodes (Moran et al., 2014). There are three
types of stage 3 breast cancer. Stage 3A indicates that no tumour is detected in the breast, but
tumorigenic cells are found in between four and nine axillary or sentinel lymph nodes
(Jacquillat et al., 1990). Stage 3B tumours have spread to up to nine lymph nodes and swelling
of the skin of the breast is observed, indicating inflammation of the breast. Stage 3C tumours
have spread to 10 or more lymph nodes and to tissues surrounding the clavicle (Jacquillat et
al., 1990).

Stage 4 breast cancer is an advanced form of breast cancer with metastatic characteristics.
During this stage of breast cancer, the tumour has spread to distant organs such as the brain,
liver, bones or lungs. This advanced stage of cancer is difficult to treat and patients have a very
poor prognosis (Neuman et al., 2010). Breast cancer at an advanced stage is often fatal, as the
spread of tumorigenic cells from the primary tumour makes it difficult to treat. For this reason,

early detection of breast cancer results in a favourable patient outcome. The use of biomarkers



is essential for the early diagnosis of breast cancer, as the small size and lack of symptoms at

an early stage makes it difficult to detect the tumour directly.
1.1.5 Mechanisms of Gene Expression

The hereditary information required for the development and functioning of an organism is
contained in sequences of DNA called genes. The genetic material each cell contains is
identical; however, only a specific subset of genes is expressed in different cell types or under
different conditions, resulting in a diverse range of phenotypes. The subset of genes expressed
largely defines the state of a biological system. Gene expression begins with transcription, in
which DNA is used as a template for the synthesis of an RNA product. Of the many types of
RNA products synthesised during transcription, only a small proportion code for proteins
(Palazzo and Lee, 2015). These coding RNAs are called messenger RNAs (MRNAS), and are
used as an intermediate for the process of translation. During translation, mRNA is used as a
template for the synthesis of proteins, which carry out structural and functional roles in the

organism (Latchman, 1997).

Gene expression is commonly measured at the level of transcription, by quantifying the mRNA
present in a cell at a given time. Transcription of mMRNA is carried out by a twelve subunit
enzyme, RNA polymerase Il (RNA pol I1), in three steps: initiation, elongation and termination.
For transcription to occur, RNA pol Il needs to bind to a specific region of the gene called the
promoter. General transcription factors assemble at the promoter to form a transcription
initiation complex (TIC) (Kornberg, 2007). The TIC recruits RNA pol 1l to the promoter and
facilitates the unwinding of DNA, initiating transcription. During the elongation step of
transcription, RNA pol 1l attaches nucleotides complementary to the DNA template to the
MRNA chain by phosphodiester bonds (Brueckner et al., 2009). mRNA is also processed
during the elongation step, with the addition of a 7-methylguanosine cap on the 5° end and the
removal of non-coding intron sequences through splicing. RNA pol Il enzyme moves along the
DNA template, continuously adding nucleotides to the growing mRNA chain. This continues
until a specific DNA sequence is reached, which causes the activation of termination factors,
which cause RNA pol I to cleave the 3’ end of the mRNA and attach a polyadenylated (polyA)
tail, consisting of a stretch of adenine bases (Richard and Manley, 2009). This event marks the
termination of transcription. The mature mRNA is exported from the nucleus into the
cytoplasm, where it is used as a template for the synthesis of a protein product by ribosomes in

a process known as translation.



1.1.6 Regulation of Gene Expression by TFs

The expression of genes is regulated by a number of molecules such as microRNAs (miRNAS)
and TFs. TFs are proteins that regulate the rate of gene transcription by altering the stability of
the TIC (Semenza, 1994). TFs regulate gene expression by binding specific sequences on cis-
regulatory elements or motifs on the DNA of target genes and either promoting or repressing
gene expression (Lelli et al., 2012). These cis-regulatory elements include promoters,
enhancers, silencers and insulators, which each play a role in gene control. TFs bind to these
motifs, form complexes by interacting with other TFs and recruit RNA polymerase Il to initiate
gene transcription. In eukaryotes, the promoter is a region of DNA that can contain multiple
TF binding sites (TFBSs). These TFBSs are regions of DNA containing a highly conserved
nucleotide sequence that is recognised by specific TFs. The presence of multiple TFBSs allows
for gene regulation by many TFs, leading to a variety of expression patterns through
combinatorial TF control (Wray et al., 2003). The action of TFs is governed by the DNA-
binding domain (DBD), trans-activating domain (TAD) and the signal-sensing domain (SSD).
These affect the DNA sequence recognised by the TF, interaction with co-regulators, and
response to external signals respectively (Latchman, 1997). The different domains can either
be on the same TF protein, or on separate subunits which form a heterodimeric structure when
active. The domains present in a TF determine which genes it regulates and the conditions in

which it is active.

The DBD binds short sequences of DNA — usually 6-12 base pairs (bp) long (Spitz and Furlong,
2012). This provides the TF with specificity in the genes that it targets. The consensus
sequences recognised by the DBD are present in multiple gene regulatory elements, meaning
that a single TF can control the expression of multiple different genes involved in various
cellular pathways. In general, a-helices or B-strands of the DBD insert into the major groove
of the DNA helix with high affinity to the specific target sequences (Wray et al., 2003). The
protein commonly interacts with DNA through Van der Waals forces, and through contact with
the sugar-phosphate backbone of DNA. Through this binding, TFs are able to recognise their

target genes and regulate their expression.

Because TFs in the same family have similar DBDs, they often have binding affinity for similar
sequences of DNA. One mechanism of increasing the binding affinity of a TF for a specific
TFBS is though cooperative DNA binding (Slattery et al., 2011). Transcription co-regulators
bind TADs on the TF, which can increase DNA-binding affinity and change the specificity of

the TF to a specific TFBS. This is evident in the Hox TFs, which recognise similar sequences
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in vitro, but have distinct functions in vivo due to cooperative DNA binding with different
coregulators (Noyes et al., 2008). The TAD is also involved in recruiting components of the
TIC to the promoter via protein-protein interactions (Stringer et al., 1990). The interaction of
TFs with different coregulators allows for the specific control of gene expression programs in
different developmental phases, tissues, and under different conditions where the availability

of cofactors differs.

An additional, optional mechanism controlling the activation of TFs under different conditions
is through the activity of the SSD. The SSD is a protein domain that recognises external
chemical signals or ligands which, upon binding, alter the ability of the TF to control gene
expression. The SSD and DBD can either be on the same subunit or on separate subunits. ERa
is an example of a TF activated by a ligand. The SSD binds the hormone estrogen with high
affinity, activating the transcriptional activity of the TF (Li et al., 2004). The DBD of the TF
then recognises and binds estrogen response elements (ERES) on target genes, regulating their
expression. Another TF that responds to external signals, albeit through a different mechanism,
is HIF-1a. HIF-1a is rapidly degraded in the presence of oxygen, due to an oxygen-dependent
degradation domain (Hu et al., 2013). It is constitutively expressed in the cells, but degraded
under normal conditions. In hypoxic conditions, when oxygen levels drop, it is no longer
degraded and can rapidly activate genes in response to a potentially harmful situation. The SSD
facilitates the activation or deactivation of TFs in response to hormones and other chemical
signals. This allows for a change in gene expression patterns in response to changing

environmental conditions or in different tissues.

TFs activate transcription through two fundamental mechanisms. They recruit the components
of the TIC to the promoter of the target gene and they alter the structure of chromatin to
facilitate the process of transcription (Barberis et al., 1995, Stringer et al., 1990). The TAD of
the TF interacts with various components of the TIC, including TATA-binding protein (TBP),
TATA-binding protein associated factor (TAF) and other transcription initiation factors
(Goodrich et al., 1993, Stringer et al., 1990, Takahashi et al., 1995). Formation of the TIC
allows for the initiation of transcription. TFs also play a role in chromatin remodelling by
promoting an open or closed chromatin structure for gene activation or repression respectively.
TFs recruit components of chromatin remodelling complexes to their target regions through
transient interactions with the TAD (McManus et al., 2011). Additionally, they can integrate

into chromatin remodelling complexes as components, directly contributing to the remodelling



of chromatin (Hogan et al., 2010). With the ability to activate or repress transcription, TFs play

a major role in controlling gene expression.

The TFs expressed in a particular cell control the gene expression patterns in that cell, thereby
determining the phenotype of the cell under certain conditions. By modulating gene expression,
TFs and other regulatory molecules, such as miRNAs, play a central role in the diversity
observed in different tissues, cellular states and disease. Aberrant expression or activity of these
regulators can lead to dysregulated expression of genes, which is the cause of many chronic
diseases, such as cancer, neurological disorders and obesity (Lee and Young, 2013). Small sets
of key TFs control the gene expression profiles of large systems of cells and tissues. The
mutation or misregulation of these TFs has a deleterious effect on the regulatory networks
governing homeostasis and normal cellular function. This effect is observed in the liver and
the pancreas, where a set of master TFs largely controls the gene expression of these organs
and when mutated, result in various forms of diabetes (Odom et al., 2004). Additionally,
genome instability is an enabling characteristic for many of the hallmarks of cancer (Hanahan
and Weinberg, 2011). Altered gene profiles give tumours a survival advantage by enabling
rapid proliferation and the downregulation of tumour suppressing pathways. Aberrant
expression of TFs is known to play a major role in tumorigenesis. The substantial effect TFs
have on the regulation of the human body warrants further investigation into their molecular
mechanisms and the role they play in disease.

1.1.7 TFs as Biomarkers

The regulation of biological processes involved in the maintenance of an organism relies
heavily on the combined gene expression patterns at a cellular level. Gene expression patterns
are commonly used as a marker of disease type and stage. TFs play an integral role in
controlling gene expression and their deregulation is associated with many diseases in humans.
As controllers of gene expression, TFs can provide insight into the controlling mechanisms of
disease. Additionally, the aberrant expression of a small number of specific TFs has a large
effect on gene expression patterns of a cell. This makes TFs a logical target for prognostic

prediction and therapeutic interference as biomarkers of disease.

Biomarkers are biological characteristics that can be measured to diagnose disease and predict
the patient prognosis and response to treatment (Mayeux, 2004). TFs are a useful type of
biomarker due to their ability to alter gene expression and their involvement in human disease.

As biomarkers, TFs can be used to as diagnostic and prognostic markers, and as targets for



therapeutic intervention (Ordonez, 2012, Yeh et al., 2013). Cancer in particular has been linked
to the aberrant expression of numerous TFs, resulting in cellular transformation to a malignant
state. A few TFs have already been identified as reliable biomarkers for cancer (Duffy et al.,
2017, Littlepage et al., 2012), but with an increasing number of cancer cases lacking targeted
therapy and non-invasive diagnostic methods, there is a need to identify additional biomarkers
of cancer to fully elucidate the molecular mechanisms of the disease and contribute to available

therapeutic and diagnostic strategies.
1.1.8 The Tumour Suppressor p53

The most well-known TF aberrantly expressed in cancer is the tumour suppressor p53. The
protein p53 is coded by the TP53 gene, which is directly mutated in over 50% of human cancer
cases (Robles and Harris, 2010). In most other cancer cases, pathways involving p53 are altered
indirectly. The primary function of p53 as a TF is activating numerous pathways involved in
apoptosis, cell cycle arrest and senescence (Vogelstein et al., 2000). Activation of p53 is
generally in response to cellular stress signals, such as ionising radiation, hypoxia, DNA
mutations or chromosomal breakages (Bieging et al., 2014). p53 prevents replication until the
damage is repaired or, if necessary, induces apoptosis to prevent the replication of mutated
cells. Loss of p53 function leads to the accumulation of damaged cells, which may have
increased proliferative capabilities, leading to the formation of tumours. TP53 is frequently
mutated in breast cancer, and the type of p53 deactivation (e.g. point mutation,
insertion/deletion mutation or MDM2 amplification) correlates with different molecular
subtypes of breast cancer (Silwal-Pandit et al., 2014). p53 shows prognostic value in a variety
of cancer, especially when combined with other biomarkers, but since its function is perturbed
in such a wide variety of cancers, it lacks the specificity needed to differentiate between specific

subtypes of breast cancer on its own.

1.1.9 The Estrogen Receptor

A biomarker commonly used to differentiate between breast cancer subtypes is the nuclear
receptor ERa. As described above, this TF is regulated by the steroid hormone estrogen. It has
a variety of functions in neuroendocrine, skeletal and cardiovascular processes, but is primarily
a regulator of the female reproductive system (Swedenborg et al., 2009). ERa mediates
proliferative pathways, linking it to estrogen-dependent tumorigenesis primarily in the breast
and ovaries, and occasionally in the prostate and colon (Shang, 2007). ERa forms a homodimer
when activated though estrogen binding, allowing it to bind ERE regions on DNA and activate



its target genes (Jerry et al., 2010). ERa can also be activated in the absence of estrogen via
interactions with other TFs such as p53, RUNX1 and NF-xB (Jerry et al., 2010, Stender et al.,
2010). ERa positive (ER+) breast cancer subtypes overexpress ERa, increasing sensitivity to
the proliferation-stimulating effects of estrogen (Weigel and Dowsett, 2010). This leads to an
increase in proliferation and an accumulation of cells required for tumorigenesis. In contrast,
ERa-negative (ER-) breast cancer cells do not overexpress ERa and do not require estrogen for
proliferation. They are therefore not responsive to endocrine therapy, such as selective estrogen
receptor modulators (SERMs) (e.g. Tamoxifen), or aromatase inhibitors (e.g. Letrozole), which
are usually used to treat ER+ breast cancer types. This makes ERa an important biomarker in
breast cancer, as it indicates the sensitivity of the tumour to endocrine therapy. ER status also
predicts the response to chemotherapy, with ER- tumours responding better to neoadjuvant
chemotherapeutic treatment (Weigel and Dowsett, 2010). As mentioned previously, ERa is
also a valuable prognostic marker with ER- cancer generally having higher relapse rates and
poor prognoses (Rakha et al., 2006). The limitation of ERa as a therapeutic target is that it is
not present in ER- cancer and therefore cannot be targeted. In addition, even resistance to
endocrine treatment can arise in ER+ breast cancer patients, rendering endocrine treatments
ineffective (Fan et al., 2015). Nevertheless, ERa is an important biomarker in breast cancer and
combined with other biomarkers, provides insight into the subtype of breast cancer and

therapeutic strategies to treat it.
1.1.10 Other TFs as Biomarkers

Of the hundreds of biomarkers discovered, relatively few have been approved for use by the
Food and Drug Administration (FDA). This may be because of the low specificity and
reliability of many potential biomarkers due to the non-standardised methods of biomarker
discovery. As mentioned above, ERa, PR and HER2 are the most commonly used predictive
markers for breast cancer. Recently, ERP has also demonstrated potential as a marker of
positive prognosis in breast cancer, especially in ER- patients, where ERa is absent (Tan et al.,
2016). Other well-established biomarkers are the BRCA1 and BRCA2 tumour suppressors.
These proteins are involved in DNA repair and are mutated in a large proportion of breast and
ovarian cancers (Ferla et al., 2007). Mutation of the BRCA genes are present in over 20% of
hereditary breast cancer and approximately 15% of hereditary ovarian cancer, making them a
useful biomarker for screening, diagnosis and prognosis of breast and ovarian cancers (Szabo
and King, 1995). The number of FDA approved biomarkers for specific cancers is limited,

highlighting a need for the development and validation of more reliable biomarkers.
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Many novel biomarkers have been proposed which may be useful in clinically assessing breast
cancer cases. One potential biomarker is Ki67, a nuclear protein expressed among proliferating
cells (Lopez et al., 1991). This protein could be used in combination with ER, PR and HER2
to differentiate between luminal A and B tumours (Cheang et al., 2009). It is also being
investigated for use as a predictive marker for neoadjuvant chemotherapy outcome both pre-
and post-treatment of breast cancer (Jones et al., 2009). Other potential biomarkers include
cyclins D1 and E, which are under investigation as predictive markers for the prognosis and
response to chemotherapy of breast cancer patients (Bilalovi¢ et al., 2005, Smith and Seo,
2000). The discovery and investigation of breast cancer biomarkers is of great clinical
importance. Most cancers reach an advanced stage before they are detected due to the limited
number of reliable biomarkers for early diagnosis. Early detection of cancers is essential, as
they are easily treatable in most cases, as opposed to late stage cancers which are usually
incurable. The diversity of cancer subtypes calls for the discovery of novel biomarkers for
screening and early diagnosis of cancer. Specific and reliable biomarkers are required to

accurately classify cancer cases and prescribe the appropriate treatment.
1.1.11 Detection of TFs for use in Cancer Diagnostics

An important property of a biomarker is the ability to detect and measure it in patients. The
importance of TFs in cancer is evident, but without the ability to quantify their expression in
clinical samples, they have little use as diagnostic or prognostic markers. The expression levels
of certain TFs have been shown to be detectable by blood-based diagnostic assays. These
include VDR, E2F3 and CREB1, which have been measured in blood-based assays as markers
of various diseases (Belzeaux et al., 2010, Pipinikas et al., 2007, Reimer et al., 2006). This is
promising, as it suggests a non-invasive method of assessing TF biomarkers in a clinical
setting. A limitation of such methods is the inability to assess interactions of TFs with their
target DNA sequences, which is important to determine the specific activities of the TF in the
patient.

1.1.12 Experimental Methods to Confirm TF binding

Conventional methods of measuring protein-DNA interactions are often expensive and time-
consuming, and have little value in a clinical setting. The two common methods of assessing
protein-DNA interactions are the electrophoretic mobility shift assay (EMSA) and chromatin
immunoprecipitation (ChIP). EMSA involves the separation of protein-DNA fragment

mixtures based on size and charge via native polyacrylamide or agarose gel electrophoresis
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(Fried, 1989). The TF of interest can be labelled with an antibody to alter the weight of the
target complex and radioactive labelling can be used for better sensitivity. ChlIP involves the
crosslinking of TF-DNA interacting complexes, followed by the precipitation of the target TF-
DNA complex using a TF-specific antibody conjugated to an agarose or magnetic bead
(Solomon et al., 1988). Following reversal of the TF-DNA crosslinks, the DNA can be analysed
using PCR, microarray or sequencing methods. Both of these methods are time consuming,

expensive and require large cell or tissue samples, making them clinically inviable.

A more efficient method of identifying TF-DNA interactions is through the use of
electrochemical biosensors. This was demonstrated by Gorodetsky et al. for the detection of
TBP, a TF that binds to the TATA box in the promoter region (Gorodetsky et al., 2008). This
assay uses DNA-modified microelectrodes to detect the binding of TBP by measuring
interruptions in DNA-mediated charge transport to a Nile Blue probe attached to the DNA.
Nanomolar concentrations of TBP were detected in the presence of micromolar concentrations
of protein contaminants, demonstrating the sensitivity of this assay. The assay can be adapted
to detect any DNA-binding protein and can be multiplexed on a single DNA chip for high
throughput analysis of multiple biomarkers from one sample. The speed, accuracy and compact

size of this technology makes it an ideal candidate for clinically testing TFs as biomarkers.
1.1.13 The Transcriptome: Quantification and Analysis

The rapid development of high-throughput gene technologies has facilitated the genomic,
proteomic and transcriptomic profiling of tumour subtypes, enabling the elucidation of the
molecular mechanisms controlling different diseases. The transcriptome is the collection of
RNA transcripts in the cell at a given time. It represents actively expressed genes in the cell
under specific conditions (Wang et al., 2009). Analysis of the transcriptome provides insight
into gene expression patterns under different conditions and in different disease states. The
transcriptome is, however, extremely complex due to the variation in transcript splicing,
polymorphisms, and the biological variance in transcript abundance (Pan et al., 2008). This
means that huge quantities of information are generated when a transcriptome is quantified,

requiring powerful computational techniques to decipher.

Several techniques are available for analysis of the transcriptome. The most widely used of
these techniques is the microarray (Casneuf et al., 2007). This method uses a chip with an array
of specific DNA sequence probes attached. The sequences of these probes correspond to genes

or DNA elements of interest. The RNA transcripts in a cell population are converted to
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complimentary DNA (cDNA), fluorescently labelled, and passed over the probes, allowing for
hybridisation based on sequence complementarity (Adomas et al., 2008). The fluorescence
intensity — corresponding to number of transcripts bound to a particular probe — can be
quantified as a measure of gene expression. This allows for the profiling of thousands of
transcripts simultaneously in order to analyse the effects of various conditions, drug treatments
or disease states on gene expression. This technology is inexpensive and allows for high-
throughput analysis of gene expression in cells under different conditions with multiple
replicates. There are, however, numerous limitations to microarray technology. The microarray
chip uses predetermined DNA probes to measure gene expression, which makes this assay
susceptible to bias based on the probes selected. Additionally, it is unable to detect novel
transcript variants or polymorphisms (Wang et al., 2009). Due to the fluorescent method of
quantification, the analysis of genes with low and high expression is unreliable. Careful design
is also required to avoid cross-hybridisation between probes (Casneuf et al., 2007). In addition,
due to specific chip design, it is difficult to compare microarray data generated from different
experiments. Due to these limitations, alternative methods of transcript quantification are
preferred.

Recent advances in next generation sequencing (NGS) have enabled the analysis of the
transcriptome through RNA sequencing (RNA-seq). A general strategy for RNA-seq is as
follows. The first step of RNA-seq is the isolation and purification of RNA from cell or tissue
samples. This RNA can be separated into components if the study of one type of RNA is
desired. The study of mRNA is common due to its direct link to protein synthesis. mMRNA
transcripts can be isolated using their 3’ polyA tails as a unique feature of identification,
although this ignores non-coding RNA and may introduce a 3’ bias in the sequenced library
(Chenetal., 2014). Additionally, ribosomal RNA (rRNA) is usually depleted from the sample,
as it comprises over 90% of cellular RNA and is not useful for gene expression quantification.
cDNA is synthesised through reverse transcription and random priming from isolated RNA
which has been fragmented to reduce 5’ bias in the cDNA library. cDNA fragments of uniform
size are sequenced using NGS technology, generating millions of short sequences called reads
(Wang et al., 2009). RNA reads are mapped to a reference genome or assembled de novo and
annotated with gene feature names using bioinformatics tools such as HTSeq (Anders et al.,
2015), with the number of reads mapped to a gene corresponding to calculate gene-specific

transcript abundance.
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RNA-seq introduces numerous advantages over microarray technology. By directly sequencing
RNA transcripts instead of relying on fluorescent measurements, changes in gene expression
can be measured in much greater depth and with higher sensitivity. In addition, other
characteristics of the RNA molecule can be assessed, such as alternative splicing, sequence
variation, transcription start site (TSS) mapping and expression of different alleles (Heap et al.,
2009, Pan et al., 2008, Sultan et al., 2008, Trapnell et al., 2010). Furthermore, RNA-seq allows
for the discovery of novel transcripts and genes, as it does not rely on predetermined probes
for transcript detection (Pepke et al., 2009). These advantages make RNA-seq an ideal tool for
the study of altered gene expression patterns in disease and the discovery of biomarkers based
on this altered expression. The reason microarray technology is still widely used is because of
the significantly higher costs of RNA-seq analysis. For this reason, the results of RNA-seq
analysis are usually deposited in public repositories and are freely available for public use. This

has led to the availability of vast quantities of expression data.

Cap analysis gene expression (CAGE) is a technique that allows for the use of RNA-seq
technology at a lower cost. This technique allows for high throughput analysis of gene
transcription without having to sequence the entire RNA transcript. RNA is extracted from the
cells or tissue and cDNA is synthesised. The 5° end of the cDNA is then captured, using the
cap-trapper method (Carninci and Hayashizaki, 1999), and cleaved by class Il restriction
endonucleases to produce 20 — 27 nucleotide CAGE tag, which correspond to the TSS of the
MRNA. The CAGE tags are amplified, sequenced, and aligned to a reference genome (Lizio et
al., 2015). The 5’ nucleotide is considered the TSS and clusters of TSSs, known as CAGE
peaks, are identified using decomposition peak identification (Lizio et al., 2015). This method
allows for the quantification of transcription in a similar way to RNA-seq, and also allows for
the identification of different TSSs used under varying conditions. The magnitude of size and
complexity of gene expression data calls for the use of statistical and computational tools in
order to derive biological meaning. This has brought about the development of numerous
bioinformatics tools to assist in interpreting biological datasets too complex to be manually

analysed by humans.

1.1.14 Bioinformatics for Transcriptome Analysis

The vast quantity of complex data generated through microarray and sequencing technologies
challenges researchers to create methods of interpretation using computational tools. The field

of bioinformatics has been established to address this challenge and derive biological meaning
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from otherwise uninterpretable datasets. Bioinformatics combines computational and statistical
methods to provide an understanding of complex biological information. Bioinformatics is a
multidisciplinary field used to interpret biological sequences, gene and protein expression,
biological and chemical structures, genotype distributions among populations, and many other
complex biological systems. For the purposes of this study, it is used to interpret large gene
expression datasets to identify candidate regulators in an efficient and cost-effective way

before committing resources on laboratory validation.

Most bioinformatics projects rely on a combination of pre-written software tools. One of the
largest repositories of bioinformatics tools is Bioconductor (Huber et al., 2015). Bioconductor
is an open-source software project that provides tools for the analysis and understanding of
complex biological data. It contains a wide variety of tools developed by bioinformaticists
primarily in the R programming language. edgeR, a popular Bioconductor tool, is used to
calculate differential gene expression using RNA-seq profiles of different cell populations
(Robinson et al., 2010). The edgeR software package provides a range of statistical
methodology pre-written in R to facilitate the comparison of gene expression data under

differing biological conditions.

In addition to software packages for use in programming environments, there are many web-
based applications used for analysis of biological data. The Database for Annotation,
Visualization and Integrated Discovery (DAVID) is an online tool which provides tools for
functionally annotating lists of genes (Huang et al., 2008). DAVID classifies genes into
functionally related groups which are easier to interpret than flat lists of genes. It also provides
various enrichment tools to identify over-represented functional classifications in a user-
provided gene list. These functional classifications are based on gene ontology (GO), biological
pathways, and disease associations, and a variety of other classifications. The lists of genes
provided are generally associated with the cell state in study. In this study, differentially
expressing (DE) genes are analysed in DAVID to identify over-represented functional

annotations to elucidate cellular mechanisms altered in different breast cancer cell lines.

Functional annotations are useful for classifying the biological role of groups of genes in order
to interpret large datasets. The GO project aims to represent the growing knowledge of genes
in a controlled, machine-readable set of vocabularies (Ashburner et al., 2000). This project has
created ontologies to represent the role of genes in thousands of biological concepts based on

experimental evidence from published research articles. These ontologies fall into three
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categories: biological process, molecular function and cellular component. Each GO term has
a unique identifier and a definition with sources of evidence listed. Another database used for
functional annotation is the Kyoto Encyclopedia of Genes and Genomes (KEGG) (Kanehisa
and Goto, 2000). KEGG is a database aimed at assigning functional meaning to genes. It
contains networks of interacting molecules and pathway maps which are useful for assigning
genes of interest to molecular pathways active in the cell. Both GO and KEGG allow for the
analysis of genes not only at the gene level, but also at the level of molecular interactions and
biological interactions, which is more useful for determining functions of genes derived from
complex experiments. Using these databases, it is possible to computationally assign
biologically relevant annotations to genes of interest, representing their role in biological
systems. This is useful in the study of disease, where they facilitate the identification of
perturbed biological molecular mechanisms underlying disease phenotypes.

In previous studies, computational methods have successfully aided in the discovery of cancer
biomarkers in various cancers. In a study by Kaur, et al. in 2011, a computational method was
developed to discover potential biomarkers for ovarian cancer (OC) (Kaur et al., 2011). This
study found 17 TFs as potential biomarkers for OC and 3 unique TFs that regulate estrogen-
controlled genes associated with OC. Another study by Kaczkowski, et al. used a
computational method to analyse FANTOM5 CAGE and RNAseq data for genes and DNA-
regulatory elements in cancer (Kaczkowski et al., 2016). This study revealed multiple potential
pan-cancer biomarkers, including protein-coding genes, non-coding transcripts, which could
be useful therapeutic targets. The growing number of bioinformatics publications highlights

the importance of computational tools in analysing genomic and transcriptomic data.
1.2 Introduction to the Present Study

This study was carried out with the aim of identifying sets of genes deregulated in ER+ and
ER- breast cancer and the TFs that control their expression. In this study, a computational
approach was used to observe the changes in gene expression that occur in breast cancer cells
compared to normal cells, and to predict TFs that control these changes. These TFs were
analysed for their prognostic value in breast cancer to determine how well they can predict
patient outcome. This allows for the discovery of biomarkers for breast cancer that could be
used for diagnosis and screening of breast cancer, predicting the patient’s response to drugs,
predicting patient outcome, and as therapeutic targets to replace or enhance available breast

cancer treatment options.
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Bioinformatics tools were used to analyse RNA-seq data to elucidate the changes in gene
transcription between breast cancer cell lines and a non-tumorigenic breast control cell line.
Publically available RNA-seq datasets for the cell lines MCF7, MDA-MB-231 and MCF10,
corresponding to ER+ breast cancer, ER- breast cancer and non-tumorigenic control breast
cells respectively, were analysed using various computational tools. Differential expression
(DE) analysis was performed to determine the gene expression profiles specific to ER+ and
ER- breast cancer cell lines relative to non-tumorigenic cells. The DE genes were analysed for
functional enrichment of GO and pathways to determine the biological roles of these genes.
The promoters of the genes were assessed for the enrichment of EREs and TFBSs to elucidate
the transcriptional mechanisms regulating the gene expression profiles of different breast
cancer subtypes. The TFs that bind to enriched TFBSs were analysed for their expression levels
in breast cancer patients and their prognostic value in predicting patient outcome. Finally, TF-
gene networks were constructed to visualise interactions between genes and the key regulators

of gene expression in ER+ and ER- breast cancer.

The TFs predicted in this study could act as potential biomarker with prognostic, diagnostic
and therapeutic potential in breast cancer. These potential biomarkers could be used in addition
to available clinical tools to better diagnose breast cancer at an early stage, thus increasing the
probability of treatment success. They can also assist in determining the correct treatment for
breast cancer patients, avoiding cases of ineffective treatment or drug resistance. Furthermore,
biomarkers can be used as targets for novel treatments strategies to replace non-specific
cytotoxic drugs, which often have numerous side effects. Furthermore, the methodology used
in this study can be applied to data from any disease caused by altered gene expression to
elucidate the mechanisms of the disease and develop better diagnostic and therapeutic
strategies.
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1.3 Aims and Objectives

1.3.1 Aim

To develop a computational pipeline for identifying a set of genes or TFs that can serve as
biomarkers for ER+ and ER- breast cancer. These will serve as candidates for diagnostic and
therapeutic markers and will contribute to the understanding of the mechanisms of breast

cancer.
1.3.2 Objectives

1. To identify ER+ and ER- breast cancer-associated genes by conducting differential

expression analysis on RNA-seq data.
2. To determine the function of DE genes by performing GO and pathway enrichment analysis.

3. To identify genes in both ER+ and ER- breast cancer potentially controlled by estrogen by
predicting ERa sites in the DE gene promoters.

4. To determine which TFBSs are over-represented in the promoters of breast cancer-associated

genes by performing TFBS enrichment analysis.

5. To construct a network of genes regulated by individual TFs and identify TFs that could be

potential breast cancer biomarkers.

6. To validate the expression and prognostic value of identified biomarkers in silico using

patient datasets.
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CHAPTER TWO - MATERIALS AND METHODS

2.1 Methodology Workflow

The following workflow diagram describes the methodology used in this study:

RNA-seq Data Processing
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Figure 1: Workflow of Methodology showing the methods used to determine potential breast cancer
biomarkers. The numbers correspond to the objectives in section 1.3.2 above.
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2.2 Retrieval of Gene Expression Data

Gene Expression Omnibus (GEO)

The GEO project was initiated by the National Centre for Biotechnology Information (NCBI)
to address the growing need for a central public repository of gene expression data generated
through a variety of high-throughput technologies (Edgar et al., 2002). The GEO web interface
facilitates submission and retrieval of both raw and processed data, which is made available to
the public for download and analysis. The data is stored in a relational database with each entry
having a unique and constant accession number with different prefixes specifying attributes of

the entry, facilitating extensive search and retrieval based on user-defined criteria:

e Platform (GPL) describes the experimental technology and array or sequencing
platforms.

e Sample (GSM) describes the individual sample being assayed in terms of sample type
and experimental conditions.

e Series (GSE) comprises all the samples belonging to a particular experiment organized

as a data set.

For this study, RNA-seq data was retrieved from GEO (https://www.ncbi.nlm.nih.gov/geo/)
from the series GSE75168. The data was generated using the lllumina HiSeq 1500 platform
(GPL18460) with single-end 100 base sequencing for a study of breast cancer subtypes for a
study on histone modifications in breast cancer (Messier et al., 2016). The raw sequencing data
was downloaded in FASTQ format from the Sequence Read Archive (SRA). Table 1 shows
the samples downloaded and their corresponding accession numbers.
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Table 1: RNA-seq samples retrieved from GEO

Sample Accession Number SRA Accession
MCF10A (replicate 1) GSM1944515 SRX1438068
MCF10A (replicate 2) GSM1944516 SRX1438069
MCF10A (replicate 3) GSM1944517 SRX1438070
MCF7 (replicate 1) GSM1944518 SRX1438071
MCF7 (replicate 2) GSM1944519 SRX1438072
MCF7 (replicate 3) GSM1944520 SRX1438073
MDA-MB-231 (replicate 1) GSM1944521 SRX1438074
MDA-MB-231 (replicate 2) GSM1944522 SRX1438075
MDA-MB-231 (replicate 3) GSM1944523 SRX1438076

Data Pre-processing

Raw data generated by RNA sequencing requires processing before meaningful analysis can

be performed. The reads from the FASTQ file need to be aligned to a reference genome and

assigned to specific genes using an annotation file. This was performed using available tools

implemented in the Linux Ubuntu 18.04 Bash shell environment:

Indexing the human genome: The complete human genome sequence (GRCh38) was
downloaded in FASTA format from the Ensembl file transfer protocol (FTP) site
(https://www.ensembl.org/info/data/ftp/index.html). An index of this genome was built
for read mapping using the hisat2-build program (Kim et al., 2015).

Read Alignment: RNA-seq reads were aligned to the indexed human genome using
the HISAT2 alignment program (Kim et al., 2015). The FASTQ files for each sample
listed in Table 1 were used as an input for alignment and a sequence alignment map
(SAM) file was generated.

Read annotation: Aligned reads were assigned to genes and the number of reads
mapped to each gene was counted. This was performed using HTSeq version 0.10.0
(Anders et al., 2015). The annotation file containing gene models corresponding to the
GRCh38 genome was downloaded from the Ensembl FTP site in gene transfer format
(GTF). The GTF file and SAM files were used as input for HTSeq and a matrix of genes
and their corresponding read counts was generated in plaintext format for each RNA-
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seq sample, representing gene expression for each sample. Separate count matrix files

were combined into one file for further analysis.
2.3 Differential Expression Analysis

DE analysis is a statistical method used to quantify the differences in gene expression between
different experimental groups by comparing the normalized gene expression levels generated
through RNA quantification experiments. For analysis of high-throughput RNA-seq data, the
normalized read counts are compared between groups using a statistical model. To identify the
gene expression signatures of ER+ and ER- breast cancers, the pairwise differences in gene
expression were compared between the MCF7, MDA-MB-231, and MCF10A cell lines. The
Bioconductor package edgeR was used in the R programming language to perform DE analysis

between the samples above (Robinson et al., 2010).

The edgeR program is used to measure DE between genomic features such as genes,
transcripts, tags, or exons. It models read counts for each sample using a negative binomial
(NB) distribution, a discrete probability distribution of counts that is accurate at low expression
levels (Lun et al., 2016). This allows for the calculation of a NB dispersion parameter to
estimate and account for variability between biological replicates. Empirical Bayes methods
are applied to estimate gene-specific biological variation, even when few biological replicates
are available. Pairwise DE between MCF7, MDA-MB-231, and MCF10A samples was
calculated using edgeR in the R programming environment.

The annotated gene counts were loaded into the R programming environment as an array with
genewise counts as rows and samples as columns. Three replicates each of MCF7, MDA-MB-
231, and MCF10A were used as samples. To assess the consistency between replicates, a multi-
dimensional scaling (MDS) plot was generated. This unsupervised clustering method
calculates the log2 fold changes (logFC) between genes in each sample and computes the root-
mean-square average of the largest 500 logFC values across all sample (Cox and Cox, 2000).
This value is used to calculate distances between samples, which are converted to coordinates
and plotted on the MDS plot. Genes with low expression across all replicates were filtered out,
as DE cannot accurately be calculated at low count numbers. For this, genes with less than 0.25
counts-per-million (CPM) across at least three samples were excluded, which corresponds to
approximately 10 counts for the average library size of the samples used. The data were then
normalized for RNA composition. This is important because RNA-seq only measures the

relative abundance of each gene in each sample. This means that when a gene is highly
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expressed in one sample, that gene will make up a large proportion of the sequenced library,
causing remaining genes in that sample to appear to be downregulated (Robinson and Oshlack,
2010). The libraries for each sample therefore need to be scaled to account for RNA
composition bias caused by highly expressed genes in certain samples. Assuming that most
genes in a sample will not be differentially expressed, scaling factors are calculated using a
trimmed mean of M-values (TMM) between each pair of samples, which minimizes fold
changes for the majority of genes between samples (Robinson and Oshlack, 2010). The
effective library sizes are calculated by multiplying the scale factors corresponding to each
sample to the original library sizes. The common, trended, and tagwise NB dispersion estimates
were then calculated to account for biological and technical variation between samples. This is
visualized in a scatterplot of the biological coefficient of variation (BCV) compared to average

gene abundance.

DE was tested using a quasi-likelihood (QL) F-test. The QL F-test (Wedderburn, 1974) was
chosen instead of the likelihood ratio test as it provides a more robust error rate control when
replicate number is low compared to the likelihood ratio test. To test for DE genes, pairwise
contrasts were made between MCF7, MDA-MB-231 and MCF10A cell line expression data.
The null hypothesis is defined as a difference of zero in gene expression value between cell
lines being compared. DE genes significantly differ from the null hypothesis according to the
QL F-test with a p-value of less than 0.05. To account for multiple comparisons and control
the rate of false positives detected, the Benjamini-Hochberg method is applied to the p-values
to calculate the false discovery rate (FDR) (Benjamini and Hochberg, 1995). Genes with an
FDR greater than 5% were not considered significant. DE genes were reported with a logFC
value, which represents how different the expression of the gene is between the cell lines
compared. Positive logFC values indicate that a gene is overexpressed in one cell line compared
to the other, and negative values indicate that the gene is underexpressed. The glmTreat
statistical test in edgeR was used to set a logFC threshold of 1, which discards DE genes with
logFC that is below 1 and above -1. This method was used instead of manually selecting genes
with logFC above 1 and below -1 because it makes use of an exact test to test the logFC
threshold, which does not favour highly variable genes with low expression and preserves the
FDR. Significantly DE genes for each comparison which conformed to the imposed criteria

were written to files and used for further analysis.
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2.4 Promoter Sequence Acquisition

The gene promoter sequences for the DE genes were obtained from the Eukaryotic Promoter
Database (EPD) (https://epd.vital-it.ch/index.php). EPD is a database of experimentally
validated promoter sequences for a variety of eukaryotic species. The EPDnew database was
selected, as it contains combines promoters from published articles with those validated
through high-throughput experiments, such as CAGE and Oligocapping (Dreos et al., 2016).
The data is passed through an EPD analysis pipeline, which assesses the quality of the data and
assembles it into a preliminary TSS collection. Quality evaluation of the TSS collections are
performed automatically using motif enrichment tests. Randomly selected promoters are then

manually evaluated before the final TSS collection is released to the public.

The significantly DE genes were separated into lists of upregulated and downregulated genes
for each pairwise comparison. These lists were used to query the EPDnew database using the
EPD selection tool. Only the most representative TSS was chosen if multiple were available
for the query genes. The sequences starting 1000 bp upstream and ending 200 bp downstream
of the TSS for each gene, using the GRCh38 genome assembly, were extracted in FASTA
format for each set of DE genes. These sequences were used to represent the promoter region
of each gene for further analysis. The region 1000 bp upstream and 200 bp downstream of the
TSS was used, as this is generally accepted as the promoter region in which most TFs bind.
One study shows that 86% of TFBSs occur within this region of the promoter (Yu et al., 2016).

2.5 ERE Prediction

To predict the presence of EREs in the promoter regions of DE genes, the Dragon ERE Finder
version 2 program was used (Bajic et al., 2003). This is used to predict genes involved in the
estrogen signalling pathway where ER proteins are activated either estrogen or other growth
factors and bind directly to the DNA of target genes. This program implements the basic local
alignment search tool (BLAST) algorithm to compare the DNA sequences of promoter regions
to a database of EREs. The program detects ERE patterns using probabilistic models, which
are applied to input sequences to predict the presence of known novel EREs. The program was
run on Linux Ubuntu 18.04 64-bit, using the promoter regions downloaded from the EPD for
each set of upregulated and downregulated genes in MCF7 and MDA-MB-231 cells compared
to the non-tumorigenic MCF10A cell line. Even though MDA-MB-231 does not express ERa,
it is still useful to analyse genes containing EREs, which would normally be regulated by ERa.
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This gives insight into the alternate TFs that activate genes involved in ERa-mediated
proliferation in the absence of ERa. The program was run with the default sensitivity option of
0.85 and the reverse strand option enabled so that EREs were detected on both the forward and
reverse strands of the promoters. The program generated a text file containing information on
each gene queried in the input file. This included the number of EREs predicted, as well as the
sequence that was detected as the ERE. This file was then processed using a script in the python
programming language, resulting in lists of genes containing an ERE for each DE gene list.
These genes in these lists were assumed to be regulated by ER, due to the presence of EREs in

their promoter regions.
2.6 Functional Enrichment

Functional enrichment was performed using DAVID (https://david.ncifcrf.gov/) to determine
over-representation of functional characteristics in sets of genes (Huang et al., 2008). This is
used to determine the shared function of lists of co-expressed genes instead of identifying the
function of each gene product individually. Enrichment, also called over-representation, is used
to compare functional categories that are present at a higher proportion in a list of genes than
in a background set of genes. To determine the altered biological processes regulated by genes
in the gene lists generated above, GO enrichment was performed using DAVID. GO is a
consistent and controlled vocabulary system used to describe the biological role of genes and
proteins (Ashburner et al., 2000). It is based on accumulating knowledge about biological
function generated through published studies. GO is separated into three sets of ontologies:
biological process, molecular function and cellular component. Biological process describes
the function of the gene product in a biological system, e.g. “signal transduction”. Molecular
function describes what the gene product does on a biochemical level does on a biochemical
level, e.g. “receptor activity”. Cellular component describes the location in the cell in which
the gene product is active, e.g. “nuclear membrane”. Each set of ontologies has a hierarchy of
differing levels of specificity with specific terms branching off of broader terms, e.g.
“endocytosis” is a part of “vesicle-mediated transport”, which is a part of the broad “transport”
term. In this study, only the biological process ontology set was used, as the biological

functions of cancer-associated genes is of interest.

Similarly, KEGG pathway enrichment was performed using DAVID to determine the
biological pathways altered in lists of genes generated above. KEGG is a database of gene

functions, which includes pathways representing various cellular processes (Kanehisa and

25



Goto, 2000). KEGG pathways are also manually drawn, allowing genes of interest to be
mapped onto a pathway to assess its role in a specific biological pathway and its interaction

with other gene products.

Lists of genes generated through DE analysis (genes upregulated in MCF7 and MDA-MB-231
compared to MCF10A) and ERE prediction (ERE-containing gene subset of upregulated gene
lists) were uploaded to the DAVID web-interface. The whole Homo sapiens genome was used
as a background for comparison. GO enrichment was performed in the biological processes
category at level 4. GO levels indicate the specificity of annotations used with level one being
the most general and level 5 being most specific. Level 4 is an ideal compromise between
specificity and coverage, as the stringency of level 5 has low term coverage. KEGG pathway
enrichment was also performed on the same gene lists. The top 10 terms were selected based
on statistical significance. DAVID calculates significance using an EASE score calculation,
which is a modified version of the Fisher Exact test. This is represented as a P-value which lies
between 0 and 1 with statistically significant enrichment having a P-value less than 0.05. The
10 most enriched GO biological processes and KEGG pathways in the gene lists were plotted
on graphs using Logio(1/P-value). This was done to invert the P-value so that higher

significance is represented by a larger value.
2.7 TFBS enrichment

A TFBS is a conserved DNA sequence recognised and bound by specific TFs. TFBSs can be
represented as a consensus sequence — a specific sequence of DNA (Schneider, 2002). This
method of representation is easy to read and interpret, but due to the variable nature of DNA,
there are deviations from the consensus sequence. For this reason, a TFBS is more accurately
represented as a position specific frequency matrix (PSFM), which is a 2-dimensional matrix
which gives information about the frequency that each DNA base appears at a position of the
DNA-binding motif, shown in Figure 2A (Stormo, 2000). This is computer-readable and can
be used to predict TFBSs in DNA sequences. A PSFM can be represented as a sequence logo
for human readability, with letters representing the DNA bases — adenine (A), thymine (T),
guanine (G) and cytosine (C) — found at each location of the motif (Figure 2B). The size of
each letter is a representation of the frequency at which the DNA base appears in the motif,
with bigger letters representing higher frequency. PSFMs are used to predict the presence of
TFBSs in sequences of DNA to determine TF binding and regulation of specific genes.

26



1 2 3 4 -] 6 7
A 1 4 1 2 0 17 13
C 28 5 5 0 3 3 2
G 0 0 4 0 1 7
T 2 22 21 29 4 10 9
B 5.
1]
5 1] I
el ——— _-_é,_\
-~  ® « —®» ©o ~
5' 3

Figure 2: Representation of a PSFM. A. A 2-dimensional matrix of DNA base frequencies at each
position of the motif. B. A visual representation of the PSFM as a sequence logo with the size of the
DNA base letters corresponding to the frequency of their appearance at a specific position of the motif.
Figure adopted from https://sites.google.com/site/iiserbioinformatics/tutorials (accessed 2018/12/06).

TFBS enrichment was performed using the oPOSSUM-3 web-based software system available
at http://opossum.cisreg.ca (Kwon et al., 2012). oPOSSUM-3 is a tool used for the
identification of enrichment or over-representation of TFBSs in nucleotide sequence-based
data. In this study, the Single Site Analysis (SSA) procedure was used. This procedure
identifies and counts TFBSs in both user-defined sequences (referred to as the foreground set)
and a set of background sequences (all the genes in the o0POSSUM database). Based on the
number of counts, Z-scores and Fisher scores are calculated for each TFBS hit, comparing the
foreground counts to the background counts. Evolutionarily conserved genomic regions are
defined using the PhastCons program, which calculates the probability that each nucleotide is
part of a conserved region (Siepel et al., 2005). Only motifs overlapping with conserved regions

determined by PhastCons are searched for TFBSs.

To calculate motif over-representation in foreground sequences vs background sequences, Z-
score and Fisher score are used. The Z-score employs a binomial distribution model to calculate
whether occurrence rate of each individual TFBS in the foreground set significantly differs
from that of the background set. The Z-score, therefore, tests for the significance at the level

of individual TFBS hits and is expressed as a magnitude of standard deviation. In contrast, the
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Fisher score tests for significance at the gene or sequence level, only taking into account the
presence or absence of a TFBS and not the number of individual TFBSs present in the
sequence. It compares the proportion of genes or sequences in the foreground set containing a
specific TFBS to the proportion of background genes or sequences with the same TFBS. In this
way, the probability of non-random association between a specific TFBS and the user-defined
gene set is calculated. The Fisher score is based on a hypergeometric distribution and is
expressed as the negative natural logarithm of the calculated probability of significance (Kwon
et al., 2012). Both Z-score and Fisher score are subjected to the Benjamini-Hochberg method

to correct for multiple testing and an FDR value is reported (Benjamini and Hochberg, 1995).

In this study, TFBS profiles from the JASPAR database (http://jaspar.genereg.net/) were used
with oPOSSUM-3. JASPAR is a database of curated TFBS profiles for TFs in multiple species
(Khan et al., 2018). JASPAR stores TFBS profiles as positional frequency matrices (PFMSs),
which can be converted to position weight matrices (PWMs). PWMs are probabilistic models
commonly used to predict TFBSs in sequences of DNA. The JASPAR CORE collection of
TFBS profiles was used in this study. This is a manually curated collection of DNA binding
models for each TF. These models are used with oPOSSUM-3 to predict the over-
representation of TFBSs in DE gene profiles determined for MCF7 and MDA-MB-231 cell

lines.

Sets of genes significantly upregulated in the comparisons of RNA-seq expression of MCF7
and MDA-MB-231 with the normal control cell line, MCF10A, were uploaded to the
0POSSUM-3 web interface. All 24 752 genes in the oPOSSUM database were used as a
background set of genes. The JASPAR CORE vertebrate TFBS profiles were used as models
for TFBS enrichment. A conservative cut-off score of 0.4 was selected, corresponding to the
PhastCons probability score described above. The matrix score threshold was set to 85%,
corresponding to the minimum PWM score considered to be significant when scanning each
position of the query sequence. The region 1000 bp upstream and 200 bp downstream of the
TSS of the target gene was used. TFBSs significantly over-represented in the query gene sets
were reported with corresponding Z-scores, Fisher scores and the query genes containing each
enriched TFBS. Predicted TFBS motifs were sorted based on Fisher score, as this analysis
focussed more on individual genes than individual TFBS hits. The recommended Fisher score
cut-off of 7 was used, which is based on empirical studies (Ho Sui et al., 2005). A further cut-
off of 7 was used for Z-score, which is less stringent than the proposed cut-off of 10, but adds

enough stringency to exclude insignificant results (Ho Sui et al., 2005). The TFs corresponding
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to the selected enriched TFBSs were used as prospective biomarkers and subjected to further

validation steps.
2.8 Oncomine Validation

Oncomine was used to validate the expression of the TFs selected above in breast cancer

patients. Oncomine (https://www.oncomine.org/) is an online platform that unifies gene

expression datasets from different cancer publications (Rhodes et al., 2004). Beginning as a
microarray database, Oncomine now also includes sequencing data of both DNA and RNA.
Oncomine provides gene expression data of many different tissue types, including both normal
and tumours, and many different types of cancers. DE analysis is performed comparing cancer
vs normal, cancer vs cancer and normal vs normal tissues. The data can be explored using
filters for specific genes, drug interactions and clinical annotations. Data can also be visualised

in various different ways.

Oncomine was used to compare the expression of selected TFs in breast cancer vs normal breast
tissue. Filters for “Breast Cancer” and “Cancer vs. Normal Analysis” were selected to limit the
data to the relevant criteria. The gene names of the selected TFs were individually entered as a
dataset filter. Datasets containing breast cancer vs normal DE analysis including the specified
gene were displayed. A dataset that included DE information of the gene of interest was
selected and if the P-value indicated significance (p < 0.05), the fold change (FC) value
comparing gene expression in the breast cancer samples vs normal samples was used. If the FC
value was greater than 1, indicating over-expression of the gene in cancer cells, the TF encoded

by the gene was used for further analysis for prognostic properties.
2.9 Survival Analysis

To assess the prognostic value of selected TFs the online tool PROGgeneV2 was used

(http://watson.compbio.iupui.edu/chirayu/proggene/database/index.php)  (Goswami  and

Nakshatri, 2014). This tool compiles datasets from public repositories such as GEO, The
Cancer Genome Atlas (TCGA) and EBI Array Express. Patient gene expression data assessing
survival and metastasis for various cancer types is available to assess the prognostic value of
potential biomarkers. The tool generates Kaplan Meier (KM) prognostic plots comparing the
effect of high and low expression of the selected gene on patient survival. The KM estimator
IS a non-parametric test used to assess patient survival over time (Kaplan and Meier, 1958).

The KM plot is a line of probability that an event of interest, such as patient relapse, metastasis
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or death, takes place. There are generally multiple lines representing different populations of
patients separated into categories, such as cancer subtypes or expression of a gene or gene

signature.

PROGgeneV2 was used to assess the prognostic value of Oncomine-validated TFs in patient
survival and metastasis. The 9 prospective biomarkers validated for MCF7 cells and the 13
prospective biomarkers validated for MDA-MB-231 cells were entered as input genes in the
PROGgeneV2 online interface. Breast cancer was chosen from a list of cancer types. The genes
were measured for prognostic value in both “death” (overall survival) and “metastasis”
(metastasis-free survival). The data was bifurcated by median expression value, meaning the
samples were divided into groups of high and low expression by the median of expression of
the target gene. The KM plots were corrected for the presence of ER to ensure that only the
prognostic value of the TF of interest was being evaluated. A representative dataset containing
the gene of interest was chosen based on the significance of the KM plot. The NKI and TCGA
datasets were used, as together they contained survival information on all of the genes of
interest. The KM plot was generated and analysed for prognostic value.

2.10 Network Construction

To visualise the predicted interactions between TFs selected as potential biomarkers and the

genes they are predicted to regulate, Cytoscape (https://cytoscape.org/) was used. Cytoscape is
an application used to visualise and analyse interaction networks generated using high-
throughput expression data (Shannon et al., 2003). It has the ability to generate networks of a
variety of interactions, such as protein-protein, protein-DNA and genetic interactions. Using
different plug-ins, it can also be linked to databases of molecular interactions to integrate

information from different sources.

Cytoscape was used to construct networks using TFs selected as potential biomarkers and the
genes they regulate according to TFBS enrichment analysis. A network file was created in
plain-text form, assigning the TFs as source nodes and the genes they regulate as target nodes.
For each cell line, the TFs and the genes they regulate were combined to visualise overlapping
regulatory function of the TFs. A circular layout was applied to the networks to clearly view

the TF-gene interactions. Networks were exported as images.
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2.11 Predictive Value of Prospective Biomarkers

After assessing the expression patterns and prognostic value of the potential biomarkers and
reviewing the literature surrounding these TFs, TAL1, FOXD1 and INSM1 were selected as
prospective novel biomarkers with potential to predict a negative outcome in breast cancer
patients. Although other prospective biomarkers are discussed further, they were not included
in this analysis because they either lack novelty or lack the ability to predict negative outcome.
The predictive values of the three selected TFs in breast cancer were measured using statistical
measurements based on their expression levels in breast cancer patients on the Oncomine

platform using the datasets described in tables 7 and 8.

The sensitivity, specificity and precision of the three selected TFs in predicting breast cancer
were calculated (Parikh et al., 2008). These calculations use the number of true positives (TP),
which is the number of breast cancer patients expressing the TF, false positives (FP), which is
the number of patients without breast cancer that express the TF, true negatives (TN), which is
the number of patients without breast cancer that do not express the TF, and false negatives
(FN), which is the number of breast cancer patients that do not express the TF. Sensitivity
calculates the likelihood that the TF will be expressed if the disease is present. It is calculated

as follows:

—_— X
TP +FN 100

Specificity calculates the likelihood that the TF will not be expressed if the disease is absent

and is calculated as follows:

— X1
TN + FP 00

Precision is the positive predictive value of the TF. It determines whether a patient testing
positive for TF expression actually has breast cancer and is not a false positive. Precision is

calculated as follows:

— X1
TP + FP 00

These measurements were calculated using expression data from the Oncomine platform for

each selected TF to determine the predictive potential for breast cancer.
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CHAPTER THREE — RESULTS

3.1 Differential Expression

DE analysis was performed to compare gene expression at the transcriptional level between
different cell lines. The mMRNA expression levels of MCF7 and MDA-MB-231 cell lines —
representing ER+ and ER- Dbreast cancer respectively — were both compared to the non-
tumorigenic control breast cell line MCF10A. RNA-seq data obtained from the GEO series
GSE75168 was analysed for DE using the edgeR Bioconductor package implemented in the R
programming language. A total of 20 572 genes were annotated for each cell line dataset and
used for DE analysis. A MDS plot was generated to assess the consistency of gene expression
between replicates and to cluster samples with similar gene expression levels. In Figure 3, the
MDS plot shows the clustering of RNA-seq samples used for the DE analysis. The three
replicates of MCF7, MDA-MB-231 and MCF10A, represented in red, blue and green
respectively, cluster very closely, confirming that the expression levels are similar in each
sequencing replicate. Additionally, cell line clusters were separate from each other, showing

that the mRNA levels differ between the cell lines compared.

Dispersion parameters were estimated for the RNA-seq samples to account for variability
between replicates. The average common dispersion calculated was 0.087, which is low. This
is expected when using genetically identical organisms or cell lines (Yoon and Nam, 2017).
The distribution of dispersion is represented in Figure S1 in the appendix, showing BCV
(biological coefficient of variation) against average transcript abundance. The blue trend line
shows that dispersion is higher for genes with low expression and decreases to a constant value
as the abundance reaches a higher value of approximately 5 CPM. This is also expected, as

transcripts with low counts are highly variable and therefore cannot be used to calculate DE.
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Figure 3: MDS plot representing the differences in mRNA levels between RNA-seq samples. The
axes represent the average difference in leading logFC values between samples. Replicates of MCF7,
MDA-MB-231 and MCF10A are shown in red, blue and green respectively.

Pairwise comparisons were performed, comparing the gene expression between MCF7 and
MCF10A, MDA-MB-231 and MCF10A, and MCF7 and MDA-MB-231. Significantly DE
genes for each comparison were calculated with a p-value below 0.05 and an FDR below 5%.
An absolute logFC threshold of 1 was applied using the glmTreat algorithm. Mean-difference
(MD) plots (figure 4) show significantly DE genes for each comparison with upregulated genes
shown in red, downregulated genes shown in blue and non-DE genes shown in black relative
to MCF7 (A), MDA-MB-231 (B) and MCF7 (C). Non-DE genes did not meet the criteria for
p-value, FDR or logFC threshold. The results of the DE analysis showed 1894 genes
upregulated and 2502 genes downregulated in MDA-MB-231 compared to MCF10A, 2484
genes upregulated and 2484 genes downregulated in MCF7 compared to MDA-MB-231, and
1924 genes upregulated and 2543 genes downregulated in MCF7 compared to MCF10A. This
is shown in table 2. The expression of these genes is altered in breast cancer cell lines and is

associated with changes in phenotype observed in tumours compared to normal tissue.

33



MCF7 vs MDA-MB-231 MDA-MB-231 vs MCF10A MCF7 vs MCF10A

Figure 4: MD plot showing logFC compared to average abundance of each gene. Significantly up-
and downregulated genes are represented in red and blue respectively. Comparisons of gene expression
between MCF7 and MDA-MB-231 (A), MDA-MB-231 and MCF10A (B), and MCF7 and
MCF10A(C).

Table 2: Number of up- and downregulated DE genes. Significantly up- and downregulated genes
with a logFC greater than (upregulated) or less than (downregulated) 1, relative to the first cell line in
each DE comparison. The number of input genes was 20 572 and three replicates of each cell line were
used.

Cell Lines Compared Number of Upregulated = Number of Downregulated
Genes Genes

MCF7 vs MCF10A 1924 2543

MDA-MB-231 vs MCF10A 1894 2502

MCF7 vs MDA-MB-231 2484 2484

The relative expression levels of the 50 most significantly DE genes for each comparison are
displayed in heat maps in figure 5. The dendrogram on the x-axis shows hierarchical clustering
between samples. As expected, the three replicates of each cell line clustered together very
closely, showing consistency in their gene expression. Hierarchical clustering of individual
genes is represented by the dendrogram on the y-axis, which groups genes with correlated
expression patterns. This shows genes with specific expression patterns, either upregulated or
downregulated in one cell line and the opposite expression pattern in other cell lines. Clusters
of gene expression seen in figure 5 could represent genes that are expressed under similar

conditions, suggesting control by the same set of regulatory molecules. Lists of DE genes were
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separated into upregulated and downregulated lists for each pairwise comparison and written

to separate files for further analysis.
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Figure 5: Heat maps of the expression levels of the most DE genes across all samples. Expression levels of the top 50 most DE genes between MCF7 and
MCF10A (A), MDA-MB-231 and MCF10A (B), and MCF7 and MDA-MB-231(C). Expression levels across all cell lines are shown for the DE genes selected.
High expression levels are depicted in red and a low expression levels are depicted in blue. Sample replicates are displayed on the x-axis and gene symbols are
displayed on the y-axis. Dendrograms show hierarchical clustering between samples on the x-axis and genes on the y-axis.
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Figure 6: Bar graphs representing GO enrichment in upregulated gene sets. Top 10 most significantly enriched GO terms in DE genes upregulated in
MCF7 vs MCF10A (A), MDA-MB-231 vs MCF10A (B) and predicted ER-regulated genes upregulated in MCF7 vs MCF10A (C), MDA-MB-231 vs MCF10A
(D). The size of the bars indicates logio(1/p-value), representing higher significance with increasing size.
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Figure 7: Bar graphs representing KEGG pathway in upregulated gene sets. Top 10 most significantly enriched KEGG pathways in DE genes upregulated
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3.2 Functional Enrichment

Functional enrichment was performed on gene lists generated through DE analysis and ERE
prediction to determine GO biological processes and KEGG pathways that are statistically
over-represented compared to a background set of genes (all the genes in the human genome).
The top 10 most enriched GO terms for each gene list are represented as graphs in figure 6 and
the top 10 enriched KEGG terms are represented in figure 7, based on statistical significance
(lower P-value). In both figures, the name of the enriched term is shown on the y-axis and the
Logio(1/p-value) is shown on the x-axis, representing the statistical significance of enrichment.
A significant P-value of 0.05 corresponds to a Logio(1/p-value) of 1.301 and the higher the
Logio(1/p-value) is, the more significant the enrichment is. All enriched terms shown in figures

6 and 7 are statistically significant.

Figure 6A represents GO biological process enrichment in genes upregulated in MCF7
compared to MCF10A. The terms “mesenchymal cell development” and “embryonic organ
development” are over-represented within upregulated MCF7-associated genes, both of which
are associated with a stem-like state. Notably, many biological processes involved in with the
nervous system are also over-represented, such as “nervous system development”, “nervous
system regulation” and “regulation of neurogenesis”, suggesting a link between the nervous
system and breast cancer. Figure 6B represents biological processes enriched in genes
upregulated in MDA-MB-231 compared to MCF10A. Terms related to cancer development,
such as “positive regulation of cell proliferation” and “positive regulation of cell development”
are enriched. Interestingly, there are also enriched biological processes involved in growth of
ductal cells of the mammary gland, namely “morphogenesis of a branching epithelium”,
“branching morphogenesis of an epithelial tube” and “morphogenesis of a branching
structure”, which could be involved in increased breast tissue growth and proliferation. Similar
to MCF7-associated genes, nervous system development is also an observed function of genes
associated with MDA-MB-231. Figures 6C and 6D represent the GO biological processes in
ERE-containing genes upregulated in MDA-MB-231 compared to MCF10A and MCF7
compared to MCF10A respectively. These show similar enrichment as the DE gene lists with
an emphasis on nervous system development in ERE-containing MCF7-associated genes.
Notably, ERE-containing MDA-MB-231-associated genes are involved in the “wound
healing” process, which is linked to growth, inflammation and a stem-like state observed in

aggressive cancers.
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Figures 7A, 7B, 7C and 7D represent the same gene sets as Figure 6A, 6B, 6C and 6D
respectively, but Figure 7 represents KEGG pathway enrichment. In Figure 7A, representing
upregulated MCF7-associated genes, “pathways in cancer” and “transcriptional misregulation
in cancer” KEGG pathways are enriched, which is expected of a cancer cell line. The “Estrogen
signalling pathway” is also enriched, as this represents ER+ breast cancer. There is also an
enrichment of genes involved in the “cAMP signalling pathway” and the “cGMP-PKG
signalling pathway”, which are both closely related to cancer. Increased “insulin secretion” and
“renin secretion” is also observed, both of which have an oncogenic effect on cancer cells. In
upregulated MDA-MB-231-associated genes (Figure 7B), “pathways in cancer” and
“transcriptional misregulation in cancer” pathways are enriched, as well as the “PI3K-Akt
signalling pathway” and the “Ras signalling pathway”, which are commonly associated with
tumorigenesis. The enriched “Rap1 signalling pathway” is linked to MAPK and PI3K-Akt
signalling, linking it to cancer-associated processes. Interestingly, pathways associated with
leukaemia, such as “hematopoietic cell lineage” and “B cell receptor signalling pathway” are
also enriched in MDA-MB-231-associated genes. Figures 7C and 7D, representing ERE-
containing genes upregulated in MCF7 and MDA-MB-231 respectively, show similar cancer-
related pathway enrichment. In ER-regulated genes upregulated in MCF7 (Figure 7C) exhibit
increased “biosynthesis of unsaturated fatty acids” and “sphingolipid metabolism”. The GO
terms and KEGG pathways enriched in each gene set represent biological mechanisms that
may be controlled by the altered gene expression patterns observed in different cancer gene
sets compared to non-tumorigenic genes. The relevance of key processes and pathways in

breast cancer will be elaborated further in the discussion section.
3.3 TFBS Enrichment

Using the oPOSSUM tool, JASPAR TFBS motif enrichment was identified in the promoter
regions of upregulated DE genes. For this project, only upregulated genes were considered, as
we were interested in the regulation of oncogenes. Downregulated genes could be considered
at a later stage to study the regulation of tumour suppressing genes. TFs corresponding to these
TFBSs are displayed in tables 3-6. Within the 1924 genes upregulated in MCF7 vs MCF10A
(table 3), 13 enriched TFs met the Fisher score and Z-score criteria and were selected as
potential biomarkers of ER+ BC. In the 1894 genes upregulated in MDA-MB-231 vs MCF10A
(table 4), 28 TFs were selected as potential biomarkers. These TFs are potential controllers of

the expression of genes upregulated in each comparison. Among the upregulated genes, subsets
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of genes with predicted EREs were analysed for TFBS enrichment. In the 440 upregulated
MCF7 genes containing predicted ERE motifs (table 5), 8 TFBSs were enriched and 4 TFBSs
were identified in the 497 ERE-containing upregulated genes in MDA-MB-231 (table 6). It
should be noted that Myf was identified as an enriched motif, which represents members of the
MyoD and Myog TF families, therefore these TFs were used for further analysis in place of
Myf. In Tables 3-6, the official gene symbols of the TFs corresponding to enriched TFBSs
were listed, along with target gene hits, which is the number of genes in the gene set containing
TFBSs for the specified TF, Z-score, Fisher score, and the proportion of gene hits, which is the
percentage of total genes in the gene set used that contain TFBS hits for the specified TF. The
TFs listed in the below tables were used for further analysis of their use as prognostic markers
in BC.

Table 3: TFBSs Enriched in DE genes upregulated in MCF7 vs MCF10A. Significantly
over-represented TFBSs in the promoter regions of the set of genes upregulated in MCF7 cells
compared to MCF10A cells. TF symbol represents the gene symbol of the TF corresponding
to the TFBS. JASPAR ID shows the ID of the TF in the JASPAR database. Target gene hits
represents the number of genes in the gene set predicted to have the TFBS in the promoter
region. Z-score and Fisher score show statistical significance of the enrichment of the TFBS.
Proportion of gene hits is the percentage of the total genes in the DE gene set that contain the
TFBS.

TF Symbol  JASPAR ID Target Gene Z-Score Fisher Proportion of
Hits Score Gene Hits (%)

SP1 MAO0079.2 700 13.015 78.047 36.38

MZF1 MAO0056.1 789 11.41 55.167 41.01

HIF1A MAO0259.1 525 8.452 52.089 27.29

EBF1 MAO0154.1 442 11.163 40.818 22.97

E2F1 MAO0024.1 338 8.874 37.601 17.57

Mycn MAO0104.2 357 11.488 34.728 18.56

Myf MAO0055.1 352 7.39 31.932 18.3

Myc MAO0147.1 329 10.07 30.218 17.1

NHLH1 MAO0048.1 203 10.465 24.778 10.55

INSM1 MAO0155.1 286 7.273 24.358 14.86

Stat3 MAO0144.1 303 7.07 23.205 15.75

NFYA MAO0060.1 249 7.149 20.207 12.94

NFKB1 MAO0105.1 139 8.654 16.473 7.22
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Table 4: TFBSs Enriched in DE genes upregulated in MDA-MB-231 vs MCF10A.
Significantly over-represented TFBSs in the promoter regions of the set of genes upregulated
in MDA-MB-231 cells compared to MCF10A cells. TF symbol represents the gene symbol of
the TF corresponding to the TFBS. JASPAR ID shows the ID of the TF in the JASPAR
database. Target gene hits represents the number of genes in the gene set predicted to have the
TFBS in the promoter region. Z-score and Fisher score show statistical significance of the
enrichment of the TFBS. Proportion of gene hits is the percentage of the total genes in the DE

gene set that contain the TFBS.

TF Symbol JASPAR ID Target Gene Z-Score  Fisher Proportion of
Hits Score Gene Hits (%)

Myf MAO0055.1 394 9.623 30.922 20.8
RUNX1 MAO0002.2 515 9.435 26.764 27.19
FOXAl MAO0148.1 451 9.288 26.34 23.81
Sox17 MAO0078.1 510 9.05 24.809 26.93
Foxd3 MAO0041.1 355 10.745 24.658 18.74
MEF2A MAO0052.1 202 13.131 24.439 10.67
TBP MAO0108.2 353 8.468 23.929 18.64
CEBPA MAO0102.2 433 10.532 23.182 22.86
Gfi MAO0038.1 504 11.234 22.258 26.61
ARID3A MAO151.1 576 14.967 22 30.41
HOXAS5 MAO0158.1 708 9.996 21.504 37.38
SRY MAO0084.1 509 11.539 21.254 26.87
Nkx2-5 MAO0063.1 635 13.739 19.673 33.53
Foxa2 MAOQ0047.2 353 8.581 19.136 18.64
NKX3-1 MAO0124.1 394 7.142 19.133 20.8
Prrx2 MAO0075.1 520 7.838 19.007 27.46
Pdx1 MAO0132.1 545 9.204 18.723 28.78
FOXO3 MAO0157.1 444 10.393 18.231 23.44
Gatal MAO0035.2 492 10.412 18.157 25.98
FOXI1 MAO0042.1 353 11.14 17.868 18.64
Foxql MAO0040.1 211 13.097 17.525 11.14
TALL1:TCF3 | MAO091.1 192 7.393 16.438 10.14
FOXD1 MAO0031.1 418 8.466 15.933 22.07
Nobox MAO0125.1 431 9.311 13.777 22.76
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NFIL3 MAO0025.1 173 9.746 13.707 9.13
Lhx3 MAO0135.1 137 7.46 12.286 7.23
IRF1 MAO0050.1 159 7.493 11.356 8.39
SRF MAQ083.1 31 9.525 9.404 1.64

Table 5: TFBSs Enriched in Predicted ER-regulated genes upregulated in MCF7 vs. MCF10A.
Significantly over-represented TFBSs in the promoter regions of the set of genes upregulated
in MCF7 cells compared to MCF10A cells that are predicted to contain EREs. TF symbol
represents the gene symbol of the TF corresponding to the TFBS. JASPAR ID shows the ID of
the TF in the JASPAR database. Target gene hits represents the number of genes in the gene
set predicted to have the TFBS in the promoter region. Z-score and Fisher score show statistical
significance of the enrichment of the TFBS. Proportion of gene hits is the percentage of the
total genes in the DE gene set that contain the TFBS.

TF Symbol JASPAR ID  Target Gene Z-Score  Fisher Proportion of
Hits Score Gene Hits (%)

MZF1 MAO0057.1 187 10.06 17.048 42.5

Myf MAO0055.1 117 7.198 15.577 26.59

MZF1 _1-4 MAO0056.1 237 8.281 14.111 53.86

EBF1 MAOQ0154.1 137 10.03 13.996 31.14

NF-kappaB MAO0061.1 96 8.898 12.327 21.82

INSM1 MAO0155.1 93 10.247 10.998 21.14

RELA MAO0107.1 71 7.704 9.667 16.14

PLAG1 MAO0163.1 29 10.789 9.55 6.59
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Table 6: TFBSs Enriched in Predicted ER-regulated genes upregulated in MDA-MB-231 vs.
MCF10A Significantly over-represented TFBSs in the promoter regions of the set of genes
upregulated in MDA-MB-231 cells compared to MCF10A cells that are predicted to contain
EREs. TF symbol represents the gene symbol of the TF corresponding to the TFBS. JASPAR
ID shows the ID of the TF in the JASPAR database. Target gene hits represents the number of
genes in the gene set predicted to have the TFBS in the promoter region. Z-score and Fisher
score show statistical significance of the enrichment of the TFBS. Proportion of gene hits is
the percentage of the total genes in the DE gene set that contain the TFBS.

TF Symbol JASPAR ID  Target Gene Z-Score Fisher Proportion of
Hits Score Gene Hits (%)

MAX MAO0058.1 95 9.497 11.529 19.11

Gatal MAO0035.2 153 8.003 8.227 30.78

IRF1 MAO0050.1 53 7.462 6.88 10.66

3.4 Oncomine Validation

Oncomine was used to validate the expression of selected TFs in BC patient datasets. TFs with
significantly altered expression levels in BC samples compared to normal samples are shown
in tables 7 and 8 for biomarker TFs predicted in MCF7 and MDA-MB-231 cell lines
respectively. Out of 13 TFs controlling upregulated genes in MCF7 and 8 TFs controlling the
ER-regulated subset of these genes, 9 TFs met the criteria of having an FC > 1 in BC samples
vs normal samples with a P-value < 0.05 (table 7). Out of 28 TFs controlling upregulated genes
in MDA-MB-231 and 8 TFs in the ER-regulated subset, 13 TFs met the aforementioned criteria
(table 8). Tables 7 and 8 list the official gene symbols of the qualifying TFs, the fold change
of gene expression in BC vs normal DE analysis, the P-value specifying statistical significance
of the DE analysis, and the dataset from which samples were compared. These TFs are

prospective biomarkers for BC and are further tested for prognostic value.
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Table 7: Predicted Biomarkers for MCF7 Showing DE in Oncomine Breast Cancer vs. Normal

Datasets
Biomarker Fold Change P-value Dataset
SP1 1.845 1.29E-24 TCGA-BRCA
E2F1 2.734 1.68E-22 TCGA-BRCA
MYC 2.222 1.54E-19 Finak-Breast
NHLH1 1.278 4.92E-134 TCGA-BRCA 2
INSM1 1.981 5.04E-20 Finak-Breast
STAT3 1.566 5.50E-8 TCGA-BRCA
NFYA 1.952 3.47E-21 TCGA-BRCA
NFKB1 2.236 3.66E-14 Finak-Breast
MYOD1 5.974 2.16E-6 Zhao Breast

Table 8: Predicted Biomarkers for MDA-MB-231 Showing DE in Oncomine Breast Cancer vs.
Normal Datasets

Biomarker Fold Change Dataset
RUNX1 2.102 2.03E-17 TCGA-BRCA
FOXAl 5.769 8.84E-9 TCGA-BRCA
SOX17 1.203 1.78E-59 TCGA-BRCA 2
MEF2A 2.271 7.92E-7 Richardson Breast 2
GFI1 1.596 7.88E-5 Zhao Breast
ARID3A 1.845 8.48E-6 TCGA-BRCA
FOXO03 1.154 1.93E-6 Curtis Breast
TAL1 3.445 3.38E-17 Finak-Breast
FOXD1 4.665 2.43E-16 Finak-Breast
LHX3 3.786 6.06E-19 Finak-Breast
IRF1 2.051 1.39E-12 TCGA-BRCA
MAX 1.445 7.66E-8 TCGA-BRCA
MYOD1 5974 2.16E-6 Zhao Breast
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3.5 Survival Analysis

To assess the prognostic value of TFs that were identified as prospective biomarkers, survival
analysis was performed using patient datasets on the PROGgeneV2 tool. Genes validated using
breast patient datasets on Oncomine were used as input genes in PROGgeneV2 and KM plots
were generated for each, showing the effect of target gene expression on overall and metastasis-
free survival in breast cancer patients over time. Plots of overall survival for prospective
biomarkers identified in MCF7 and MDA-MB-231 are shown in figures 8 and 9 respectively.
Figures 8D-1 show the effect of high and low gene expression on overall patient survival of
MYOD1, NFKB1, NFYA, NHLH1, SP1 and STAT3. Expression of these genes did not show
significant prognostic value for overall survival in breast cancer patients. The expression of the
MYC gene showed a decrease in overall survival with high expression, but with a P-value of
0.2602, this was not statistically significant. This could be due to a low sample number;
therefore, this gene will be further analysed for prognostic value. The E2F1 and INSM1 genes
(figures 8A and 8B) showed significant prognostic value with high expression leading to a

decrease in overall survival with a P-value of 9.31e-07 and 0.024 respectively.

Among prospective biomarkers identified using MDA-MB-231 expression data, the ARID3A,
FOXA1, FOX03, GFI1, IRF1, LHX3, MEF2A and SOX17 genes (figures 9A, B, D, E, F, G, |
and K) did not show significant prognostic value for overall survival in breast cancer patients.
The FOXD1 and TALL1 genes (figure 9C and L) showed statistically significant prognostic
value, with a high gene expression predicting a low overall survival with P-values of 0.016 and
0.0024 respectively. The MAX and RUNX1 (figure 9H and J) genes are also predictive of patient
survival, with low expression correlating with a decrease in overall patient survival with a P-
value of 0.025 and 0.25 respectively. The prognostic value of RUNXL is not statistically
significant, but again this could be due to a low sample number and this gene will be considered

as a marker of positive prognosis based on effect size.

Based on their prognostic value, MYC, E2F1, INSM1, FOXD1, TAL1, MAX and RUNX1 were
selected as prospective biomarkers for further investigation. These genes were used to predict
metastasis-free survival in breast cancer using PROGgeneV?2 to assess their ability to predict
breast cancer metastasis. KM-plots of metastasis-free survival are shown in figure 10. High
expression of the E2F1, FOXD1 and INSM1 genes correlates with an increased probability of
metastasis in breast cancer patients with P-values of 3.99e-07, 0.028 and 0.033 respectively

(figures 10A-C). High expression of the MYC gene correlates with an increased probability of
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metastasis, but with a P-value of 0.47, this is not statistically significant (figure 10E). RUNX1
and TAL1 were not found to be prognostic of metastasis in breast cancer (figures 10F and G).
Higher expression of MAX correlated with a decreased probability of metastasis, but with a P-

value of 0.12, this was not statistically significant (figure 10D).
3.6 TF-Gene Networks

Cytoscape was used to construct networks of showing the interaction between TFs selected as
potential biomarkers and the genes they control. Figure 11 shows the interactions of biomarkers
proposed using the set of genes upregulated in MCF7 cells, MYC, E2F1 and INSM1, with their
predicted target genes. It can be seen that each of these TFs are predicted to regulate the
expression of small groups of unique genes and the majority of genes are regulated by all three
TFs. Similarly, in figure 12 showing the interactions of biomarkers proposed using the set of
genes upregulated in MDA-MB-231 cells, FOXD1, MAX, TAL1 and RUNXZ1, small groups
of unique genes are controlled by individual TFs, but the majority of genes are regulated in

combination.
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Figure 8: Survival analysis of predicted biomarkers in MCF7 cells. KM plots of overall survival of
breast cancer patients. Probability of overall survival is represented on the y-axis and time in days is
represented on the x-axis. The green line indicates low expression of the predicted biomarker and the

red line indicates high expression.

48



CHERALL SLIRVIAL

CHERALL SLIRVIAL

OHERALL EUIRYIVAL

OHERALL EUIRYIVAL

A1 3 211 me P 51582
— HIGH EXPRESSON
— LowExPREsSkN

o 1o

Y

R G 31 P 3561
— HiGH EXPRESSON
— LowExPREsSkN

o 1o

N

EETTRET
— HiH EXPRESSON
— Lowexressn

o 1007

]

o o 75129 VAL 03513
— Wi EXPRESSON
— Lowexressn

o 1007

lejf‘

Toan-BRCA
SURVIVAL MEASURE - OVERALL SURVIVAL
ARIDIA GENE EXPRESSION

ADUS R
COKORT DIVIDED AT MEDIAN OF GENE EXPRESSION

20 amo wm suw0 o

Toan-BRCA
SURVIVAL MEASURE - OVERALL SURVIVAL
FOXO3 GEME EXPREESION

AIUSTE er
COKORT DIVIDED AT MEDIAN OF GENE EXPRESSION

20 amo wm suw0 o
Bape

W
SURVIVAL MEASURE - OVERALL SURVIVAL
‘GENE EXPRESSION

ADAU: ER
COHORT DIVIDED AT MEDIAN OF GENE EXPRESSION

£ £ e 0 e

By

W
SURVIVAL MEASURE - OVERALL SURVIVAL
X1 GENE EXPRESSION

ADJU: R
COHORT DIVIDED AT MEDIAN OF GENE EXPRESSION

£ £ e 0 e

o

o

eNEAALL SRVNAL

eNEAALL SRVNAL

ovERALL BURVIAL

ovERALL BURVIAL

0

R 1101 AL oo

— MOk EXPRESEN
— LW EXFRESSION

1000

Wi a0 201 nfPAL 06
— i EXPRESSION

0 oo

Wi B 7m0 D A
— ok ExPRESSION
= Lowexnession

0 o0

I

W11 78 STiPAL 55113
— ik ExPRESSON
= Lowexpressin

I

TCGA-BRCA
SURVIVAL MEASURE - OVERALL SURVIVAL
FOXA1 GENE EXPRESSION

ADU: R
COHGRT DIVIDED AT MEDIAN OF GENE EXPRESSION

o 00 e s

SURVIVAL MEASURE - OVERALL SURVIVAL
GFI1 GENE EXPRESSION

ADJUSTE R
COHGRT DIVIDED AT MEDIAN OF GENE EXPRESSION

a0 P00 o w0

Dars

il
SURVIVAL MEASURE - OVERALL SURVIVAL
MAX GENE EXPRESSION

ADJU ER
COHORT DIVIDED AT MEDIAN OF GENE EXPRESSION

o 1200

o 00 a0 w0
ooys
.
SURVIVAL MEASURE - OVERALL SURVIVAL
S0X17 GENE EXPRESSION

ADJU: ER
COHORT DIVIDED AT MEDIAN OF GENE EXPRESSION

o 0 s wm

wm

o

oos

o

eNEAALL SRVNAL

eNEAALL SRVNAL

ovERALL BURVIAL

ovERALL BURVIAL

I a0
o | = iHEXPRESEION
2 = loweResson

0 oo

e

W 40071 TP 0
o | = HEH EXPRESSON
2 = lomowesson

0 oo

W Ve AL 03T
& | — Howexpresson
S = Lowermesson

0 o0

N

711 203 94 PAL 0
& | — reonExeResmon
2 = Lowexraesson

o 1200

o
SURVIVAL MEASURE - OVERALL SURVIVAL
FOXD1 GENE EXPRESSION

ADU: R
COHGRT DIVIDED AT MEDIAN OF GENE EXPRESSION

! 1
o o wo o o
o
o
sonmvaLwersunt Novensu soma.

IRF1 GENE EXPRESSION

ADJUSTE R
COHGRT DIVIDED AT MEDIAN OF GENE EXPRESSION

a0 P00 o w0 wm
Dars
il
SURVIVAL MEASURE - OVERALL SURVIVAL
MEFZA GENE EXPRESSION

ADJU: ER
COHORT DIVIDED AT MEDIAN OF GENE EXPRESSION

o 00 a0 w0 we
ooys
.
SURVIVAL MEASURE - OVERALL SURVIVAL
TALY GENE EXPRESSION

ADJU ER
COHORT DIVIDED AT MEDIAN OF GENE EXPRESSION

!
L
o 0 s wm w00

Figure 9: Survival analysis of predicted biomarkers in MDA-MB-231 cells. KM plots of overall
survival of breast cancer patients. Probability of overall survival is represented on the y-axis and time
in days is represented on the x-axis. The green line indicates low expression of the predicted biomarker
and the red line indicates high expression.
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Figure 10: Analysis of prognostic value of predicted biomarkers for breast cancer metastasis. KM
plots of metastasis-free survival of breast cancer patients. Probability of metastasis-free survival is
represented on the y-axis and time in days is represented on the x-axis. The green line indicates low
expression of the predicted biomarker and the red line indicates high expression.
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Figure 11: Network of TF-gene interactions. TFs predicted as biomarkers from MCF7 expression
data are coloured yellow. The genes that they control from the set of genes upregulated in MCF7 cells
compared with MCF10A cells are coloured in pink. The black lines represent a predicted regulatory

interaction.
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Figure 12: Network of TF-gene interactions. TFs predicted as biomarkers from MDA-MB-231
expression data are coloured yellow. The genes that they control from the set of genes upregulated in
MDA-MB-231 cells compared with MCF10A cells are coloured in pink. The black lines represent a
predicted regulatory interaction.
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3.7 Predictive Value of Prospective Biomarkers

The sensitivity, specificity and precision of three prospective biomarkers, TAL1, FOXD1 and
INSM1 were assessed using breast cancer patient datasets on the Oncomine platform. Table 9
shows these predictive measurements. TAL1 and FOXD1 both have a sensitivity of 98.11%,
showing the high likelihood that these TFs will be expressed in breast cancer tissue. INSM1
has a sensitivity of 25%, which means that it may not be present in all breast cancer tissue.
FOXD1 and INSM1 have specificity values of 100%, suggesting that these TFs are unlikely to
be expressed in non-cancerous breast tissue. TAL1 has a specificity value of 66.67%, which
suggests that it is sometimes expressed in non-cancerous breast tissue, but not in most cases.
TAL1, FOXD1 and INSM1 have precision values of 96.3%, 100% and 100% respectively,
suggesting that when these TFs are present, it is highly likely that the patient has breast cancer.
These calculations are based on datasets with a limited sample number and need to be

performed using larger datasets for improved accuracy.

Table 9: Predictive value of prospective biomarkers. The sensitivity, specificity and precision of
selected TFs in breast cancer

Sensitivity (%) Specificity (%) Precision (%)
TAL1 98.11 66.67 96.3
FOXD1 98.11 100 100
INSM1 25 100 100
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CHAPTER FOUR - DISCUSSION AND CONCLUSIONS

Altered gene expression is known to play an important role in controlling the characteristics of
cellular diseases such as cancer. The activation of genes involved in proliferation, angiogenesis
and migration, and the deactivation of genes involved in growth suppression and cell death
governs the aggressive growth and invasive characteristics associated with cancerous cells
(Hanahan and Weinberg, 2011). The role of TFs as key controllers of gene regulatory networks
suggests that they play a major part in the deviation from normal gene expression seen in
tumours. Understanding the changes in gene expression patterns observed in cancer and the
underlying regulatory mechanisms governing these changes is important in understanding the
cause of this complex disease. Because a small subset of TFs regulate the expression of
numerous genes, TFs are an ideal candidate for the study of cancer gene regulation. ldentifying
TFs controlling the characteristic hallmarks of cancer aids in predicting diagnostic markers for
the early detection of cancer, prognostic markers for predicting patient outcome and response
to therapeutic agents, and therapeutic targets for the development of targeted therapeutics as
alternatives to the non-specific cytotoxic treatments used today. It was therefore the aim of this
research project to identify gene expression changes in different breast cancer cell line models
compared to a non-tumorigenic model and predict the TFs that control this expression. The
biological roles of these TFs were studied and their prognostic value was predicted using
patient sample data. The identified TFs could serve as biomarkers of breast cancer with

diagnostic, prognostic and therapeutic potential.
4.1 Altered Gene Expression in Breast Cancer

Aberrant gene expression enables the acquisition of the abnormal characteristics observed in
breast cancer. When comparing the gene expression patterns of breast cancer cell lines, MCF7
and MDA-MB-231, with the non-tumorigenic cell line, MCF10A, thousands of genes were
found to be expressed at different levels (table 2). To visualise the expression differences
between cell lines, heatmaps of the top 50 most DE genes were plotted for each DE comparison
with genes clustered based on expression patterns (figure 5). Figure 5 shows clusters of gene
expression, grouped using dendrograms on the y-axis, representing genes that are co-expressed

and their expression patterns are characteristic to the cell lines in which they appear.

In MCF7 cells, the gene most significantly upregulated was the PREX1 gene with a P-value of
4.071e-12 and a logFC of 10.03 compared to the non-tumorigenic MCF10A cell line. This gene
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is implicated in the increased growth and metastasis of breast cancer cells and is shown to have
higher expression levels in ER+ breast cancer than ER- breast cancer (Marotti et al., 2017). In
MDA-MB-231 cells, the BCAT1 gene is upregulated with a logFC of 13.09 compared to
MCF10A and a P-value of 6.31e-11. This gene promotes the growth of breast cancer cells
through promoting mitochondrial biogenesis and decreasing mitochondrial reactive oxygen
species in breast cancer cells (Zhang and Han, 2017). These genes are among thousands with
altered expression in breast cancer cells and contribute to the altered phenotype observed in
breast tumours. The known roles these genes play in breast cancer progression validates the
reliability of results obtained by DE analysis, but due to the high number of DE genes found,
this project aims to find TF regulators of altered gene expression in order to find the smaller

subset of TF regulating large changes in gene expression.

Due to the high number of DE genes, it is not viable to analyse the function of these genes
individually. For this reason, GO and KEGG enrichment was performed to assess the collective
functions of co-expressed DE genes (Figures 6 and 7). Figure 6A shows the GO biological
processes over-represented in genes upregulated in MCF7 cells vs MCF10A cells, compared
to a background set of genes. Of note, the GO terms, “Mesenchymal Cell Development” and
“Embryonic Organ Development” were enriched in this gene set. Cancer cells are
phenotypically similar to human embryonic cells in terms of their stem-like and highly
proliferative nature. It is observed that embryonic genes are re-expressed in cancer cells,
promoting the tumour phenotype (Monk and Holding, 2001). Mesenchymal cells are
multipotent and an epithelial-to-mesenchymal transition (EMT) is observed in tumours, in
which tumour cells lose epithelial markers and regress into a less differentiated, stem-like state,
promoting invasion and migration and metastasis (Micalizzi and Ford, 2009). Interestingly,
there is an enrichment of terms involved in nervous system development, such as “Nervous
System Regulation” and “Regulation of Neurogenesis”. Studies have shown that the nervous
system facilitates tumour metastasis and an inhibition of cell death through neural factors
(Douma et al., 2004). Furthermore, there is an inverse correlation between cancer and
neurodegenerative disorders, with tumours expressing genes related to neurogenesis, which are
lost in neurodegenerative disorders (Plun-Favreau et al., 2010). This is demonstrated by the

over-representation of nervous system related genes overexpressed in MCF7 cells.

Figure 6B shows the GO biological processes over-represented in genes upregulated in MDA-
MB-231 cells vs MCF10A cells. The GO terms, “positive regulation of cell proliferation” and

“positive regulation of cell development™ are enriched in this gene set and are characteristic of
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the highly proliferative nature of cancer cells. There is also an enrichment of nervous system
related genes, which is explained above. The enriched terms, “branching morphogenesis of an
epithelial tube”, “morphogenesis of a branching structure” and “morphogenesis of a branching
epithelium” refer to the formation of branched ducts from the epithelial bud, which occurs
during breast development in the embryo and during puberty (Sternlicht, 2006). This is a key
stage in breast development, but aberrant expression of these genes at inappropriate times

causes abnormal development of breast tissue which is characteristic of breast tumours.

Figure 7A shows the KEGG pathways over-represented in genes upregulated in MCF7 cells vs
MCF10A cells. Enrichment of “transcriptional misregulation in cancer” and “pathways in
cancer” is expected in genes upregulated in cancer. “Estrogen signalling pathway” genes were
enriched, which is characteristic of an ER+ breast cancer. Enrichment of the “insulin secretion”
pathway corroborates studies showing increased levels of the insulin receptor in breast cancer
tissue compared to normal tissue (Papa et al., 1990). Enrichment of the “cAMP signalling
pathway” could be linked to the increased glucose uptake observed in tumours. cAMP regulates
glucose transporter GLUT3, which is shown to increases glucose uptake in breast cancer cells
(Meneses et al., 2008).

Figure 7B shows the KEGG pathways over-represented in genes upregulated in MDA-MB-
231 cells vs MCF10A cells. Again, there is enrichment of “transcriptional misregulation in
cancer” and “pathways in cancer”, which is characteristic of any cancer cell line. The “cell
adhesion molecules” pathway is enriched in this gene set. The process of cell adhesion is
facilitated by interactions between tumour cells and cells of the endothelium. Cell adhesion
molecules facilitate these interactions, allowing for invasion and metastatic spread of cancer
cells (Bendas and Borsig, 2012). Since MDA-MB-231 is an aggressive cell line, it is expected
that genes involved in metastasis are upregulated. The enriched GO biological processes and
KEGG pathways in sets of upregulated genes give insight into the collective functions of these
genes and the biological processes that are deregulated in each cancer cell type. Furthermore,
by comparing the enriched functions with studies on cancer cell lines and tumours, we are able
to validate the DE analysis performed, as the functions represented by the DE gene sets

correlate with characteristics seen in breast cancer tumours.
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4.2 TFs as Controllers of Cancer Gene Expression

TFs are proteins that control the expression of many genes. o0POSSUM was used to predict the
TFs controlling genes upregulated in MCF7 (table 3) and MDA-MB-231 (table 4) compared
to MCF10A cells. The TFs were predicted by analysing JASPAR TFBS motifs in the promoter
regions of upregulated genes. TFs predicted were validated in patient datasets using the
Oncomine platform and further validated for prognostic value by performing survival analysis.
Networks of TF-gene interactions constructed in Cytoscape are shown in figures 11 and 12
using TFs predicted to regulate genes upregulated in MCF7 and MDA-MB-231 respectively.
Each TF is predicted to regulate the expression of a unique set of genes, but the majority of
genes are regulated by all the TFs in combination. This shows that although each proposed
biomarker may have a unique effect on the characteristics of breast cancer, they often act in
combination to affect the overall phenotype of the disease. This suggests that the main action
of each proposed biomarker is involved in controlling similar biological processes, which may
contribute to breast cancer. The small sets of unique genes that each proposed biomarker
regulates may be responsible for the unique effect each TF has on the patient prognosis and
behaviour of the tumour in which it is expressed. The functions of the TFs selected as

prospective biomarkers will be discussed in detail in the following pages.
4.3 Prediction of Known Breast Cancer Biomarkers

This study was aimed at identifying TFs that control the aberrant gene expression observed in
breast cancer cells. It was expected that the methodology would identify known and unknown
TFs that are involved in breast cancer. The prediction of E2F1, MYC and MAX as potential
biomarkers confirmed this expectation, as these TFs are known prognostic markers of breast
cancer. The identification of known biomarkers supports the validity of the methodology used
in the present study, providing confidence that the unknown biomarkers predicted have similar

functions and are likely to be involved in breast cancer.
4.3.1 E2F1 as a Breast Cancer Biomarker

The E2F1 protein is a member of the E2F TF family, a family involved in the control of the
cell cycle, DNA damage repair and the induction of apoptosis. Another member of this family
(E2F5) has been shown to act as a biomarker for ovarian cancer (Kaur et al., 2011). E2F1 is
shown to cooperate with p53 to induce apoptosis in the absence of growth factors (Wu and

Levine, 1994). This is carried out through direct interaction with the tumour suppressor RB1.
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It is, therefore, surprising that E2F1 expression is associated with tumour progression, invasion
and migration in various cancers (Liang et al., 2016, Vuarogueaux et al., 2007). The normal
pro-apoptotic function of E2F1 seems to be lost in cancer, where instead, it promotes
aggressive tumorigenesis. A possible mechanism of this has been proposed by Wang et al. in
a 2015 study showing that through direct binding to the EPC1 (enhancer of polycomb homolog
1) protein, E2F1 upregulates the expression of genes such as BCL-2 and BIRC5, which are
involved in anti-apoptotic cell survival (Wang et al., 2016). Co-operation between EPC1 and
E2F1 is shown to induce metastasis-related genes and predict poor patient outcome, which is

consistent with the results observed in this study (Figures 8A and 10A).

In breast cancer, low levels of transcription of the E2F1 gene correlates with a favourable
patient outcome (Vuaroqueaux et al., 2007). Furthermore, a high expression of the AAA
nuclear coregulator cancer-associated protein (ANCCA), a co-activator of E2F1 that recruits
E2F1 to specific chromatin locations, is highly expressed in cases of tumour metastasis,
recurrence, poor survival and triple-negative breast cancer (Kalashnikova et al., 2010). NCOA3
is another co-activator of E2F1 implicated in cancer progression. The co-operation of these
proteins is shown to promote estrogen-independent proliferation in breast cancer cells and
additionally, high expression of NCOA3 both enhances cell sensitivity to the proliferative
effects of estrogen and negates the effects of Tamoxifen, a commonly used breast cancer drug,
which may be through interaction with E2F1 (Louie et al., 2004). In addition to anti-estrogen
resistance, the E2F1 signalling network has been shown to be upregulated in chemotherapy-
resistant cell lines (Andersen et al., 2010). These studies show the prognostic value of E2F1 in

predicting patient outcome, metastasis and drug resistance in breast cancer patients.

The expression of E2F1 in the breast seems to be cancer specific, which is important for
diagnostic testing. In 2000, Zhang et al. showed that in patient samples, only 1.9% of cells
were positive for E2F1 expression in normal breast tissue, but this percentage increased to
6.3% in ductal carcinoma tissue and 15.3% in invasive ductal carcinomas (Zhang et al., 2000).
Furthermore, the expression of E2F1 increased with more advanced stages of breast cancer.
This study shows the value of E2F1 as a diagnostic marker for breast cancer. Additionally,
expression of this gene correlates with the expression of genes in the MammaPrint 70-gene
signature panel and as a single gene, shows similar value in predicting patient outcome
(VMuaroqueaux et al., 2007). This demonstrates the importance of E2F1 as a biomarker for breast
cancer. In addition, the role of E2F1 in apoptotic pathways suggests that when it is expressed,

anti-apoptotic drugs may not be suitable for cancer treatment and through activating pathways
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which may include E2F1, may actually have the undesired effect of supporting cancer cell
proliferation. It is therefore important to study the mechanisms of E2F1 signalling and measure

its expression prior to prescribing treatment to breast cancer patients.

Identification of E2F1 also highlights that the methodology used to predict biomarkers in the
current study is able to identify known proposed biomarkers. This gene is shown to control the
genes upregulated in the ER+ breast cancer cell line, MCF7 (table 3). It is also shown to be
upregulated in breast cancer patient datasets (table 7). High expression of E2F1 correlates with
a decrease in overall patient survival and a decrease in metastasis-free survival (figures 8A and
10A). The results of the present study combined with previous research demonstrate that the
utility of E2F1 as a potential breast cancer biomarker, which could be used to predict patient
outcome and response to certain anti-proliferative drugs, and could be used as a therapeutic

target to improve the efficacy of available breast cancer treatments.
4.3.2 MYC and MAX as Breast Cancer Biomarkers

MYC and MAX (MY C Associated Factor X), are genes encoding basic helix-loop-helix leucine
zipper family TFs. MAX forms homodimers or heterodimers with members of the same family.
These include Mad, Mxil and MYC. The formation of different dimers adds complexity to the
transcriptional regulation carried out by MYC and MAX. Together, these TFs regulate many

genes involved in proliferation and their role in cancer is well-established (Xu et al., 2010).

The role of MAX on its own in cancer is not well-described in literature, as it primarily acts to
enhance the function of MYC through heterodimerization. The MYC-MAX heterodimeric
complex binds to the consensus sequence CACGTG within the E-box (enhancer box) of target
genes, either activating or inhibiting transcription (Blackwood and Eisenman, 1991). MYC has
many roles in breast cancer progression, including increased proliferation and cell cycle
activation (Dang et al., 2006). MYC is also involved in promoting EMT, angiogenesis,
endocrine resistance, and blocking differentiation of cancer cells (Xu et al., 2010). This
explains the decrease in overall survival seen in figure 8C and the decrease in metastasis-free
survival seen in figure 10E with increased expression of MYC. The expression of MYC
generally correlates with breast cancer subtype, with high expression observed in ER- basal-
like tumours and lower expression observed in ER+ luminal tumours (Sorlie et al., 2001). The
present study found that the target genes of MYC were highly expressed in the ER+ cell line
(table 3), but MAX was found to regulate ERE-containing genes in the ER- cell line (table 6).
This suggests that the MYC-MAX complex may activate genes normally controlled by ERa in
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ER- breast cancer where ERa is not expressed. The seemingly contradicting result that shows
MY C as a regulator of ER+ breast cancer can be explained by the role of MYC as a downstream
effector in the ERa pathway (Dubik and Shiu, 1992). A study by Dubik et al. shows that MYC
is upregulated in ER+ breast cancer cells in an estrogen-dependant manner (Dubik, 1987). This
confirms the role of MY C as a controller of ER+ breast cancer characteristics. The role of MYC
and its heterodimerization with MAX is well-studied, further confirming the validity of
methods used in the present study. The disruption of the interaction between these two TFs has
been proposed as a potential therapeutic strategy (Vita and Henriksson, 2006). The results of
the present study further support the established research showing the potential of MYC and

MAX as diagnostic markers and targets for therapeutic intervention.
4.4 ldentification of Unknown Breast Cancer Biomarkers

This study has resulted in the prediction of potential breast cancer biomarkers that are not well-
studied. These biomarkers include INSM1, FOXD1, TAL1 and RUNX1. Many of these TFs
are known markers of different cancer types, such as leukaemia, but have not been studied as
breast cancer biomarkers. These potential biomarkers are not completely unknown, but few
studies link them to breast cancer and their role as a breast cancer biomarker has not yet been
established. The prediction of these TF as potential biomarkers for breast cancer may lead to

better diagnostic or therapeutic strategies after further experimental investigation.

4.4.1 INSML1 as a Breast Cancer Biomarker

INSM1 (Insulinoma-associated protein 1) is a zinc-finger TF that plays a role in
neuroendocrine differentiation and neurogenesis during embryonic development (Xie et al.,
2002). It acts as a transcription repressor by recruiting histone deacetylases, such as HDAC1-
3, KDM1A and RCOR1, to its target genes. INSM1 usually promotes cell cycle arrest and
inhibition of proliferation. Its expression is rarely detected outside of the embryonic stages
under normal circumstances. This makes it highly specific for the detection of ectopic
expression. INSM1 is found to be highly expressed in tumours of neuroendocrine origin, such
as small-cell lung cancer and its expression was absent in tumours of non-neuroendocrine

origin, making it a highly specific marker of neuroendocrine tumours (Pedersen et al., 2006).

The role of INSM1 has not been studied in breast cancer. A study by Rosenbaum et al. showed
the expression patterns of INSM1 in various cancer tissues (Rosenbaum et al., 2015). This

study showed that expression of ISNM1 was almost exclusive to neuroendocrine neoplasms,
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including neuroendocrine carcinoma of the breast. The only non-neuroendocrine patient
sample that expressed INSM1 was a breast adenocarcinoma, suggesting that this protein could
have a role in a small proportion of breast cancers. The only proposed link between INSM1
and breast cancer is through the breast cancer and salivary gland expression (BASE) gene, a
relatively unstudied gene with that is almost exclusively expressed in breast tumours
(Bretschneider et al., 2008). It is found to be expressed in many breast cancer cell lines and in
5 in 8 breast tumour samples. Binding sites for both ERa and INSM 1 are found in the promoter
of the BASE gene and expression of INSM1 correlates with BASE when the expression of BASE
is not regulated by estrogen (Bretschneider et al., 2008). This suggests that INSM1 plays a role
in regulating the expression of breast-cancer associated genes by either interacting with ERa.
or activating its target genes when ERa is absent. In the present study, INSM1 was predicted
to control genes involved in ER+ breast cancer (table 3), which suggests a co-operative action
with ERa. Based on the available research, no conclusions can be made on the role of INSM1
in breast cancer or as a biomarker for breast cancer cases without neuroendocrine origin.
Regardless of that, INSM1 shows potential as a prognostic marker of survival and metastasis
in breast cancer patient data (Figure 8B and 10C) and should be studied further to elucidate its

role in breast cancer.

INSM1 shows high specificity and precision values for predicting breast cancer in patients
(table 9). The high specificity shows that INSM1 is unlikely to be expressed in patients without
breast cancer and the high precision value shows that if INSM1 is present, the patient is likely
to have breast cancer. INSM1 has a low sensitivity value, meaning that it is not present in all
breast cancer patients, and is therefore not useful in detecting breast cancer in general. This is
because the expression of INSML is specific to certain subtypes of breast cancer. This TF may
be useful as a biomarker for certain types of breast cancer, such as neuroendocrine-derived
breast cancer, and can therefore help in deciding the treatment strategy and predicting the

prognosis of breast cancer patients.
4.4.2 FOXD1 as a Breast Cancer Biomarker

FOXD1 is a member of the forkhead family of TFs, which share a 100 amino acid winged-
helix DNA-binding domain. FOXD1 plays an important role in kidney development and its
expression is usually restricted to cortical interstitial cells, which give rise to various
components of the kidney during development (Levinson et al., 2005). The role of FOXD1 in
cancer is not well-established. FOXD1 expression is found to be upregulated in breast cancer
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cells (Zhao et al., 2015). FOXD1 overexpression in the MCF7 cell line caused an increase in
cell proliferation and chemoresistance, and a decrease in expression in MDA-MB-231 cells
showed decreased proliferation and chemoresistance (Zhao et al., 2015). FOXD1 also induces
cell cycle progression from G1 to S phase by directly regulating the expression of p27 (Zhao
et al., 2015). This suggests that FOXD1 increases proliferation and treatment resistance in
breast cancer, making it a valuable marker of prognosis and a potential therapeutic target. The
expression of this gene is also highly restricted to certain tissues of the kidney, making
detection of ectopic expression easier. This adds to the specificity of the biomarker, as the
protein is not usually expressed in the breast. The present study shows that FOXD1 controls
the expression of genes upregulated in the ER- cell line MDA-MB-231 (table 4), which could
be involved in increased proliferation and chemoresistance, as observed in the study discussed
above (Zhao et al., 2015). The increased expression of FOXD1 observed in breast cancer
patient data (table 8) and the decrease in overall patient survival (figure 9C) and metastasis-
free survival (figure 10B) observed with increased expression of this TF implicate it as a
possible controller of the breast cancer phenotype. It is therefore worth further investigating
the role of this TF as a potential biomarker for ER- breast cancer.

FOXD1 has a high sensitivity, specificity, and precision in predicting breast cancer (table 9).
The sensitivity shows that it is likely to be present in breast cancer patients, making it valuable
for diagnosis and screening. The high specificity shows that it is not likely to be expressed in
non-cancerous breast tissue. The high precision value shows that FOXDL1 is has positive

predictive value in breast cancer and could be used for diagnosis and screening of the disease.
4.4.3 TAL1 as a Breast Cancer Biomarker

TALL1 is a basic helix-loop-helix TF predominantly expressed in erythroid cells, which are
precursors to erythrocytes and megakaryocytes. It is an important regulator of haematopoiesis
and is required for the development of endothelial tissue (Sanda and Leong, 2017). TAL1 forms
a heterodimer with class 1 basic helix-loop-helix proteins which regulates gene expression in
erythroid cells through binding of GATAL, LDB1 and LMO2 proteins (Kassouf et al., 2010).
The TAL1 complex activates several genes including the MYB and TRIB2 oncogenes
(Mansour et al., 2013). TALZ1 also inhibits the expression of certain genes, such as the tumour
suppressor FBXW?7, through interaction with various miRNAs (Mansour et al., 2013).
Deregulation of TAL1 promotes tumorigenesis through both the activation of oncogene

expression and the repression of tumour suppressor expression. The interaction of TAL1 with
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these genes may lead to increased tumour aggression and a worse patient outcome, which

would explain the decrease in overall patient survival observed in figure 9L.

High expression or gain-of-function mutations of TALL are associated with diseases such as
leukaemia (O'Neil et al., 2004). This is related to the role of TAL1 as a master regulator of
haematopoiesis. The role of TALL in breast cancer is not well-studied, although some targets
of TALL are involved in breast cancer progression. The MYB and TRIB2 oncogenes and the
FBXW?7 tumour suppressor mentioned above are important targets of TAL1. The expression of
the MYB gene activates the Wnt/B-catenin signalling pathway, which increases cell
proliferation in breast cancer (Li et al., 2016). It also enhances metastasis in breast cancer
through interaction with Axin2 (Li et al., 2016). TRIB2 activates the PI3K/Akt pathway in
cancer cells, which is also associated with increased proliferation in cancer (Hill et al., 2017).
TRIB2 is implicated in resistance to chemotherapy and PI3K inhibitors in various cancers
through the activation of Akt. This affects the efficacy of drugs that target upstream
components of the PI3K/Akt pathway, such as trastuzumab, and are used for treatment of breast
cancer. MYB and TRIB2 expression are both activated by TAL1. TAL1 also inhibits the
expression of FBXW7, which is a tumour suppressor that inhibits proliferation and promotes
apoptosis in breast cancer and is prognostic of a better outcome in breast cancer patients (Chen
et al., 2018). A further link to breast cancer is through the miRNA, miR-140-5p. This miRNA
has tumour suppressive characteristics in breast cancer and is downregulated by ERa signalling
(Zhang et al., 2012). Expression of miR-140-5p downregulates the expression of TAL1
(Correia et al., 2016). The downregulation of this miRNA in breast cancer could therefore
increase the expression of TAL1, leading to increased activation of oncogenes, inhibition of
tumour suppressors, and possibly increased angiogenesis through the activation of endothelial-
related genes. Furthermore, breast cancer patients are at high risk for developing acute myeloid
leukaemia as a secondary malignancy (Martin et al., 2009). This is often attributed to an
interaction between certain breast cancer therapies and a genetic predisposition. TAL1 could
therefore be useful in predicting the development of leukaemia as a secondary malignancy and
also help physicians avoid prescribing therapies that are related to leukaemia development,
such as alkylating agents, anthracyclines and radiotherapy, when TAL1 expression is high.
Additionally, Figure 9L shows that a high expression of TAL1 leads to a drastic decrease in
overall survival of breast cancer patients. It is therefore important to further elucidate the role
of TAL1 in breast cancer and to investigate its potential as a possible target for therapeutic

intervention and as a diagnostic marker.
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TAL1 has high sensitivity and precision values for predicting breast cancer (table 9). This
demonstrates that it is likely to be expressed in breast cancer tissue and could be a useful marker
for the diagnosis and screening of breast cancer. It also had a moderately high specificity value
of 66.67% which suggests that it may be present in some breast tissue that is not cancerous.
Combined with other biomarkers, TALL1 is still useful in the diagnosis of breast cancer. The
value of this TF as a biomarker is in its ability to predict negative outcome in the breast cancer
patients in which it is expressed (figure 9L). After further elucidation of its role in breast cancer,
TAL1 could be a valuable prognostic marker in patients and could also be a useful therapeutic

target.
4.4.4 RUNX1 as a Breast Cancer Biomarker

RUNX1 is a TF involved in development of haematopoietic stem cells and their differentiation
into mature myeloid and lymphoid cells (Okuda et al., 2001). The tumour suppressive role of
RUNX1 in leukaemia is well-established (Ito et al., 2015). Recently, RUNX1 expression has
been detected in non-tumorigenic breast epithelial tissue, suggesting a role in regulating normal
breast cell behaviour (Ito et al., 2015). In ER+ breast cancer, loss-of-function mutations are
observed, usually due to a mutation in the DBD (van Bragt et al., 2014). In the breast, RUNX1
represses the expression of ELF5, a regulator of alveolar cells. ELF5 has been shown to
suppress ER-driven gene expression patterns and decreases estrogen sensitivity in breast cancer
(Kalyuga et al., 2012). Knockdown of ELF5 in ER- breast cancer cell lines suppressed basal
gene expression patterns and shifted the molecular subtype towards a normal-like state
(Kalyugaetal., 2012). In ER+ breast cancer cells, high expression of ELF5 caused an increase
in acquired Tamoxifen resistance, as the repression of ER-related gene expression caused cells
to become dependent on ELF5 instead of estrogen and ERa (Kalyuga et al., 2012). Therefore,
the repression of ELF5 expression by RUNX1 could decrease Tamoxifen resistance and reduce

the proliferative capacity of breast cancer cells.

Although the role of RUNX1 in breast cancer has not been fully elucidated, studies suggest
that in ER+ breast cancer, the loss of RUNX1 function combined with either the loss of RB1
or p53 leads to an increase in ER-mediated proliferation (van Bragt et al., 2014). The loss of
RUNX1 is also associated with increased metastasis and poor clinical outcome (Hong et al.,
2017). This is consistent with the results shown in Figure 9J, which shows a decrease in overall
patient survival with a decreased expression of RUNX1. The loss of RUNX1 function allows

TGF-B to induce EMT, suggesting a role for RUNXI in inhibiting EMT by increasing E-
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Cadherin expression (Hong et al., 2017). It is worth noting that a very high expression also
correlates with poor patient outcome and increased metastasis, especially in triple negative
breast cancer (Browne et al., 2015). This could be due to an increased expression of E-cadherin,
which induces metastasis through interaction with Twistl (Shamir et al., 2014). Therefore,
abnormally high or low levels of RUNX1 promote tumour progression and invasion through
its regulation of E-Cadherin. This makes RUNX1 an important marker of tumour progression,
as any deviation from normal expression causes an increase in tumour aggression and may lead

to poor patient outcome.
4.5 Conclusions

This study aimed to determine the changes in gene expression in ER+ and ER- breast cancer
compared to non-tumorigenic cells and the TFs that control these changes in gene expression.
DE analysis showed that 1894 genes were upregulated and 2502 genes were downregulated in
MDA-MB-231 compared to MCF10A, 2484 genes were upregulated and 2484 genes were
downregulated in MCF7 compared to MDA-MB-231, and 1924 genes were upregulated and
2543 genes were downregulated in MCF7 compared to MCF10A. Many of these genes are
involved in biological processes that contribute to the hallmarks of cancer. This confirms that
gene expression patterns are significantly altered in cancer cells, which may be the primary
controller of the cancer phenotype. TFBS enrichment analysis was used to predict the TFs
responsible for this change in gene expression. The expression of these TFs and their prognostic
value were validated using publicly available breast cancer patient datasets. This resulted in
the selection of the TFs E2F1, INSM1 and MYC as potential biomarkers specific to MCF7
cells, and FOXD1, TAL1, MAX and RUNX1 as potential biomarkers specific to MDA-MB-
231 cells. These biomarkers could have utility in breast cancer diagnosis, prognosis and
therapy. Of these selected TFs, E2F1, MYC and MAX are well-studied in breast cancer and
are shown to have prognostic value. This validates the methodology used, as it was able to
predict known breast cancer-associated TFs. The role of RUNX1 in breast cancer is less clear,
but at least one study has linked it to breast cancer and further investigation will confirm its
role in this disease. Predicted biomarkers TAL1, FOXD1 and INSM1 have not yet been directly
linked to breast cancer, but play a role in different cancer types. Proposed links to breast cancer
for these potential biomarkers have been discussed above and they show potential as prognostic
markers based on their effect on patient survival. Further investigation is required to elucidate

the roles these proposed biomarkers have in breast cancer, but due to the ability of the
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methodology used to predict known and novel biomarkers, and the proposed mechanisms in
breast cancer, they show promise as novel biomarkers which may have clinical use. In
conclusion, the biomarkers proposed in this study could be promising in the development of
novel diagnostic and therapeutic strategies or the improvement of existing strategies for better

breast cancer diagnosis and treatment.
4.6 Troubleshooting

4.6.1 Differential Expression

Initially, the aim of the present study was to evaluate the differential expression and TSS usage
of ER+, ER- and non-tumorigenic cells using FANTOMS CAGE data. The FANTOMS project
aimed to investigate transcription activity in different types cells. They accomplished this by
first performing CAGE analysis using hundreds of human and mouse primary cells, cell lines
and tissues (Forrest et al., 2014). Data from this project is publically available for use at
http://fantom.gsc.riken.jp/5/. Initially, CAGE data for MCF7, MDA-MB-453 and HEK293 cell

lines were used to represent ER+, ER- and non-tumorigenic cells respectively. The first

problem encountered was that HEK293 was the only non-tumorigenic cell line available in this
study. This is a human embryonic kidney cell line and while it can be used as a non-tumorigenic
cell line to compare the effect of drugs and other compounds with cancer cells, non-tumorigenic
breast cells are required to perform a DE comparison with breast cancer cells. The reason for
this is that we want to observe the changes in gene expression between cancer and normal cells
and the changes in expression between breast and kidney cells would interfere with this. The
second problem was that there was only one replicate for each cell line, meaning the DE
analysis would not be statistically significant. For these reasons, it was decided to use RNA-
seq data published on GEO, which contained 3 replicates each of MCF7, MDA-MB-231 and
MCF10A, representing ER+ breast cancer, ER- breast cancer and non-tumorigenic breast cells

respectively (Messier et al., 2016).

4.6.2 ERE Prediction

The tool used for detection of EREs in the promoters of target genes, Dragon ERE Finder
version 2, was published in the year 2003 (Bajic et al., 2003). For this reason, it was designed
for use on older computer platforms and did not work on Ubuntu 18.04 64-bit edition. In order
to run this program, support for 32-bit architecture had to be enabled through installation of
multiple software packages including: libc6:i386, libncurses5:i386, libstdc++6:i386 and
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lib32z1, and the 1386 architecture had to be enabled. After this was done, the Dragon ERE

Finder Version 2 software was able to run on Ubuntu 18.04 64-bit edition.

4.6.3 Scripting

The data generated by certain methods used in this study was not compatible with other
methods. An example of this is Dragon ERE Finder 2, which generated an unstructured text
output, which could not be read by any other programs. To solve this issue, programming
scripts written in the Python programming language were used to modify and process the data

into a usable format.
4.7 Future Studies

The biomarkers proposed in this study are based on computational predictions and need to be
validated experimentally before conclusions about their clinical utility can be drawn. For this,
future work will be focused on elucidating the molecular mechanisms of the proposed
biomarkers in breast cancer cells. Firstly, the expression levels of the proposed biomarkers will
be measured in breast cancer tissue samples obtained from patients using real-time PCR. These
samples will be of different breast cancer subtypes, allowing the expression of the TFs to be
compared across subtype. Biomarkers showing promise will need to be studied further to
elucidate their molecular mechanisms in breast cancer. To do this, the cell lines MCF7, MDA-
MB-231 and a non-tumorigenic cell line will be used. Protein-level expression will be
measured using Western blotting. Knockdown and overexpression of the proposed biomarkers
will be performed to further elucidate their role in breast cancer. The effects of knockdown and
overexpression will be analysed using Western blotting and a variety of cell viability assays,
such as the MTT assay, APOPercentage assay, mitochondrial outer membrane potential assay
and the caspase 3/7 assay, in combination with drug treatments. These in vitro experiments will
help to elucidate the role the proposed biomarkers have in breast cancer and their effects on
cell viability and drug efficacy. The final testing of these biomarkers needs to be done in breast
cancer tumour samples obtained from patients at different stages of the disease. This will
provide a complete validation of the outcome of the present study. Nonetheless, a
computational pipeline was established, which can be used to predict biomarkers for various

types of cancers in future, once the results of the present study are experimentally validated.
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4.8 Limitations

One of the major limitations of this study is the use of gene expression data originating from
immortalised cell lines. Normal human tissue does not proliferate indefinitely and is therefore
difficult to maintain in culture. Immortalised cell lines have accumulated mutations that allow
for the evasion of cellular senescence and growth restrictions present in normal cells. For this
reason, immortalised cell lines are commonly used in cancer research, as they can be grown in
vitro for prolonged periods of time. The disadvantage of using immortalised cell lines is that
they are not a perfect representation of human tumour tissue (Gillet et al., 2013). The frequency
of DNA mutations observed in immortalised cell lines is higher than that observed in tumours
(Dai et al., 2017). This leads to differences in gene expression patterns between immortalised
cell lines and tumour tissue. The increase in DNA mutations lead to phenotypical changes in
the cells, causing behavioural changes between different immortalised cell lines and tumour
tissue of the same type. For this reason, the results of this study, and of any study relying
primarily on the use of immortalised cell lines, should be considered preliminary. The predicted
breast cancer biomarkers discovered in this study are at an early stage of development and
should not be considered reliable prognostic markers until they are validated using patient

tumour samples.

An additional limitation of in silico research such as the present study is the inconsistency of
results obtained when using the computational tools with different parameters or using different
computational tools. Where possible, different parameters and tools were tested to obtain
reliable results, but this was not presented in the methodology or results of this dissertation.
The tools used in the present study were assumed to be reliable based on numerous publications
using them. Additionally, multiple gene expression datasets should have been tested with the
tools to confirm that results were consistent. Due to time constraints and lack of availability of
suitable data, this was not done. As mentioned above, the biomarkers identified in this study
are preliminary predictions and require validation before they can be considered reliable
biomarkers. In this case, the expression of the biomarkers in patient tumour samples of different

subtypes will be assessed before publication of results.
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Appendix
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Figure 13: Scatterplot of BCV against transcript abundance across samples. Estimates of common,
trended and tagwise NB dispersions are represented in red, blue and black respectively. The y-axis
represents BCV and the x-axis represents average gene abundance as average logCPM.
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