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Abstract 

Endocrine resistance occurs in the majority of patients who have relapsing breast 

cancer which remains a challenge to current medical treatment. Tumour 

heterogeneity poses an obstacle in clinical diagnostics which can lead to suboptimal 

treatment and the development of therapy resistance.  Although tumour 

heterogeneity, at an intrinsic as well as at an interpatient level, is a potential 

contributor to endocrine resistance in oestrogen receptor-positive breast cancer, it is 

not clearly understood. Epigenetically-defined regulatory regions including promoters 

and enhancers govern cell type specific transcription.  In this study, I have processed 

47 fresh-frozen primary and metastatic oestrogren receptor-positive breast cancer 

samples for H3K27ac (acetylation of lysine 27 on histone 3) chromatin 

immunoprecipitation and high throughput sequencing. The regulatory landscapes of 

the 47 patient samples were analysed and key regulatory drivers identified. Results 

demonstrate that although enhancer elements are strongly associated with 

epigenetic heterogeneity, dominant enhancers tend to be shared across patients. 

Identified regulatory drivers possess binding sites for the transcription factor YY1 

which collaborates with the oestrogen receptor alpha to drive the transcription of 

several key genes including SLC9A3R1. SLC9A3R1 has subsequently been 

identified as a novel breast cancer specific oncogene and is shown in this study to 

stratify oestrogen receptor-positive breast cancer patients. This study demonstrates 

for the first time that epigenetic annotations can be used to map regulatory, as well 

as phenotypic, changes through breast cancer progression.  
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Chapter 1 Introduction 

1.1 Cancer 

Cancer continues to be a major health issue and is still responsible for the leading 

causes of death around the globe.  Worldwide cancer statistics of 2012 demonstrate 

14.1 million newly diagnosed cases (excluding non-melanoma skin cancer) and 8.2 

million attributable deaths. It has been predicted that 23.6 million new cancer cases 

will be diagnosed globally by 2030, which is 68% more cases than in 2012 [1]. The 

four most commonly diagnosed cancers include 1. Lung, 2. Breast (female), 3. 

Bowel and 4. Prostate [2]. 

In the U.K. alone, 352,000 people were diagnosed with cancer in 2013. This equates 

to a European age-standardised (EAS) incidence rate of 605 people per 100,000 of 

the human population [3]. In 2013, male cancer diagnoses reached 179,000 and in 

females, 173,000.  Incidence rates for all cancers combined have increased in the 

U.K. by approximately 30% since the late 1970s; this is exemplified by a 37% and 

17% increase in female and male cases, respectively (Figure 1.1). Lung, breast, 

bowel and prostate cancers together accounted for 53% of all new cases in the U.K 

[3].Lung cancer remains the most common cause of cancer death in the U.K., 

accounting for 22% of all cancer-related deaths in both sexes (2014), followed by 

bowel (10%), breast (7%) and prostate (7%). Cancer-related mortality is decreasing 

in the U.K. despite the aforementioned increases in incidence (Figure 1.2). Earlier 

diagnosis coupled with improved methods of treatment have largely contributed to 

the fall in cancer mortality. There was a 27% decrease in the EAS cancer mortality 

rates in males and 20% decrease in females reported between 1990-1992 and 2010-

2012 [4-6]. These rates have diminished over the last 10 years with AS mortality 
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rates declining by 13% and 9% in males and females, respectively. A further 17% fall 

in cancer mortality rates is expected between 2011 and 2030 in the U.K [7, 8]. 

 

 

Figure 1.1 Cancer incidence in the U.K.  Data collected from 1993 to 2014 showing European Age-

Standardised incidence rates of all cancers (excluding non-melanoma skin cancer). [Modified from the Cancer 

Research UK website, 2016] [3] 

 

 

 



24 
 

Figure 1.2 Cancer mortality in the U.K.  Data collected from 1971 to 2012 showing European Age-

Standardised mortality rates of all cancers. [Modified from the Cancer Research UK website, 2016] [3] 

 

1.2 Hallmarks of cancer 

Cancer is postulated to arise from one single cell. The oncogenic transformation of a 

normal cell into a malignant one, is a multistage process involving contributory 

genetic changes which lead to the gradual conversion of normal human cell 

processes to an oncogenic state [9, 10]. 

Advances in cancer research over the past ten years have elucidated the stages of 

development and progression. Cancer cells are not just thought of as a mass of 

uncontrolled proliferating cells; they are also composed of various cell types, such as 

normal cells contributing to the tumour-associated stroma which are involved in 

initiation, development and finally metastasis. Six common traits outlining the 

hallmarks of cancer were initially proposed by Hanahan and Weinberg in 2000 [10]. 

These include 1. Self-sufficiency in growth signals 2. Insensitivity to anti-growth 
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signals 3. Evading programmed cell death 4. Limitless replicative potential 5. 

Developing blood vessels and 6. Tissue invasion and metastasis. These 

aforementioned traits were then revisited in 2011 following which, Hanahan and 

Weinberg updated the hallmarks with 4 further characteristics; 1. Deregulated 

metabolism 2. Evading the immune system 3. Genome instability and 4. 

Inflammation. (Figure 1.3) [9, 10]. 

 

 
 

Figure 1.3 The hallmarks of cancer.  Biological traits outlining the main characteristics shared in common by all 

human cancers. [Modified from Hanahan and Weinberg, 2011] [10] 
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1.3 Breast cancer 

On a global scale, breast cancer (BC) is currently the second most common cancer 

after lung with 1,676,633 and 1,824,701 cases diagnosed in 2012, respectively. BC 

is the most common cancer in females accounting for 25% of the 6.7 million female 

population diagnosed in 2012. Approximately 1 in 8 women will develop BC in the 

U.K. at some point during their lifetime; 53,700 new cases of BC were diagnosed 

accounting for 15% of all new cancer cases in 2013. In males 340 (0.6%) new cases 

were diagnosed leaving 53,360 (99.4%) new female cases. Approximately 46% of 

female BC cases in the U.K. each year are diagnosed in females over the age of 65 

(Figure 1.4). In comparison, 51% of male BC cases in the U.K. each year are 

detected in men over the age of 70 [11]. 

Figure 1.4 The average number of new female breast cancer cases per year with age-specific incidence 

rates in the U.K. between 2011- 2013. [Modified from the Cancer Research UK website, accessed 2016] [11] 

The incidence of breast cancer has increased by approximately 54% in the U.K. 

since the late 1970s. However, over the last ten years BC incidence in the U.K. has 
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increased by approximately 4% [11]. In addition, 11,433 deaths were reported in 

2013 attributable to BC. This equates to 28 deaths per 100,000 women per annum, 

which is amongst the highest in the world [11]. 

 

1.4 The function of the oestrogen receptor in physiological 

human development  

The oestrogen receptor (ER) alpha (α), a nuclear receptor, is a master transcription 

factor involved in physiological breast development. It is central to the pathogenesis 

of BC, and is a key therapeutic target [12, 13]. Unoccupied ERα is predominantly 

situated in the nucleus, either bound or unbound to its consensus motif. It is 

activated by oestrogens (steroid hormones) causing it to dimerise and translocate 

into the nucleus [14-16]. This then allows ERα to subsequently bind to its respective 

target sites across the genome, ultimately controlling cell proliferation and treatment 

response (Figure 1.5). Oestrogens are involved in regulating the development and 

maintenance of female characteristics which include the reproductive organs and the 

mammary glands [17]. In addition, oestrogens play an important role in maintaining 

normal physiology in tissues from the central nervous, cardiovascular and skeletal 

system [18-20]. There are three types of oestrogens: 1. Oestrone (E1), 2. 17β-

oestradiol (E2) and 3. Oestriol (E3). Of the three, E2 is the most predominant as well 

as the most active form of oestrogen [17]. In premenopausal women, E1 and E2 are 

biosynthesised and secreted by the ovaries and this process is under strict negative 

feedback regulation through the hypophyseal (anterior pituitary gland) gonadal axis 

[17, 21].  In postmenopausal women, oestrogen biosynthesis occurs through 



28 
 

aromatisation of circulating adrenal androgens at extragonadal sites inducing the 

adipose tissue, the cardiovascular and central nervous system, and bone [17].  

There are two types of oestrogen receptor (ERα and ERβ) which are both members 

of the nuclear receptor superfamily pertaining to the ligand inducible transcription 

factors (TFs). The two forms of the oestrogen receptor are encoded from different 

genes and are cell-type-specific. With regard to the physiological mammary gland, 

ERα can be detected in the ductal epithelia whilst ERβ is expressed in epithelial, 

stromal and endothelial cells, and fibroblasts [22]. Mammary gland development is 

dependent on the action of oestrogens, which is demonstrated by ERα and 

aromatase knockout mouse models; impaired mammary duct formation as well as 

breast tissue development seen beyond the pre-pubertal stage [23, 24]. 
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Figure 1.5 Overview of ER-α function. Upon binding with its ligand oestradiol (E2), and dimerising, ER-α binds 

to its respective oestrogen responsive element (ERE) at promoters and enhancers, along with other cofactors, to 

result in the recruitment of RNA polymerase II (Pol II). The sites of active transcription are flanked by H3K27 

acetylation histone modifications and once RNA polymerase II is recruited transcription of ER target genes 

occurs at promoters and enhancers leading to the formation of messenger RNA (mRNA) and enhancer RNA 

(eRNA), respectively. [Figure created in collaboration with Nikolaos Trasanidis] 

 

However, knockout ERβ mice exhibit physiological mammary duct and breast tissue 

formation with normal lactation. This data strongly suggests that ERα plays a 

fundamental role in regulating oestrogen functions in physiological development 

including pubertal characteristics [25]. On assessment of mammary tissue, ERα-

positive cells can be visualised throughout the luminal epithelium. The latter ERα-

positive cells do not proliferate in normal breast tissue. However, the actively dividing 

cells, which are often ERα-negative, can be seen in close proximity to the ERα-
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positive cells. It has been postulated that the ERα-positive cells, in the luminal breast 

epithelium, act as sensor cells for oestrogen and subsequently secrete paracrine 

hormones/factors which stimulate the growth of the adjacent cells [26].  

 

1.5 The oestrogen receptor in breast cancer and molecular 

subtypes 

ERα expression is increased in breast epithelial hyperplasia and breast tumours 

compared to normal breast parenchyma. Furthermore, in BC, a high number of the 

ERα-positive cells are actively dividing. There is an aberrant proliferation of the ERα 

expressing cells which would usually not undergo cell division in normal breast 

tissue. Collectively these findings provide pathological information about the 

development of BC [27]. Although the ERα is an established key driver in the 

development and progression of BC, the ERβ has been shown to antagonise the 

actions of ERα [28]. When compared to ERα, ERβ expression in breast epithelial 

hyperplasia and in breast neoplasms is significantly lower than in normal breast 

tissue. There is a negative correlation between ERβ expression and proliferation 

markers in BC which would imply that ERβ has a protective effect against the 

proliferative actions of oestrogen as well as tumour initiation [29].   

Although pathological characterisations of BC have been long established, BCs can 

also be categorised into various molecular subtypes, which include 1. Luminal A; 

oestrogen receptor (ER) positive (+), progesterone receptor (PR) positive and human 

epidermal growth factor 2 receptor (HER2) negative (-), 2. Luminal B; ER+, PR lowly 

expressed or absent, HER2 occasionally overexpressed with the tumour exhibiting 

high proliferation rates, 3. HER2+; ER-, PR- and HER2 overexpressed, 4. Basal-like; 
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this includes the triple negative subtype ER- PR- HER2- and 5. Claudin-low that are 

also triple negative but resemble cells undergoing epithelial-mesenchymal transition 

(EMT) [30]. The latter molecular subtypes of BC all exhibit variable responses to 

treatment and also differ in incidence and survival. Luminal A and luminal B (i.e. ER 

positive BC) molecular subtypes represent over two thirds of all BCs and are 

amenable to endocrine therapy (ET) which aims to target the ER [30]. 

 

1.6 The treatment of breast cancer 

Achieving long-term local disease control coupled with minimal local morbidity, are 

the goals of local treatment of BC [31]. Breast conserving surgery (BCS) or 

mastectomy, with or without axillary node clearance, are the usual surgical 

modalities employed in BC treatment.  Surgery aims to completely excise the BC 

tumour, aiming for at least microscopically disease-free margins [32, 33]. In addition, 

the resection margin should be clear of tumour tissue (i.e. presence of normal tissue) 

by ≥2mm at all radial margins of the carcinoma [34]. A 2mm margin decreases the 

risk of ipsilateral breast tumour recurrence when compared to smaller negative 

margins [34]. Studies have demonstrated that wider excision margins do not 

decrease the rate of local BC recurrence. Incomplete excision, however, defined by 

presence of tumour tissue within resection margins, results in unacceptable rates of 

local control [32, 33]. The application of radiotherapy (DXT) following surgery in BCS 

remains a fundamental adjuvant treatment modality. A study by the Early Breast 

Cancer Trialists’ Group (EBCTCG), showed that DXT post BCS reduces the 10-year 

risk of any locoregional or distant first recurrence as well as decreasing the patient 

death rate by one sixth [35].  In addition, post-operative DXT is associated with a 
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reduction in ipsilateral recurrence of ductal carcinoma in situ (DCIS) and the 

development of invasive BC [36-42]. 

Since Beatson’s observation that, over a century ago, the induction of regression in 

advanced BC could be propagated by bilateral oophorectomy [43], ET has shown to 

be one of the most fundamental treatment modalities in cancer medicine [31]. 

Furthermore, it has been shown that over half of females with operable BC, who 

receive surgery and DXT only, will die from metastatic disease. This indicates the 

presence of micro-metastatic disease at the onset of clinical diagnosis [31]. 

Endocrine therapy forms part of the key treatment modalities in the management of 

ERα-positive BC. ET can be administered in the pre-operative (neoadjuvant), post-

operative (adjuvant) and in the advanced (metastatic) disease setting. The aims of 

current ET are to control or inhibit peripheral oestrogen production or the function of 

ERα within the BC cells [44]. 

Patients diagnosed with ERα-positive BC in the pre-menopausal setting are 

managed with postoperative Tamoxifen (a selective oestrogen receptor modulator 

(SERM)) for 5 years. However combined results from randomised control trials show 

a statistically significant reduction in BC mortality, and improvement in overall 

survival (O.S), with a 10-year treatment with Tamoxifen [45, 46]. Ovarian 

suppression, which can be achieved surgically or through the use of gonadotrophin 

releasing hormone (GnRH) analogues, in addition to Tamoxifen, chemotherapy or 

both, is associated with reduced disease recurrence and death after recurrence in 

premenopausal patients with ERα-positive BC [47]. The use of aromatase inhibitors 

(AIs), which inhibit the peripheral production of oestradiol, in combination with 

ovarian suppression do not appear to add additional benefit when compared to 
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patients taking Tamoxifen on the background of ovarian suppression treatment [44, 

48].  

In the postmenopausal setting, patients with ERα-positive BC who have undergone 

surgery are usually started on either adjuvant Tamoxifen or aromatase inhibitors 

(anastrazole, letrozole). AIs have shown to be associated with an increased disease-

free survival compared to Tamoxifen alone [49-51]. The combination of Tamoxifen or 

AI (i.e. Tamoxifen for 2-3 years followed by AI to complete a total of 5 years of 

treatment) or monotherapy (i.e. Tamoxifen or AI alone) is administered for 5 years 

[44]. More recently, the use of inhibitors to the cyclin-dependent kinase-

retinoblastoma (CDK-Rb) pathway, have shown promising results. Specific CDK4/6 

inhibitors such as palbociclib, ribociclib and abemaciclib have been shown to block 

cell cycle progression [52]. Randomised phase 2 and a phase 3 trial of palbociclib 

with the addition of ET compared to ET alone, have demonstrated a substantial 

increase in progression free survival in the CDK4/6 plus ET group in patients who 

have hormone receptor-positive and HER2-negative (HER2-) BC. Several phase 3 

trials are still ongoing regarding the use of CDK4/6 inhibitors in hormone receptor 

positive and HER2- BC [52].  

Neoadjuvant ET and/or chemotherapy are commonly used for locally advanced BC, 

inflammatory BC and downstaging of large tumours for BCS. It is also commonly 

used for earlier, operable BC patients. BCS improves the patient’s psychosocial 

wellbeing, provides a better cosmetic result and shares outcome equivalence when 

compared to mastectomy [53-57]. In addition, neoadjuvant therapy is also used to 

assess treatment response in patients with early stage, aggressive BC phenotypes.  

Although Tamoxifen or AI can be administered in the neoadjuvant setting for ERα-
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positive BC, chemotherapy remains the first-line therapy to down-stage BC tumours 

irrespective of ER positivity [44].  

Despite treatment with ET, 30-40% of patients presenting with ER-positive primary 

disease relapse within 10-15 years of treatment owing to endocrine resistance [58-

60].  

Despite advances in adjuvant therapy for BC, metastatic BC remains a major 

challenge. In some cases, the hormone receptor status between the primary and 

metastatic disease can be completely different and hence undertaking a clinical 

biopsy of the recurrence would aid the physician in tailoring more focal treatment 

[44]. Depending on the metastatic BC tumour hormone status and the patient’s 

wellbeing, proposed treatments include, ET with Tamoxifen, third generation AIs 

(which have shown to be more beneficial than Tamoxifen in recurrent BC), 

fulvestrant (a 7α-alkylsulphinyl analogue of 17β-oestradiol) which is a selective ER 

downregulator (SERD) and trastuzumab (a monoclonal antibody to the HER2); 

usually administered to HER2-positive as well as hormone receptor positive 

metastatic BC patients.  

 

1.7 Tumour heterogeneity 

Through the assessment of cell morphology, tumour heterogeneity has been 

documented for many years [61-63].  It is now widely accepted that all types of 

carcinomas contain a high number of different populations of cells [62]. These cells 

exhibit inter-tumour heterogeneity (ITH) at a genetic, epigenetic and phenotypic 

level. Studies using next- generation sequencing and micro-array technologies have 

provided insights in the complexity surrounding ITH [64]. Furthermore, ITH has been 
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deemed to be a major cause of targeted therapy failure as well as disease resistance 

[64].  Tumour heterogeneity can be divided into genetic and non-genetic causes [62]. 

Cancer formation and development are dependent on the acquisition of multiple 

driver mutations that are able to trigger pro-oncogenic pathways, which can then 

subsequently disable tumour suppressors [65]. Compared to experimental tumours 

and cell lines which can be induced by a set of defined genetic events, spontaneous 

tumours tend to form through Darwinian-like somatic evolution [62, 66]. During this 

latter process, key driver mutations are acquired to provide the tumour with a 

survival advantage [67]. Due to the fact that tumours change over time, which are 

secondary to changes in the mutational landscape, classifying mutations into driver 

and passenger types can be confusing (i.e. what is considered as a passenger 

mutation could essentially become a driver mutation over time or the value of the 

passenger-mutation changes over time) [62].  Although genetic heterogeneity is an 

unlikely major cause for phenotypic heterogeneity, it substantiates the process 

through which tumour cells acquire heritable differences and therefore provides a 

conceptual framework to explain tumour evolution in the context of tumour growth 

and resistance to targeted therapy [62]. 

The causes of non-genetic tumour heterogeneity can be divided into 1.  Cancer stem 

cell (CSC) theory, 2. The effects of the heterogeneous tumour environments and 3. 

Changes in the epigenetic landscape and expression noise [62]. 

The rise in CSC research and subsequent findings have given the CSC perspective 

as one of the dominant factors in non-genetic sources of phenotypic heterogeneity 

[68]. Therefore, phenotypic heterogeneity in carcinomas potentially occurs as a 

mirror effect from the differentiation hierarchies that exist in normal tissue. In 
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addition, phenotypic heterogeneity that is regulated by differentiation states has been 

associated to pivotal outcome parameters such as clinical prognosis, treatment- 

resistance and the potential for metastatic spread. It is presumed that in tumours, 

there are a higher number of cells carrying stem cell markers which are associated 

with poor clinical outcome. Therefore, it is these cells which are more resistant to 

therapy and possess metastatic potential compared to the non-CSC containing 

cancer cells [62]. However, applying the CSC theory to cancer cell phenotypes 

based on differentiation states alone may not be feasible due to the fact that the 

altered differentiation states exist in cancer [62].   

Changes in the tissue microenvironment, including alterations in its components and 

properties of stromal cells as well as remodelling of the extra-cellular matrix (ECM), 

plays an important role in tumour progression [69-71]. It has been proposed that 

tumour microenvironment changes occur as participants in tumourigenesis and are 

not just passive consequences of genetic evolution [70, 72]. Tumour 

microenvironments can subsequently mould tumour cell phenotypes, with 

mathematical modelling demonstrating that heterogeneity within the tumour 

microenvironment can possibly result in the selection of more aggressive/invasive 

phenotypes [73, 74]. 

In addition, normal tissues and organs consist of highly organised structural units. 

These are not seen in the case of tumour tissue, suggesting a loss of anatomical 

organisation. Therefore, in comparison to normal cells, which are subjected to a 

limited number of microenvironmental changes, tumour cells demonstrate loss of 

anatomical organisation in tandem with many changes in the microenvironment [62]. 

For example, neovascularisation, which is required for tumour growth, leads to 

poorly organised vasculature surrounding the tumour leading to normoxic and 
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hypoxic regions [75]. The inter-tumour differences seen within the stroma have been 

associated with changes in the biology of the tumour as well as clinical outcome [70, 

76, 77].  However, changes in the microenvironment are not only seen between 

tumours or between matched primary and metastatic cancers. This change in the 

microenvironment has also been noted at an intra-tumour level and affects the 

phenotypic heterogeneity of tumour cells which serves as an obstacle to cancer 

treatment [62].  

The valleys within the epigenetic landscape, a paradigm introduced by Waddington, 

of cells represent stable/semi-stable cellular phenotypes [78]. In addition, the valleys 

can correspond to the gene-regulatory network (GRN) of higher probability. Applying 

this model, there are two ways in which cellular phenotypes can change; 1. Noise-

driven transitioning between particular attractor states or, 2. Changing the topology 

of the landscape [62]. Hence, fluctuations in cellular processes, including changes in 

the gene expression profile, can cause shifts in cellular position with regard to their 

epigenetic landscape. If these alterations surpass a particular threshold, the cell can 

shift to another attractor state which, in turn, leads to transitioning of one phenotypic 

state to the next. To apply this to Waddington’s model, the cell would have to “jump” 

from one valley to the next to change phenotype [62]. The epigenetic landscape is 

built by the culmination of intrinsic factors, including the genetic makeup and pre-

existing differentiation state, and extrinsic factors, which are the signals that cells 

receive from their microenvironment. Both of these aforementioned factors, which 

remain stable within normal tissues, can be disrupted/modified in tumours [62]. The 

GRN of a tumour can be changed through the genotypic differences present at the 

individual-cell level within that tumour. This translates into corresponding alterations 

in the topology of the epigenetic landscape, even in a homogenous environment. In 
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addition, the inactivation of non-essential genes can result in the change of the GRN 

architecture [62, 79].  This implies that the multitude of accumulating passenger 

mutations accrued during tumour development might also participate in forming the 

tumour landscape topology and contribute to noise-driven transition potential [62]. 

Furthermore, with regard to changes in the micro-environment (mentioned above), 

this can result in the creation of distinct landscape topologies that would not be 

accessible for cells pertaining to normal tissue [62]. The abnormal gene expression 

profiles exhibited by carcinomas are not just limited to transcriptional alterations. 

Saturated heat shock protein responses in tumour cells, (secondary to cellular 

stresses, allelic imbalance and oncogene expression) can lead to an increase in the 

molecular noise at the level of protein expression which, in turn, can result in change 

in phenotypic manifestation of silent mutations [80]. For example, it has been 

demonstrated that HRAS-driven transformation leads to elevated spontaneous 

dedifferentiation in the human mammary epithelial cell, suggesting that following 

oncogenic transformation, noise-driven phenotypic transitions might be improved 

[81].  

Amalgamating all factors which potentially contribute to tumour heterogeneity, it is 

clearly evident why this phenomenon poses as a challenge in clinical diagnostics 

and subsequent therapy. Firstly, ITH exists amongst patients. Secondly, intra-tumour 

heterogeneity exists within the same tumour. Therefore, conducting a clinical biopsy 

of a presumed tumour may only capture one dominant clone, amongst several, as 

opposed to the whole picture of mixed clonal dominance within the same tumour 

(Figure 1.6).  
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Figure 1.6 Tumour heterogeneity in diagnostics. ITH resulting from genetic and non-genetic factors (also 

seen in inter-tumour heterogeneity) inevitably complicates definitive clinical diagnostics which subsequently acts 

as an obstacle in therapy planning. Spatial phenotypic heterogeneity (i.e. only capturing one of many dominant 

clones within the biopsy specimen) whereby the biopsy specimen does not provide a true reflection of the cellular 

diversity present within the tumour. Furthermore, decisions made based on scoring the dominant phenotype 

within a biopsy sample may mislead the diagnostician especially if the cells do not account for minor 

subpopulations which possess clinically significant information which could alter clinical outcome if taken into 

account. [Modified from Marusyk et al.] [62] 
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1.8 DNA Sequencing in breast cancer 

A recent study was conducted by Nik-Zainal et al. [82], looking at the landscape of 

somatic mutations in 560 (i.e. 366 (65%) ER+ and 194 (35%) ER-) breast cancers 

with matched normal tissue DNA (e.g., peripheral blood lymphocytes, adjacent 

normal breast tissue or skin) undergoing whole-genome sequencing at a coverage of 

40.4x and 30.2x, respectively. Probable driver mutations were found in 93 protein-

coding cancer genes [82]. 5 of the 93 cancer genes, where evidence implicating 

them in BC previously unknown or equivocal, were found. These include MED23, 

FOXP1, MLLT4, XBP1, ZFP36L1. Non-coding somatic mutations were fewer in 

number but exhibited high mutation frequencies with most having distinctive 

structural features. The authors did not identify driver mutations in the non-coding 

regions albeit evidence demonstrates that most of the genome is accounted by non-

coding regulatory regions [82]. 

Chromatin immunoprecipitation followed by high throughput sequencing (ChIP-Seq) 

has been used to map genome-wide ER-binding events in primary breast cancers 

[83, 84]. ER binding has been found to be heterogeneous and used to 

retrospectively classify ER positive BC [85]. ER regulatory regions associated with 

poor clinical outcome observed in primary tumours reveal gene signatures that 

predict clinical outcome in ER-positive disease exclusively. The findings of this study 

demonstrated that oestrogen responsive element (ERE) motifs were enriched for 

good outcome tumours whilst EREs and forkhead box A-1 (FOXA-1) motifs were 

both enriched in the poor outcome tumour groups. In vitro experiments revealed 

differences in ER-binding events in Tamoxifen resistant cell-lines (TAM-R; MCF7 

derivatives and BT-474) compared to Tamoxifen responsive cell-lines (MCF7, T47-D 

and ZR75-1) [85]. Furthermore, it is known that ERα, upon activation, also binds to 
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distant regulatory elements, and this process is facilitated by ‘pioneer factors’ that 

include FOXA-1, pre-B cell leukaemia transcription factor 1 (PBX1) and the GATA 

family [84, 86, 87]. Pioneer factors facilitate binding of transcription factors to DNA, 

either in cis or trans, by relaxing the chromatin and keeping DNA accessible [87, 88]. 

 

1.9 Epigenetic modifications 

Epigenetics can be defined as heritable states of gene expression that are not 

attributed to the DNA sequence. Epigenetic factors such as DNA methylation, 

various types of histone marks and noncoding RNAs, are responsible for regulating 

the structural organisation of DNA-histone complexes (also known as chromatin) 

[89]. DNA (approximately 147 base pairs) wrapped around an octamer of histone 

proteins, where two of four core histones (H2A, H2B, H3 and H4) are present, is 

termed a nucleosome [89].  Histone proteins possess a N-terminal tail which 

protrudes out through the nucleosome structure allowing them to be subjected to 

post-translational modifications such as phosphorylation, ubiquitination, 

isomerization, deamination, ADP ribosylation, acetylation and methylation [90-92]. 

This ultimately leads to a multitude of possible combinations of post-translational 

modifications on a single nucleosome. Nucleosomes which are trimethylated on 

lysine 4 and 27 of histone H3 (H3K4me3 and H3K27me3) are associated with 

transcriptionally inactive promoters whereas the acetylation of lysine 27 (H3K27ac) 

along with lysine 4 monomethylation (H3K4me1) and Lysine 4 dimethylation 

(H3K4me2), on histone H3, can be located at transcriptionally active promoters [93, 

94]. Furthermore, the histone modification, H3K27ac, has been shown to mark 
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nucleosome-depleted regions highlighting transcriptionally active promoter and distal 

regulatory elements (e.g., enhancers) [95-97].  

During the process of transcriptional activation, pictured in Figure 1.7, histone marks 

H3K4me1/H3K4me2 and H3K27ac are placed on nucleosomes; this, in addition to 

the action of pioneer factors (not shown in the diagram), causes increased chromatin 

accessibility and thus allows ERα to bind to its target gene and subsequent 

activation of RNA polymerase II [87]. Transcriptional repression is represented by 

compacted chromatin, absence of pioneer factors along with transcriptionally inactive 

histone mark representatives and DNA hypermethylation of promoter regions where 

a cytosine is preceded by a guanine nucleotide (CpG islands) [87].  

 

Figure 1.7 Epigenetic regulation of ERα-target genes in breast cancer cells. Schematic illustration of 

epigenetic modifications and chromatin states demarcating expression and repression of ERα-target genes in 

breast cancer cells. (ERα: Oestrogen receptor α, DNMT: DNA methyl-transferase; 5mC: 5-methyl cytosine; TSS: 

Transcription start site; Pol II: RNA polymerase 2) [Modified from Magnani et al.] [87] 
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1.10 Enhancer and super-enhancers 

Enhancers belong to the group of cis-regulatory modules (regions of non-coding 

DNA which regulate the transcription of genes) and are classified as DNA elements 

as they activate the transcription of a gene from a distance, independent of their 

orientation on DNA [98, 99]. Enhancers consist of multiple motifs for binding of 

multiple transcription factors which recruit co-activators and co-repressors such that 

the resultant effect of the enhancer activity is determined by the combined regulatory 

cues of all bound factors [100, 101].  Figure 1.8 shows that enhancers, bound by 

transcription factors, may act distally or proximally to their target genes. The position 

of putative enhancers can be inferred through deoxyribonuclease I (DNase I) 

hypersensitivity regions (DHS) and also with specific post-translational modifications 

found on nucleosomes [102, 103]. Enhancers may interact directly or through a 

looping mechanism with promoters of their respective target genes. These 

mechanisms of interaction are required for enhancers to maintain cell-type specific 

gene expression which are fundamental to physiological development [101, 103, 

104].  

 

Figure 1.8 Enhancer –gene interaction. Enhancers, contain sequence motifs to which transcription factors 

(TFs) bind regulating the activity of the enhancer on its target gene. Enhancers may act proximally (Enhancer A) 

or distally (Enhancer B) from their target gene (Gene X) to regulate the transcription and facilitating the 

recruitment of RNA polymerase II (Pol II). (TSS; transcription start site) [Modified from Shlyueva et al.] [101] 



44 
 

Identification of mammalian enhancers has been assisted by applying modern DNA 

sequencing techniques such as DNase I hypersensitivity site profiling and ChIP-Seq 

[105-109]. Studies using ChIP-Seq have shown that certain factors (e.g., p300) and 

histone marks (e.g., H3K4me1 or H3K27ac) are associated with active enhancer 

sites [97, 110-114]. 

Although enhancers exhibit activator binding along with chromatin modifiers, such as 

histone marks, there are subsets of enhancers which demonstrate a relatively 

stronger affinity for activator binding and also possess stronger chromatin 

modification signals. This subset of enhancers has been termed super-enhancers. 

These represent a small percentage of the entire enhancer population within a given 

cell type or tissue and have been implicated to be involved in cell type-specific gene 

expression patterns [98, 115-117].  Whyte et al. demonstrated that super-enhancers 

are found proximal to genes encoding proteins (e.g., Oct4, SOX2 and Nanog) to 

maintain pluripotency in murine embryonic stem cells (mESCs) [116]. Furthermore, it 

was also shown that super-enhancers may be defined in any cell type (e.g., T-helper 

cells, pro-B cells, and myotubes) and not just in stem cells [116]. Hnisz et al., using 

the signal intensity of the H3K27ac epigenetic mark, identified putative enhancers 

and super-enhancers in 86 different tissues. Most of the identified super-enhancers 

were cell type specific and were found to be enriched for sequence motifs 

corresponding to cell-type specific master transcription factors [96]. 

Compared to enhancers, super-enhancers 1.  display a significantly higher (by 

orders of magnitude) Med1 signal (Figure 1.9 a) 2. are fewer in number within a 

given cell type (Figure 1.9 b) 3. cover larger genomic regions (Figure 1.9 b) and 4. 

exhibit higher enrichment for other epigenetic marks such as Med1, H3K27ac, 
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H3K4me1 and DNaseI (Figure 1.9 b, bottom table; Total signal and density at 

constituents) [115-117]. 

 

Figure 1.9 Definition and general properties of super-enhancers. (a) Distribution of Mediator 1 (Med1) ChIP-

Seq signal across enhancer regions identified in embryonic stem cells. All enhancers (total 8,794) are ranked on 

the x axis based on the Med1 signal intensity plotted on the y axis. The grey area corresponds to the subset of 

enhancers displaying exceptionally high Med1 enrichment and defined as super-enhancers. (b) General 

attributes of super-enhancers in comparison with normal enhancers. The differences rely on (i) their number (231 

versus 8563), (ii) their length (8667 bp versus 703 bp), (iii) Med1 occupancy (28-times higher in super-

enhancers), (iv) enrichment for other epigenetic marks (e.g. H3K27ac) and (v) constituent densities (bottom 

table), [Modified from Whyte et al., 2013 and Pott and Lieb, 2015] [100, 116] 

 

In comparison to cell-type specific genes, housekeeping genes are regulated by 

simple promoters which either do not require enhancer activity or contain an 

integrated enhancer. Cell-type specific genes are controlled by complex regulatory 

mechanisms and their expression is regulated by a minimal active promoter in 

combination with multiple distal enhancer elements [118]. The activation of individual 

enhancers necessitates the binding of multiple transcription factors. In comparison, 

multiple enhancers tend to function independently of each other so that the activation 
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of any one enhancer element leads to the expression of the target gene. In the 

context of super-enhancers, whereby clusters of enhancers are working together, the 

latter are able to drive relatively higher levels of expression of their corresponding 

shared target gene or genes (Figure 1.10) compared to enhancers [118]. 

 

Figure 1.10 Comparison of gene expression coordinated by “common” enhancer gene and super-

enhancer gene interaction. Compared to enhancers super-enhancers are, 1. Bound by several transcription 

factors (TFs) owing to their relatively larger spanning genomic size, 2. Are enriched for the Mediator (Med) 

protein complex which mediates the interaction between TFs and RNA polymerase II (RNA pol II). Therefore, 

higher levels of gene expression occur at super-enhancer gene interactions to bring about cell-type specific 

phenotypes. [Modified from Taipale and Sur, 2016] [118] 

 

1.11 Super-enhancers in cancer 

Cancer cells differ from their non-neoplastic counterparts due to the fact that they are 

driven through a modified cell cycle pattern which renders them to proliferate 

uncontrollably and disseminate. This would imply that super-enhancers would be 

situated proximal to, and control the expression of, genes with oncogenic potential. 

To support this idea, studies have shown that, for example, super-enhancers have 
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been located near the genomic loci governed by MYC in a broad range of cancers 

(Figure 1.11) [116, 117, 119].  

 

Figure 1.11 Different types of malignancy can utilise different enhancers to target the same gene. Taking 

the MYC gene for example, the super-enhancer formed in pancreatic carcinoma is located near the transcription 

termination site of MYC. In comparison, the super-enhancer activating MYC in T cell acute lymphoblastic 

leukaemia (T-ALL) is situated more than 1 megabase downstream of MYC. In the colorectal cancer cell line 

HCT116, MYC makes use of a super-enhancer formed 500 kilobases (kb) upstream its transcription start site 

(TSS). In addition, the enhancer element MYC-335 which possesses the single nucleotide polymorphism 

rs6983267 is located 335 kb upstream of the MYC TSS. [Modified from Taipale and Sur, 2016] [118] 

Furthermore, in other cancers, such as multiple myeloma, super-enhancers have 

been shown to have high enrichment for the binding of the co-activator BRD4, a 

member of the bromodomain and extra terminal domain (BET) family [119-121]. 

BRD4 has been shown to bind acetylated histones and directly interact with the 

Mediator complex and elongation factors to promote transcription [121, 122]. 

Although BRD4 is found in many cell types, the above study provided the 

explanation as to why cancers cells are specifically sensitive to BRD4 inhibition 
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[117]. Hnisz et al., in their study of colorectal cancer, revealed that, compared to 

normal colon tissue, colorectal cancer cells (HCT-116) acquired a super-enhancer at 

the c-MYC locus using the H3K27ac signal [117]. In addition, using H3K27ac ChIP-

Seq, this also showed that compared to normal breast epithelium cells, ER-positive 

MCF7 breast cancer cell lines acquired a super-enhancer at the ESR1 locus [117]. 

Several studies have demonstrated that the progression of carcinogenesis involves 

re-programming of genomic regions with many cancer types developing super-

enhancers at oncogenes which warrant further scientific investigation in BC [116, 

119, 123-129].  

It has been shown that enhancers can be enriched for disease-associated variants 

which tend to be more prominent in the tissue involved in the pathogenesis of the 

disease in question. Subsequently, studies have shown that this enrichment for 

disease-associated variants and single nucleotide polymorphisms (SNPs) has been 

also identified in the defined super-enhancers in the tissue or cell type where the 

disease originates (e.g., 1. Alzheimer's disease; super-enhancers have been 

identified to possess disease associated SNPs within brain tissue 2. Rheumatoid 

arthritis; disease associated SNPs located within identified super-enhancers in B and 

T cells [116, 130-132]. Interestingly, a study conducted by Mansour et al. 

investigating the effects of TAL1 oncogene in T-cell acute lymphoblastic leukaemia 

(T-ALL) showed that in a subset of T-ALL heterozygous somatic mutations are 

acquired at non-coding sites. This resulted in the creation and introduction of binding 

motifs for the MYB transcription factor thus establishing a super-enhancer upstream 

of the TAL1 oncogene and driving disease progression. This study was essential in 

highlighting the fact that oncogenic super-enhancers can also be formed through 

non-coding somatic mutation using T-ALL as an example [133]. 
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1.12 Study Aims 

Non-coding regions of the human genome represent 96% of the total genetic code in 

each cell and cis-regulatory elements such as enhancers have shown to be 

controllers of differential gene expression leading to cell-type specificity. Several 

studies using the epigenetic histone mark H3K27ac for ChIP-Seq have 

demonstrated that regulatory regions including enhancers and promoters can be 

mapped using the H3K27ac signal [108, 134]. To further understand phenotypic 

heterogeneity that exists in BC, the H3K27ac ChIP-Seq data that I have generated, 

through processing of patient-derived samples, will undergo bioinformatic analysis 

to: 

1. Identify enhancers and promoters within my BC patient-derived sample-set and 

subsequently build a database representing the regulatory landscape of ERα-

positive BC. 

2. Identify key drivers within the regulatory landscape database built from the patient-

derived samples. 

3. Ascertain whether epigenetic annotations can be used to infer phenotypic 

heterogeneity in primary and metastatic BC. 

Collectively, these study objectives aim to firstly, further understand phenotypic 

heterogeneity and its implication in endocrine therapy resistance in BC and   

secondly, obtain a more comprehensive picture of dominant/non-dominant clones 

present within the tumour which can assist in tailoring more focally efficient treatment 

plans and improve prognosis. 
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Chapter 2 Materials and Methods 

2.1 Breast tumour selection criteria 

ER-positive primary BC samples and metastatic samples (were acquired from four 

sources (1) Imperial College Healthcare NHS Trust Tissue Bank (ICHTB), (2) ‘A 

Study to Measure In Vivo Changes in Oestrogen Receptor DNA Binding Events in 

Breast Cancer Treated with Endocrine Therapy for Primary or Recurrent Disease’ 

(VERB study) (REC reference: 11/LO/1966), (3) Breast Cancer Now Tissue Bank 

(Grant number: 2013MaySP013) and Institute of cancer research (ICR) tissue bank. 

The metastatic samples were selected irrespective of ER status provided that the 

primary disease was deemed ER-positive. Corresponding clinic-pathological and 

treatment information were collected. 

Imperial College statisticians were consulted to ascertain whether a power 

calculation could be performed (i.e. indicating how many BC samples would be 

required for this study). The power calculation could not be calculated in this type of 

study due to the lack of effect size.  Ross-Innes et al., in their study of differential 

oestrogen receptor binding and clinical outcome in breast cancer, used 18 (7 Good 

outcome, 8 Poor outcome and 3 Metastatic) breast tumour samples to conduct ER-α 

ChIP-Seq [85]. Therefore, the aim was to collect up to 60 patient BC samples for this 

study.  

A total of 55 breast (including metastatic) tumour samples were collected and for the 

purpose of the study, were divided into 2 main groups: 1. Primary breast cancer 

(N=39) (Inclusion criteria: 1. ERα-positive primary breast cancer) and 2. Metastatic 

breast cancer group (N=16) (Inclusion criteria: 1. Background of previous primary 

ERα-positive BC, 2. Adjuvant, with or without neo-adjuvant, therapy for primary 
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disease was received and 3. ERα-positive or ERα-negative metastatic samples may 

be selected providing the primary diagnosis was found to be ERα-positive).  

Within the first 18 months from the start of the project, 31 tumour samples (Primary 

breast cancer, N = 19 and Metastatic breast cancer, N = 12) were processed for 

H3K27ac ChIP-Seq and were categorized as the initial “training set”.  The remaining 

24 tumour samples, obtained from BCN and ICR 6 months later, underwent 

H3K27ac ChIP-Seq and the sequencing data combined according to the predefined 

“primary” and metastatic tissue groups with the 31 “training set” tumour samples with 

a new analysis strategy; described in section 2.8. 

 

2.2 Cell culture  

MCF7 [135] cells lines and variants were obtained from Shaw et al. [136] and T47D 

[137] and ZR75-1 [138] cell lines were obtained from the American Tissue Type 

Culture Collection (ATCC) and the European Collection of Cell Cultures (ECACC) 

(Table 2.1).  

Table 2.1 Breast cancer cell lines with corresponding hormone receptor status 

Cell Line Tissue Cell type ER status PR status HER2 status 

MCF7 
Mammary gland, breast; derived from 
metastatic pleural effusion Epithelial + + - 

ZR75-1 
Mammary gland, breast/duct; derived 
from metastatic fluid: ascites Epithelial + + - 

T47D 
Mammary gland, breast; derived from 
metastatic pleural effusion Epithelial + + - 

 

Cell lines were maintained in a Galaxy CO2 incubator (Eppendorf; #170R) at 37oC in 

humidified air with 5% supplemented CO2 and passaged when a 70-85% confluency 

was reached. Cell culture and related experiments were conducted in a NUAIRE 
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class II, ducted laminar flow safety cabinet (NUAIRE; #DH Autoflow). Cell lines were 

routinely maintained at a logarithmic phase of growth in T75 tissue culture flasks 

(Corning; #430725U) and were tested every 3 to 6 months to rule out mycoplasma 

infection. Furthermore, the cell lines were genotyped for authenticity on an annual 

basis by sending genomic DNA to LGC Standards (Cologne, Germany). 

Cell culture media was suctioned from the culture flask after which, cells were 

washed twice with pre-warmed (to 37oC) 0.02% of EDTA solution (Sigma; #E8008). 

Cells were then trypsinised by adding 3mL of 1X trypsin solution (Sigma), and 

incubated for 3 to 5 minutes at 37oC to allow the cells to detach. 3mL of culture 

media (at 37oC) was then added to the cells to quench the action of the trypsin. The 

cell suspension was collected and re-suspended in fresh medium and transferred to 

new flasks. Cells were serially passaged at a ratio ranging from 1:3 and 1:6.  

MCF7 cells were cultured using Dulbecco’s modified Eagle’s medium (DMEM) 

(Sigma) containing 10% fetal calf serum (FCS) (First Link Ltd, U.K.) and 100 U 

penicillin/0.1 mg mL-1 streptomycin, 2mM L-glutamine (PSG) (Sigma) plus 10-8 17-β-

oestradiol (Sigma; #E8875). MCF7 fulvestrant resistant (MCF7FulvR) cells were 

cultured using Dulbecco’s modified Eagle’s medium (DMEM) containing 10% fetal 

calf serum (FCS) and PSG plus 10-7 fulvestrant (Sigma; #I4409). MCF7 long term 

oestrogen deprived (LTED) cells were grown in phenol-free DMEM (Invitrogen) with 

10% charcoal-stripped FCS (DCFCS) (First Link Ltd, U.K.) and PSG. T47D and 

T47D-LTED cells were passaged using DMEM containing 10% FCS and PSG and 

phenol-free DMEM with 10% DCFCS and PSG, respectively. ZR75-1 cells were 

grown in DMEM containing 10% FCS and PSG. 
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In general, aqueous ligand stocks were added into the culture media at a dilution of 1 

in 1000. An equal volume of molecular grade ethanol or DMSO was added to the “no 

ligand” (vehicle) controls. 

 

2.3 Tumour processing 

Breast tumour samples were collected by the tissue bank technicians immediately 

following surgery. The excision specimens were taken immediately to the 

department of Histopathology where the tumours were identified and sections 

(approximately 1cm x 1cm; this would vary depending on the size of the tumour) 

would be cut and handed over to the tissue bank team who would snap freeze the 

tumour sample using dry ice (-78.5oC) and the latter finally stored in -80oC 

conditions. Tumour samples were then received in dry ice (-78.5oC) and transferred 

for storage in the laboratory -80oC freezer until required. Upon selection, the tumour 

sample was placed on a petri dish, over dry ice, and macroscopic adipose tissue 

was carefully dissected from the breast tumour tissue with a disposable scalpel 

(Swann-Morton; #0565). This process was performed under aseptic conditions and 

once complete, the tumour was then cut into small fragments (approximately 2mm x 

2mm) and fixed using 1% formaldehyde in “solution A” (Table 2.2) for 20 minutes. 

Cold glycine (1M) was added (1/10 volume) to the formaldehyde-fixed tissue and 

incubated at 4oC for 10 minutes. The samples were then centrifuged (Eppendorf; 

#5418R) at 4oC at a speed of 2000 relative centrifugal force (rcf) for 5 minutes and 

the supernatant discarded. Once fixed, the tumour fragments were placed into a 

ceramic mortar which was placed over dry ice. 30-50 mL of liquid nitrogen (-

195.79oC) is carefully poured over the tumour fragments and the tissue was 

homogenised using a pestle until a consistent fine powder was obtained. 
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Table 2.2 Reagents used for chromatin immunoprecipitation 

Reagents Composition/Concentrations Storage 

 
 
 
 

Solution A + Formaldehyde 

 
 

50 mM Hepes-KOH, 100mM NaCl, 

1mM EDTA, 0.5mM EGTA, 1% 

formaldehyde 

 
 
 
 

Room temperature 

 
 

Glycine 

 
 

1M 

 
 

4 oC 

 
 
 
 

Lysis Buffer 1 (LB1) 

50 mM Hepes-KOH, pH 7.5; 140 

mM NaCl; 1mM EDTA; 10% 

Glycerol; 0.5% NP-40 or Igepal 

CA-630; 0.25% Triton X-100 

 
 
 
 

4 oC 

 
 
 

Lysis Buffer 2 (LB2) 

 
 
 

10 mM Tris-HCL, pH8.0; 200 mM 

NaCl; 1 mM EDTA; 0.5 mM EGTA 

 
 
 

4 oC 

 
 
 
 

Lysis Buffer 3 (LB3) 

10 mM Tris-HCl, pH 8; 100 mM 

NaCl; 1 mM EDTA; 0.5 mM EGTA; 

0.1% Na-Deoxycholate; 0.5% N- 

lauroylsarcosine 

 
 
 
 

4 oC 

 
 
 
 
 
 
 

RIPA buffer 

 

50 mM Hepes-KOH, pH 7.5; 500 

mM LiCl; 1 mM EDTA; 1% NP-40 

or Igepal CA-630; 0.7% Na- 

Deoxycholate 

 
 
 
 
 
 
 

Room temperature 
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2.4 Preparation of cell lines for ChIP  

Cell lines were seeded at a density of 4 X 106 cells in a 15cm2 dish (Corning; 

#CLS430597). The cells were maintained for 48 hours to allow a 75-85% confluency 

to be reached. The cells were either treated or not depending on the experimental 

design prior to fixation. 

10mL of 1% formaldehyde in “Solution A” (Table 2.2) was added to each dish and 

incubated at 37oC for 10 minutes. Cold glycine (1M) was then added at a ratio of 

1/10 the volume of the media in the 15cm2 dish and incubated at 4oC for 8 minutes. 

The media was then removed and the cells were washed three times with cold 

autoclaved phosphate buffered saline (PBS). The cells were harvested using a cell 

scraper (Corning; #CLS3008) using 500µL of cold PBS supplemented with 1X 

EDTA-free protease inhibitor (PI) (Sigma; #S8830) to each dish. The cell suspension 

was collected in a 14mL and centrifuged at 3000rpm for 3 minutes (Eppendorf; 

#5810). The fixed cell pellets were either stored at -80oC, until required, or 

subsequently used for ChIP.  

 

2.5 Chromatin Immunoprecipitation and high throughput 

next generation sequencing 

Once the cells (originating from cell lines or tumour tissue) have been lysed, and the 

DNA extracted and sonicated (Diagenode; #B01060001), they undergo chromatin 

immunoprecipitation as per protocol, described by Schmidt et al. [139] 

Immunoprecipitation was carried out using 4ug of antibody per ChIP sample: 

H3K27ac (Abcam; #ab4729), ERα (Santa Cruz; #sc-543), YY1 (Santa Cruz; #sc-



56 
 

281). The DNA samples (‘input’ samples – no antibody treatment and in antibody 

treated (ChIP) samples) are then quantified using either Picogreen double stranded 

DNA quantification assay (ThermoFisher Scientific; #P7581) or the Qubit 

(ThermoFisher Scientific; Qubit 3.0 Fluorometer; #Q33216) high sensitivity assay 

(ThermoFisher Scientific; #33216). Quantitative polymerase chain reaction (qPCR) 

was then carried out (Applied Biosystems; #7900HT Real time PCR, #StePOnePlus) 

to ensure enrichment of ‘pulled-down’ DNA fragments from the ChIP experiment are 

present using amplicons which are known to be ERα DNA (Table 2.3) and YY1 

targets (Table 2.4). If sufficient enrichment is seen, (following normalisation to the 

quantified DNA concentrations), in the antibody treatment samples over the ‘input’ 

samples, and compared to internal negative controls, these undergo DNA library 

assembly and multiplexing (NEB; NEBNext Ultra DNA library prep kit for illumina, 

#E7370L, NEBNext Multiplex Oligos for Illumina, #E7335L) and size selection 

(SPRIselect magnetic beads, Beckman Coulter; B23318) which aims to retain DNA 

fragments between 200-300 base pairs (bp), recognisable for the Illumina sequencer 

(Illumina; #HiSeq2500, #NextSeq500) . qPCR and high sensitivity DNA quantification 

and size selection measurement (Agilent Bioanalyser 2100 system + High sensitivity 

DNA measurement assay; #5067-4626) are carried out to, firstly, ensure that the 

captured DNA selected fragments are between 200-300 bp and, secondly, exhibit 

enrichment at the same DNA targets which were used for the initial qPCR after the 

ChIP is performed, respectively.  

Briefly, reactions were carried out in 10µL volume containing 5µL of SYBR Green 

mix (ABI; 4472918), 0.5µL of primer (5µM final concentration), 2.5µL of genomic 

DNA and 2µL of DNASE/RNASE–free water. A three-step cycle programme and a 

melting analysis were applied. The cycling steps were as follows: 10s at 95oC, 30s at 
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60oC and 30s at 72oC, repeated 40 times. Following this, the samples are then sent 

for sequencing (Imperial College London -MRC Genomics Centre, NIHR Imperial 

BRC Genomics Facility). 
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Table 2.3 Primer sequences used for ER-α and H3K27ac ChIP qPCR and revalidation of library prepared 

samples 

Annotation Targeted region Forward Primer (5’->3’) Reverse Primer (5’->3’) 
 
 

Hetero-chromatinic region 

Rho: 

chr3:129532090 
- 129532110 

 
 

TGGGTGGTGTCATCTGGTAA 

 
 

GGATGGAATGGATCAGATGG 

Hetero-chromatinic region; 
non-functioning ERE 

chr10:102,411,493- 
102,414,495 

 
 

CTTCTTCCTTCCGGCTTTCT 

 
 

AGCTGGGAGAGGACACACAC 

 
 
 
 

Gene 

TFF1: 
 

chr21:42808765-42810311 

 
 

GAATCTGCCCCACTTATCCA 

 
 

AAGACCTCTGGAAGCACGAA 

 
 
 
 

Enhancer region 

EGR3(e): 
 

chr8:22648025-22648951 

 
 

ACCTCCAAGAGGGAGAGGAG 

 
 

CTGTCCAGCCGGAGTTAGAG 

 
Validation primer in 

previous H3K4me2 ChIP 

chr2:110829130-10829790 GGTCCAGGGTGAGAGAAACA CGCTGCTGTCTGGTGTGTAT 

 
Validation primer in 
previous H3K4me2 ChIP 

chr17:37606730-37607272 ATTCAGGCGTCTCTTCTGGA GCTCGACTAGGGCACTTTTG 

 
Validation primer in 

previous H3K4me2 ChIP 

chr18:55297615-55297883 GCTCCTCATAACAGGCTTCG GTACTGGGACAGGGAAACGA 

 

Table 2.4 Primer sequences used for YY1 ChIP QPCR and revalidation of library prepared samples 

Annotation Targeted region Forward Primer (5’->3’) Reverse Primer (5’->3’) 
 
 

Hetero-chromatinic region 

Rho: 

chr3:129532090 
- 129532110 

 
 

TGGGTGGTGTCATCTGGTAA 

 
 

GGATGGAATGGATCAGATGG 

Hetero-chromatinic region; 
non-functioning ERE 

chr10:102,411,493- 
102,414,495 

 
 

CTTCTTCCTTCCGGCTTTCT 

 
 

AGCTGGGAGAGGACACACAC 

 
 
 
 

Promoter 

TLE3: 
 

chr15:70094916-70103615 

 
 

GCGTCCCCGGATCTATATTT 

 
 

AAGATGCAAAAGCGAAC 

 
 
 
 

Promoter 

FOXA1: 
 

chr14:37593766-37597365 

 
 

AGGCTAGGGAAAGAGGGAAA 

 
 

GTTCCGATCCAGAGCCCTA 

 
Validation primer in 
previous H3K4me2 ChIP 

chr17:37606730-37607272 ATTCAGGCGTCTCTTCTGGA GCTCGACTAGGGCACTTTTG 

 
Validation primer in 

previous H3K4me2 ChIP 

chr18:55297615-55297883 GCTCCTCATAACAGGCTTCG GTACTGGGACAGGGAAACGA 
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2.6 Sequence alignment and peak calling 

Raw sequencing files processed by the Illumina HiSeq2500 sequencer were 

obtained in "FASTQ" format. The raw sequencing files were then aligned to the 

genome using Bowtie 1.11 short reads sequence aligner using the human reference 

genome 19 (Hg19) as the reference genome [140]. 

The output of Bowtie 1.1.1 [141] is the "SAM" file extension format, for both input 

(control) and ChIP samples, which were then used by Model-based analysis for 

ChIP-Seq (MACS) version 1.42 for peak calling; with all peaks called at a p-value 

cut-off of 10-5 and default settings applied [142]. MACS outputs results in "BED" file 

(showing sites of peaks with genomic location and intensity) format and "WIG" files 

(displays the peaks called, graphically). 

 

2.7 Bioinformatic analysis of “training set” of tumour 

samples 

The integrated genomics viewer (IGV) [143] was utilised to display the peak calling 

data (BED and WIG files) processed by MACS [142]. In addition, the online 

bioinformatics tool Galaxy/Cistrome Analysis Pipeline [144] was used to conduct 

further analysis of the "BED" peak calling files obtained from MACS [142]. 

Super-enhancer calling was performed using computational software called Ranked 

Ordering of Super-enhancers (ROSE) as described by Whyte et al. and Loven et al. 

[116, 119]. The purpose of this program is to create stitched enhancers and to 

separate super-enhancers from typical enhancers using sequencing data. The 

aligned "SAM" files obtained from Bowtie were then converted to "BAM" files (for 
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control and ChIP samples) which act as input data for ROSE along with a predefined 

file (".gff" format) of identified constituent enhancers. 

Differential analysis of H3K27ac enrichment amongst all the tumour samples was 

performed using the Bioconductor package “DiffBind” [85, 145]. Epigenomic profiles 

defined by “BED” files obtained by MACS [142] significance peak calling analysis 

were comparatively assessed and visualised via a correlation heat map plot and a 

principal component analysis (PCA) plot. 

Multidimensional scaling (MDS) plots were used to visualise the level of similarity 

between bivalent signatures of the processed tumours (N= 31). MDS plots were 

used to display the information contained in a distance matrix on a 2-dimensional 

scale, in this case the Jaccard distance. The distance matrix in this study matched 

each tumour sample against all other samples defining the Jaccard distance 

between them. The Jaccard distance was used to measure comparisons between 

genomic feature data sets. The Jaccard test measures overlaps between two interval 

sets by calculating the amount of intersection between two interval sets, divided by 

the length of their union, so two datasets that overlap entirely have a union that is 

equal to their intersection, hence the ratio is 1. In simpler terms, it is the proportion of 

ranges or intervals in either sets that overlap with at least one range or interval in the 

other set. The Jaccard distance is obtained by subtracting the Jaccard coefficient 

from 1. It then places each tumour in N-dimensional space so that the distance 

between tumours are preserved as well as possible. 
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2.8 Bioinformatic analysis of complete set of tumour 

samples; a novel approach 

Processing of raw sequencing data 

Raw sequencing reads were quality controlled with FastQC v0.11.5 [146] and 

aligned to the human hg38 reference genome using bowtie v1.1.2 [141] with the 

default parameters. The generated sequence alignments were converted into its 

binary format (BAM), then sorted and indexed using the SAMtools v1.3 utilities 

[147].  H3K27ac peaks were called with MACS2 v2.1.1 -callpeak with parameters --

format AUTO -B --SPMR --call-summits -q 0.01 using input DNA as a control [142]. 

H3K27ac positive peaks were quality controlled and samples with less than 2000 

peaks or more than 200, 000 peaks were removed. 

 

Functional characterisation of peaks 

The identification of promoter and enhancer peaks was performed using an in-house 

pipeline based on BEDTOOLS suite v2.25.0 and BASH scripting [148].  A promoter 

annotation which classifies the promoter as the region 1kb upstream proximal to the 

transcription-start site (TSS) was generated using UCSC table browser (assembly: 

hg38; groups: Genes and Gene predictions; track: GENCODE v24) [149]. 

Peaks were intersected using BEDTOOLS intersect (standard parameters) to identify 

the promoter specific peaks. Annotated promoters which were not overlapping with 

the patient signal were considered not-active promoters. A multiple intersection 

between the promoter peaks was performed using BEDTOOLS multiinter to identify 
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the core signal. The book-ended regions from the core signal file were merged using 

BEDTOOLS merge, then intersected against the original peak calls and sorted in 

order to produce an output which identify the active promoter set [148]. 

All the peaks which were not overlapping with the promoter annotation table were 

considered enhancers and the signal was processed as described above with a final 

identification of the active enhancer set. 

 

Assessment of the level of heterogeneity 

Active promoter and enhancer sets were processed in order to reveal the genomic 

coverage achieved with the available dataset. The saturation analysis was 

performed with ACT SaturationPlotCreator with the default parameters [150]. The 

frequency distribution and the average peak size distribution of each regulatory 

region was calculated intersecting all the patient peaks with the active promoter and 

enhancer set and then plotted using BASH and R in-house scripts. The size of each 

peak was obtained from the MACS2 output (_peaks.xls) and the peaks are binned 

by sharing index [142]. 
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The ranking approach applied in breast cancer tumour 

sample data 

Active enhancers and promoters were associated with the respective share index 

(SI) and rank index (RI) which typify the number of patients in the dataset sharing the 

regulatory region (SI) and the average level of enrichment of each regulatory region 

(RI). 

SI was calculated as the number of times a regulatory region overlaps the patient 

peak dataset with at least 40% of its size.  RIs were assigned to each peak call. 

Duplicate reads from the ChIP-Seq treatment files were filtered out using PICARD 

v2.1.1 MarkDuplicates REMOVE_DUPLICATES=true and only the uniquely mapped 

reads were retained and counted for the further analysis [151]. Peak read count was 

obtained using BedTools Multicov function [148] and this value was normalized with 

the following equation: 

Nscore= ((peak read count / peak size)⋅106))* 103/ Sample total mapped reads 

Peak calls in each sample were categorized as promoter or enhancer, then sorted by 

their Nscore and assigned to their respective intra-sample category percentile score 

where 1 is highest enrichment and 100 is the lowest. The peak calls were then 

intersected to the active promoter and enhancer set and the average RI for each 

promoter and enhancer was calculated. 
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Ranking approach in cancer cell lines and normal tissue 

epigenomes 

ChIP-Seq data of H3K27ac profiles across 33 different Encode cell lines and 37 

Epigenomic Roadmap tissues with a total of 337 epigenomes, were analysed [108, 

134]. Matching “.bam” and “.bed” profiles from Encode and matching raw reads of 

input and antibody from Epigenomic Roadmap were downloaded. The epigenomic 

profiles of Encode cell lines from the human hg19 reference genome were lifted to 

the human hg38 assembly using CrossMap v0.2.3 [152] and peaks from Epigenomic 

Roadmap were called following the procedure above in 6.2.1. The BC active 

promoter and enhancer set were intersected with all the epigenomic profiles and the 

RI calculation of each peak was repeated as described in 6.2.4. 

 

Transcription factor profiling 

The profile of the BC cistrome was imputed by taking all the potential accessible 

regions encoded in the active promoter and enhancer set. H3K27ac ChIP-Seq 

provides the location of the enriched histones while the transcription factors bind the 

accessible regions in the nucleosome-free region (NFR). NFRs were putatively 

characterized by the analysis of DNaseI-hypersensitivity site (DHS) from 220 

different Encode cell lines at [108]:  

http://hgdownload.cse.ucsc.edu/goldenpath/hg19/encodeDCC/wgEncodeUwDnase/ 

http://hgdownload.cse.ucsc.edu/goldenpath/hg19/encodeDCC/wgEncodeOpenChro

mDnase/  

http://hgdownload.cse.ucsc.edu/goldenpath/hg19/encodeDCC/wgEncodeOpenChromDnase/
http://hgdownload.cse.ucsc.edu/goldenpath/hg19/encodeDCC/wgEncodeOpenChromDnase/
http://hgdownload.cse.ucsc.edu/goldenpath/hg19/encodeDCC/wgEncodeOpenChromDnase/
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DHS profiles were generated using MACS2 with the following parameters: --format 

AUTO --nomodel --shift -100 --extsize 200 -B --SPMR --call-summits -q 0.01 and 

lifted to the human hg38 assembly [142, 153].  All the DHS peaks were then 

concatenated into one sorted bed file. NFRs were identified as the regions between 

2 sub-peaks at a distance of +/- 71bps from the subpeak summit and the region 

between 2 broad-peaks distant at the most 500bps. DHS signals overlapping the 

NFRs were retained for the analysis. The retained DHS sites were sorted and 

elongated using Bedtools merge to have a unique DHS signal for all the NFRs. 

Promoter and enhancer specific DHS signals in all BC dataset were used, 

separately, to carry out the motif enrichment analysis using HOMER [154] function 

findMotifsGenome.pl with parameters: -size given –preparse. And thus, the promoter 

and enhancer specific TFs were determined. Furthermore, the highest 50 ranked 

TFs in the 2 groups were selected and graphed in polar histograms with a custom R 

script. 

Promoters and enhancers were then binned according to SI after which, the NFRs 

identified above were overlapped and subsequent motif enrichment analysis was run 

(as described above) for each promoter and enhancer bin. The motif enrichment 

results were filtered for statistical significance (q-value <0.05) and integrated with the 

observed/expected ratio (OEr) of each putative TF. Thus, a matrix containing the 

OEr of each TF within each bin was built with a custom R script. Finally, 2 heatmaps 

(promoter and enhancer datasets) of TF OEr amongst the bins was obtained by 

using heatmap.2 from the gplot library [155]. 
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2.9 Small interference RNA (siRNA) transfections 

Small interfering RNA (siRNA) against SLC9A3R1 (Gene ID; 9368: Ambion; s17919, 

s17920), YY1 (Gene ID; 7528: Ambion; s14958, s14959, s14960) and Silencer 

negative control (Ambion; AM4611) were used for transfection experiments. The 

siRNAs were re-suspended in nuclease-free water at a concentration of 50µM, 

equivalent to 50pmol/µL. 1.5 x 105 cells were seeded, per well, using a 6-well plate 

(Costar; #3516).  

MCF7 cells were seeded in phenol-free DMEM with 10% DCFCS and PSG in a 6-

well plate; at a density of 3 x 103 cells. Following 24 hours, the cells were then 

transfected with siRNA using Lipofectamine 3000 (Invitrogen; L3000015).  Using the 

manufacturer protocol for a 6-well plate transfection, per well, 7.5µL of Lipofectamine 

3000 was added to 125uL of Opti-MEM in one eppendorf whilst the 50µM stock 

siRNA (5nM to 20nM final concentration per well) was added to 125uL of Opti-MEM. 

After five minutes, contents of both eppendorfs were mixed thoroughly and incubated 

for 15 minutes. The complex was then added to the wells containing phenol-free 

DMEM with 10% DCFCS and PSG. Compared to Lipofectamine 2000 (Invitrogen; 

#11668019) protocol the “siRNA-Lipofectamine 3000-Opti-MEM” can be added to 

culture media with PSG without a decrease in transfection efficiency. T47D and 

ZR75-1 cells were seeded in DMEM containing 10% FCS and PSG. Following 24 

hours, the cells were then transfected as previously described above. Cells were 

harvested for protein/survival/gene expression analysis following at least 48 hours of 

transfection. 
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2.10 Luciferase gene reporter assay 

MCF7 cells were seeded, using phenol-free DMEM with 10% DCFCS and PSG, in 

24-well plates at a density of 5 X 104 cells per well and incubated for 24 hours prior 

to transfection. Transfection of the plasmid DNA and siRNA were carried out using 

Lipofectamine 3000 (Invitrogen; #11668019). The amount of expression plasmid 

used was as follows: 100ng of the firefly luciferase oestrogen responsive element 

(ERE-Luc) reporter (obtained from Professor Simak Ali’s Group, Imperial College 

London, U.K.), 10ng of renilla luciferase control plasmid (pRL-CMV), 10ng of ERα 

(pSG5-ER) and 280ng of bluescribe DNA (BSM). BSM was added to adjust the total 

amount of DNA to 400ng per well. siRNA (on-target and off-target) was also added 

to the mix (unless otherwise stated in the figure legends) to reach a final 

concentration of 25nm per well. The DNA/siRNA mix was diluted with Opti-MEM to 

obtain a final concentration of 0.02µg/µL. Lipofectamine 3000 and P3000 reagent 

(Invitrogen; #11668019) were added in quantities of 1.5µL and 2µL per well, 

respectively. The Lipofectamine 3000 was allowed to complex with the DNA/siRNA 

for 15 minutes at room temperature. 45µL of the DNA/siRNA-Lipofectamine 3000 

mixture is then added to each well and incubated overnight. The following day, the 

medium was replaced. To determine the effect of the ligands, these were added in 

the fresh medium according to the study design. After 24 hours of incubation, the 

medium was aspirated fully after which, 50µL of passive lysis buffer (Promega; 

#E1941), added per well and left on a shaking-device, at room temperature, for 30 

minutes. The firefly and renilla luciferase activity was determined using the DualGlo 

luciferase assay kit (Promega; # E2920) according to the manufacturer’s protocol. In 

brief, the cell lysates were transferred into 96-well opti-plate (PerkinElmer; 

#6005290). 50µL of luciferase reagent was added to each well. Following incubation 
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for 10 minutes, firefly luciferase activity was determined by the TopCount NXT 

microplate scintillation and luminescence counter (PerkinElmer). This was followed 

by the addition of 50µl of Stop and Glo reagent and incubation for 10 minutes before 

measurement of renilla luciferase activity. The renilla luciferase activity served as 

control for transfection efficiency, so the firefly luciferase reading was normalized to 

the reading for renilla luciferase. 

 

2.11 Cell growth assay 

The Sulphorhodamine B (SRB) growth assay was utilised to assay cell growth based 

on the measurement of cellular protein composition. Cells were seeded, in 96-well 

plates, at a density of 3 X 103 cells per well. Cells were allowed to attach overnight 

after which, the first plate (Day 0) was assayed after the cells have become 

adherent. Prospective plates were assayed sequentially after 3 days, 5 days and 7 

days. The cells were fixed by adding 100uL of cold 40% (weight/volume) of 

trichloroacetic acid (TCA) to each well and incubated at 4oC for at least 60 minutes. 

On the day of measurement, the plates were washed 5 times in double-distilled 

water (ddH2O) after fixation, and 100µL of 0.4% SRB (Sigma) in 1% acetic acid was 

added to each well and incubated for 30 minutes, and left on a shaking-device, at 

room temperature. Following SRB staining, the plates were washed 5 times with 1% 

acetic acid to remove unbound dye and allowed to air-dry overnight. The bound dye 

was then solubilised by adding 100µL of 10mM Tris (HCl pH 8.0) and placed on a 

shaker for 30 minutes at room temperature. The absorbance was read at 492nm 

using a Tecan Infinite M200 plate reader. 
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2.12 Total RNA extraction 

In preparation for RNA extraction, cells were washed twice with PBS and harvested 

by scraping with 350µL of RLT buffer (QIAGEN), containing 1% (vol/vol) β-

Mercaptoethanol (Sigma). Cells were homogenised by centrifugation through a 

QIAShredder spin column (QIAGEN) at 13,000 rpm for 2 minutes. RNA extraction 

was carried out using the RNeasy Mini Kit (Qiagen; #74106), according to the 

manufacturer’s protocol. The RNA was then eluted in 30µL of RNase-free water. 

RNA concentration and purity were determined, using the Nanodrop device 

(Thermofisher; #ND-3300), by measuring absorbance at 260 and 280 nm. 
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2.13 Complementary DNA (cDNA) synthesis  

cDNA was prepared from total RNA using (thin-walled) PCR tubes and reagents 

from reverse transcriptase (RT) iScript cDNA synthesis kit (Bio-Rad; #1708891). 

Reactions were prepared from 1µg of RNA, as shown in Table 2.5.  The reaction mix 

was then incubated in a thermal cycler (Applied Biosystems; Veriti; # 4375786) using 

the following thermal profile settings: 1. Priming; 5 minutes at 25oC, 2. Reverse 

transcription; 20 minutes at 46oC, RT inactivation; 1 minute at 95oC and Optional 

step; 4oC holding temperature. cDNA samples are diluted 1 in 10 with nuclease-free 

water and subsequently, 2.5µL of diluted cDNA was used for each qPCR reaction. 

 

Table 2.5 Reagents required per reaction to reverse transcribe 1µg of total RNA to cDNA using the 

iScript kit. 

 

Component Volume per reaction (µL) 

5X iScript Reaction Mix 4 

IScript Reverse Transcriptase 1 

Nuclease-free water Variable 

RNA template (100fg-1µg) Variable 

Total volume 20 
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2.14 Protein lysate preparation; Radioimmune 

Precipitation Buffer (RIPA) buffer extraction 

Cells were washed twice with ice-cold PBS, trypsinised and cell pellet collected and 

stored in a 1.5mL eppendorf in dry ice. Ice-cold RIPA buffer (50mM Tris- HCl at pH 

8.0, with 150mM sodium chloride, 1.0% Igepal CA-630 (NP-40), 0.5% sodium 

deoxycholate, and 0.1% sodium dodecyl sulfate) (Sigma; #R02780), supplemented 

with 1X protease (Roche; #11697498001) and 1X phosphatase (Sigma; #93482) 

inhibitor cocktail was added to the cell pellet (50µL per 1.5mL eppendorf). The cell 

pellet and RIPA were mixed by pipetting up and down, incubated at 4oC for 30 

minutes and vortexed every 5 minutes. Cell lysates were then centrifuged at 13,000 

rpm for 30 minutes at 4oC. The supernatants were transferred to a new 1.5mL 

eppendorf tube and the pellets were discarded.  

 

2.15 Protein quantification 

Protein concentrations were ascertained using the Pierce BCA Protein Assay Kit 

(ThermoFisher Scientific; #23227), according to the manufacturer’s product 

instructions. In brief, bovine serum albumin (BSA) standards were generated (1 to 

30µg) in a 50µL volume. 5µl protein lysates were diluted 10x in ddH2O to obtain a 

50µL volume. BCA reagents A and B were mixed with a ratio of 50 to 1, and 1mL of 

mixed BCA reagent were added to each sample and standard. The samples were 

mixed and incubated at 37oC for 30 minutes. The samples were then transferred into 

a micro-cuvette and the optical density was recorded at absorbance reading of 562 

nm. The protein concentration of the samples was determined by comparing the 

measured protein values to the BSA standard curve.  
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With regard to western blotting, 20µg of protein, per sample, were mixed with 4X Bolt 

sample buffer (Life Technologies; #B0007), 10X Bolt sample reducing agent (Life 

Technologies; #B0009), ddH2O and heated at 95oC prior to loading. 

                                             

2.16 Western blotting 

Cell lysates were heated to 95oC for 5 minutes and ice-cooled prior to loading. 20µg 

of RIPA protein lysate were loaded onto BOLT 4-12% Bis-Tris Plus Gel (Life 

Technologies; NW04120BOX). The pre-made gel was placed into a mini gel tank 

(Life Technologies; #A25977) containing 1X Bolt running buffer (Life Technologies). 

Electrophoresis was carried out at 90V for 35 minutes to allow proteins to adequately 

run through and also until the bromophenol blue dye reached the bottom of the gels. 

The gels were transferred onto a Biotrace nitrocellulose membrane (VWR; 

#PN66485) using a TE-22 transfer unit (Hoefer GE Healthcare) at 100V for 90 

minutes. The membrane was incubated in blocking buffer for 45 minutes at room 

temperature to reduce non-specific binding of primary antibody. The membrane was 

then incubated with the diluted primary antibody (YY1 antibody: Santa Cruz; #sc-281 

(1:500 dilution), SLC9A3R1 antibody: Atlas antibodies; #HPA027247 (1:1000 

dilution)) in blocking buffer at 4oC and allowed to shake overnight. After primary 

antibody incubation, the membrane was washed four times in PBST (5 minutes per 

wash on a rocking platform) and then incubated for 1 hour with the HRP-GAPDH 

(Abcam; #ab9385 (1:5000 dilution)) conjugated antibody (for the loading control 

membrane) which was diluted in blocking buffer. The membranes (including the 

loading control membrane) were washed three times in PBST. Proteins were then 

visualised using goat anti-mouse (ThermoFisher Scientific; #31446) or anti-rabbit 
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(ThermoFisher Scientific; #31462) HRP conjugated secondary antibodies. 

Amersham ECL start Western Blotting Detection reagent (GE Healthcare Life 

Sciences; #RPN3243) was used for chemiluminescent imaging using the Fusion solo 

(Vilber; Germany) imager. 
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2.17 Quantitative real-time PCR 

Real time-qPCR (RT-qPCR) reactions were carried out in 10uL volume containing 

5µL of SYBR Green mix (ABI; 4472918), 0.5µL of primer (2.5uM final concentration), 

2.5µL of genomic DNA and 2µl of DNASE/RNASE–free water. A three-step cycle 

programme and a melting analysis were applied. The cycling steps were as follows: 

10s at 95oC, 30s at 60oC and 30s at 72oC, repeated 40 times. For the case of 

assessing gene expression, the expression of the test gene was normalised to the 

28S housekeeping gene and relative to the appropriate control using the 2-ΔΔCT 

method. Primer sequences used for gene expression profiling can be viewed in 

Table 2.6) 

 

Table 2.6 Primer sequences of targets used for RT-qPCR experiments 

Targeted region Forward Primer (5’->3’) Reverse Primer (5’->3’) 

28s CGATCCATCATCCGCAATG AGCCAAGCTCAGCGCAAC 

TFF1 CACCATGGAGAACAAGGTGA TGACACCAGGAAAACCACAA 

GREB1 ATCAGCTGCTCGGACTTGCTG TGAGCTCCGGTCCTGACAGATG 

EGR3 CAATCTGTACCCCGAGGAGA GGAAGGAGCCGGAGTAAGAG 

CA12 GTGGTGTCCATTTGGCTTTT CAAGGTCCTTCCTGGATGTG 

XBP1 CTGAGCCCCGAGGAGAAG TGTTCCAGCTCACTCATTCG 

EGR1 GCCATAGGAGAGGAGGGTTC GTTGGCCAATAGACCTTCCA 

YY1 ATAAAGGCTGCACAAAGATG TTCTCTCCAGTATGAACCAG 

SLC9A3R1 CAGGAGCACCTGAATGGTCC CAGGGCTTCACGACTGTTCT 
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Chapter 3 Collaborative work and acquired lab skills 

3.1 “DMXL2 drives epithelial to mesenchymal transition in 

hormonal therapy resistant breast cancer through Notch 

hyper-activation”  

Article citation: DMXL2 drives epithelial to mesenchymal transition in hormonal 

therapy resistant breast cancer through Notch hyper-activation. Faronato M, Nguyen 

VT, Patten DK, Lombardo Y, Steel JH, Patel N, Woodley L, Shousah S, Pruneri G, 

Coombes RC, Magnani L. Oncotarget. 2015 Sep; 6(26):22467-79 [156]. 

The Notch signalling pathway has been shown to be dysregulated in the context of 

ERα-positive BC which poses as a great challenge. The latter’s dysregulation allows 

for further study with regard to therapeutics [157]. The four Notch receptors that have 

been identified have five corresponding Notch ligands [158]. Although the exact 

mechanisms remain to be defined, the activity of the Notch receptor and its ligands 

are thought to be regulated by endocytic trafficking [158]. Literature suggests that 

dysfunctional endosome maturation could subsequently lead to abnormal Notch 

signalling through interference with γ-secretase mediated Notch cleavage [159]. 

Although Notch can be targeted therapeutically with γ-secretase inhibitors and 

immunotherapy, the side effect profile of these developed drugs remains high [160, 

161]. As well as Notch being involved in pathological process such as 

carcinogenesis, cancer stem cell maintenance, angiogenesis and epithelial to 

mesenchymal transition, it also plays an imperative physiological role during 

embryonic development [162-168]. Abnormal Notch signalling has been associated 

with BC initiation and progression [169]. Although an exact mechanism of endocrine 

therapy resistance in BC has not been ascertained, it is postulated that the increased 



76 
 

Notch signalling, arising from epigenetic programming, may serve as contributor 

[170, 171].  

DMXL2 has been proposed to modulate the Notch signalling pathway, through 

regulation of acidification of intracellular compartments through the vacuolar proton 

pump (V-ATPase) in Drosophila and mammals [172, 173]. The V-ATPase pump is 

involved in vesicular trafficking including endocytic and exocytic traffic [174]. The 

purpose of this study was to investigate the role of DMXL2 in the context of 

endocrine therapy resistance in BC using long-term oestrogen deprived (LTED) and 

native MCF7 breast cancer cell lines and patient derived clinical samples [135, 136, 

175-177]. DMXL2 is a novel driver of the Notch pathway which is implicated in 

endocrine resistant patients with ERα-positive BC. The results of the project 

demonstrate that DMXL2 is overexpressed in a subset of endocrine resistant BC 

cell lines where it promotes epithelial to mesenchymal transition through hyper-

activation of Notch signalling via V-ATPase dependent acidification. It has also been 

demonstrated that DMXL2 protein levels are significantly increased in ERα-positive 

BC patients that progress after endocrine therapy. Furthermore, DMXL2 has been 

shown to be a transmembrane protein with a potential extra-cellular domain. This 

study identifies DMXL2 as a novel, functional biomarker for ERα-positive BC [156]. 

My contribution to this project entailed performing sulforhodamine B (SRB) assays; 

culturing MCF7, MCF7-Tamoxifen resistant, MCF7-Fulvestrant resistant, LTED, 

LTED-Tamoxifen resistant and LTED-Fulvestrant resistant cell lines in differing 

concentrations of the antibiotic Bafilomycin A1 which, inhibits the V-ATPase pump 

driven by DMXL2. The experiments were performed at least three times and 

results revealed that a concentration of 125pM of Bafilomycin was required to inhibit 

the function of the V-ATPase pump but not cell proliferation. 
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3.2 “The pioneer factor PBX1 is a novel driver of 

metastatic progression in ERα-positive breast cancer” 

Article citation: The pioneer factor PBX1 is a novel driver of metastatic 

progression in ERα-positive breast cancer. Magnani L, Patten DK, Nguyen VT, 

Hong SP, Steel JH, Patel N, Lombardo Y, Faronato M, Gomes AR, Woodley L, 

Page K, Guttery D, Primrose L, Fernandez Garcia D, Shaw J, Viola P, Green A, 

Nolan C, Ellis IO, Rakha EA, Shousha S, Lam EW, Győrffy B, Lupien M, Coombes 

RC. The pioneer factor PBX1 is a novel driver of metastatic progression in ERα-

positive breast cancer. Oncotarget. 2015 Sep 8; 6(26):21878-91 [178]. 

PBX1 has been described as novel pioneer factor in ERα-positive BC. PBX1 has 

been shown to be fundamental in maintaining chromatin accessibility, allowing 

ligand-activated ERα recruitment to many regulatory elements [178]. In addition, 

PBX1 has been shown to be required for transcriptional regulation of a subset of 

oestrogen target genes associated with poor prognosis. The upregulation of PBX1, 

in vitro, has been associated with the development of endocrine resistance. 

Furthermore, mRNA levels of genes controlled via Notch-PBX1 crosstalk are 

associated with poor clinical outcome in patients with ERα-positive BC [170]. 

With regard to oestradiol independent activation and recruitment of ERα, epidermal 

growth factor (EGF) driven activation of ERα was not yet known [179]. The aims of 

this study were to investigate the role of PBX1 in mediating EGF signaling in ERα-

positive BC.  Results revealed that PBX1 regulates a subset of EGF-ERα genes 

highly expressed in aggressive tumours. Retrospective stratification of luminal 

patients using PBX1 protein levels in primary cancer further demonstrates that 

elevated PBX1 protein levels correlate with earlier metastatic progression. PBX1 
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protein levels are significantly upregulated during metastatic progression in ERα-

positive breast cancer patients. It has also been revealed that PBX1 

upregulation in aggressive tumours is partly mediated by genomic amplification 

of the PBX1 locus which clinically corresponds to poor survival. PBX1 amplification 

can also be identified in tumour-derived circulating free DNA of ERα metastatic 

patients who also have a shorter relapse-free survival. Finally, the data suggests 

PBX1 amplification as a functional hallmark of aggressive ERα-positive BCs [179]. 

My contribution to this project entailed, 1. Culturing MCF7 and T47D breast cancer 

cell lines and transfecting them with siRNA for PBX1 along with off-target siRNA 

(control). Proliferation assays were performed using the aforementioned 

transfected cells, in various conditions (E.g., In the presence of 1. Vehicle, 2. 

Epidermal growth factor, Oestradiol) to ascertain the effects of silencing PBX1 vs 

control in the two cell lines and 2. 2000 human tissue micro arrays (TMAs) of 

normal and primary BC cases underwent immunohistochemistry (IHC) staining 

for PBX1 protein. I along with a histopathologist undertook the scoring of these 

TMAs; >90% inter-rater concordance was achieved and 3. I produced a database 

of clinical corroboration of the cases along with survival data for the patients with 

BC where PBX1 amplification was assessed. 
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3.3 Differential epigenetic reprogramming in response to 

specific endocrine therapies promotes cholesterol 

biosynthesis and cellular invasion 

Article citation: Nguyen VT, Barozzi I, Faronato M, Lombardo Y, Steel JH, Patel N, 

Darbre P, Castellano L, Győrffy B, Woodley L, Meira A, Patten DK, Vircillo V, 

Periyasamy M, Ali S, Frige G, Minucci S, Coombes RC, Magnani L. Differential 

epigenetic reprogramming in response to specific endocrine therapies promotes 

cholesterol biosynthesis and cellular invasion. Nat Commun. 2015 Nov 27; 6: 10044 

[180].  

 

Cell identity is established during development through epigenetic activation of cell-

type specific distal regulatory elements which are regions found at chromatin 

accessible sites containing motifs for cell-type-specific transcription factors 

(TFs)[108, 181]. The degree of plasticity which exists in the epigenome allows for 

cell identity to be epigenetically reprogrammed subsequent to exposure from 

external stimuli such as aberrant expression of TFs [182]. In the same way, cancer 

cells can undergo epigenetic reprogramming in response to chronic exposure to 

therapeutics agents [87, 183, 184]. This is exemplified when ERα-positive cell lines 

undergo oestrogen deprivation. During this they have been shown to undergo 

epigenetic reprogramming at distal regulatory elements such as enhancers [87]. 

Regulatory elements associated with sites of active transcription, and more complex 

regulatory regions, like super-enhancers (SEs) can be located measuring the signal 

for histone modification H3- acetylated lysine 27 (H3K27ac) [97, 99, 116, 185, 186]. 

The purpose of this study was to investigate the nature of drug adaptation to a 
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diverse range of endocrine therapies in isogenic ERα-positive BC cells (MCF7, 

MCF7-Tamoxifen resistant, MCF7-Fulvestrant resistant, Long-term oestrogen-

deprived MCF7-LTED, MCF7-LTED-Tamoxifen resistant and MCF7-LTED-

Fulvestrant resistant, T47D and T47D-LTED) using integrative and orthogonal 

epigenomic approaches [180]. 

Results identify individual drug-induced epigenetic states involving large topologically 

associating domains (TADS) and the activation of super-enhancers. Aromatase 

inhibitor (AI) resistant BC cells were found to activate endogenous cholesterol 

biosynthesis (CB) through stable epigenetic activation seen in vitro and in vivo. CB 

enables the activation of ERα in AI-resistant cells through the biosynthesis of 27-

hydroxycholesterol. Using HMG-CoA reductase inhibitors (“statins”), ERα binding is 

decreased and cell invasion is prevented. This study also showed that epigenomic-

driven stratification can predict resistance to AIs in a subset of ERα-positive patients 

[180]. 

My contribution to this project entailed performing ChIP for H3K27ac in primary and 

metastatic clinical BC samples. I subsequently performed ChIP-qPCR to investigate 

the level of H3K27ac at distal regulatory elements associated with CB genes 

between primary and metastatic clinical BC samples. In vitro data from H3K27ac 

ChIP-qPCR demonstrated that a strong increase in H3K27ac, at enhancers 

associated with CB genes, were seen in the endocrine therapy resistant MCF7 and 

the T47D-LTED cells. This pattern was reflected in the clinical cohort whereby a 

significant increase in H3K27ac signal was observed from a metastatic AI-resistant 

clinical sample compared to a primary, endocrine therapy sensitive primary sample. 
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3.4 Acquired laboratory techniques  

Over the course of the PhD project from October 2013 to March 2017 I have learnt 

various laboratory techniques to a satisfactory proficiency. These include: 

1. “Wet” laboratory techniques 

a. Tissue culture 

b. Cell line transfection 

c. Cell proliferation assay (SRB) 

d. Luciferase reporter assay 

e. Total RNA extraction  

f. cDNA preparation 

g. DNA extraction from cell lines/primary tumour samples/metastatic 

tumour core biopsy samples. 

h. Gel electrophoresis 

i. Western blotting 

j. RT-qPCR 

k. ChIP and library preparation of ChIP DNA samples for sequencing 

2. “Dry” laboratory techniques  

a. Basic/Intermediate Linux/Unix 

b. FastQ file alignment (Bowtie 1.11/2.0) [141, 187] 

c. Peak calling (MACS 1.42/2.0) [142] 

d. Peak file analysis (Peakanalyser) [188] 

e. Cistrome advanced pipeline [144] 

f. Use of integrative genomics viewers (IGV/UCSC/ENSEMBLE)[143, 

149, 189] 

g. qPCR primer design (Primer 3 plus) [190] 
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Chapter 4 Results: Optimisation of chromatin 

immunoprecipitation and high-throughput sequencing 

4.1 Overview of ChIP 

In order to understand transcriptional regulation, genome-wide mapping of protein-

DNA interactions is essential. Mapping of binding sites for TFs and core 

transcriptional machinery and other DNA-binding proteins is vital for deciphering the 

gene regulatory networks that underpin and control several biological processes 

[191]. 

The combination of nucleosome positioning and dynamic modification of DNA and 

histones plays a fundamental role in development and differentiation [110, 192-194]. 

Chromatin states can influence transcription by either changing the packaging of 

DNA to permit or prevent access to DNA-binding proteins, or modify the nucleosome 

surface to facilitate or impinge on the recruitment of effector protein complexes. 

Published literature suggests that the crosstalk between chromatin and transcription 

is a dynamic one, and more complex than once postulated [195]. Hence profiling the 

epigenomes in multiple cell types, at different stages, may be required for further 

comprehending and distinguishing between developmental processes and 

pathological states [196].  

ChIP has become a very important tool in the artillery for understanding the dynamic 

mechanisms that are involved in transcriptional regulation and involves assaying 

protein-DNA binding in vitro and in vivo [197]. 

Laboratory techniques mapping TF occupancy genome-wide by using ChIP were 

developed over ten years ago [197-201]. ChIP assays involved taking a TF, cofactor, 
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or other chromatin protein of interest and enriched by immunoprecipitation from 

cross-linked cells, along with its corresponding DNA [202]. The genomic DNA sites 

which were enriched were then identified by DNA hybridisation to microarray (ChIP-

chip) [197-201] which then progressed to ChIP coupled with next generation 

sequencing (NGS), commonly known as ChIP-Seq [109, 110, 203]. ChIP-Seq 

enables the biologist to sequence millions of small DNA fragments in a single 

sequencing run, which allows for large-scale experiments to be carried out [191]. 

NGS has its applications in sequencing whole genomes (whole genome sequencing 

(WGS)), sequencing of mRNA to ascertain gene expression profiles (RNA-seq) [204-

206], characterising structural variation [207], profiling DNase I hypersensitivity sites 

[142], detecting fusion genes from mRNA transcripts [203], and in the discovery of 

new classes of small RNAs [208]. The goal of ChIP is to completely map the binding 

site of the target protein with maximal signal-to noise ratio across the genome [202].  

 

4.2 The ChIP protocol revised 

The protocol for ChIP-Seq has been detailed by Schmidt et al. [139] and can also be 

found in Chapter 2 (Sections 2.3 to 2.5). To obtain ChIP and genome-wide (“Input”) 

DNA, including ChIP RT-qPCR validation and library preparation, the process takes 

6 days as shown in Figure 4.1. which details the fundamental steps required for 

processing 6 samples, each containing 1,000,000 cells or more, for ChIP-Seq.  
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Although this protocol is established and proven to work efficiently using cell lines or 

tumour tissue [139], my objective was to ascertain whether the procedure could be 

shortened without a substantial decrease in quality of the sequencing data.  

I began with optimisation of steps from Day 2 of the protocol. I performed DNA 

extraction of the gel samples followed by gel electrophoreisis to assess for 

sonication efficiency. In addition, de-crosslinking of the samples was initiated at the 

beginning of the day and left on a thermomixer (Eppendorf; #5384000020) for 6 

hours at 65oC (between 800 to 1000 rpm).  

After 6 hours, the Input samples were left on ice, whilst the ChIP samples were 

placed on a magnetic rack (Invitrogen; #CS15000) and the supernatant collected. 

Input samples usually have an approximate volume of 120uL and the ChIP samples 

vary between 105 to 110uL/sample. During this process of volume measurement, I 

ensured that the pipettes used were fully calibrated. Equal volumes of T.E buffer 

were then added and the samples vortexed for at least 30 seconds followed by 

microcentrifugation.  

Furthermore, I ensured that the samples did not contain bubbles prior to the addition 

of the SPRI beads (Beckman Coulter; #B23318). This can alter the required volume 

of SPRI magnetic beads (added in the ratio 1:1) resulting in a decreased efficiency of 

DNA capture. The SPRI beads were, 1. Vortexed thoroughly to ensure bead 

homogenisation within solution and 2. Allowed to equilibrate to room temperature.  

Equal volumes of SPRI beads were then added to each sample and mixed by 

pipetting up and down at least 20 times to allow the beads to mix with the DNA 

samples. I observed that, by applying this technique, the Input samples required 

more mixing with the beads compared to the ChIP samples owing to their higher 
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DNA concentration. After 10 minutes, the samples were microcentrifuged and placed 

on a magnetic rack for 10 minutes to allow the SPRI beads to collect. I noticed that 

the Input samples, when incubated with SPRI beads, tend to stick to the 

microcentrifuge tubes even when placed on a magnetic rack. This issue is usually 

solved by gently pipetting up and down whilst the tubes are on the magnetic rack. 

This will slowly free the stuck beads and allow them to congregate more efficiently. 

The supernatants were discarded and the beads washed with freshly prepared 80% 

ethanol by adding 200uL for 30 seconds. This step was repeated once and the 

beads were allowed to air dry for 10 minutes and then eluted with 45uL of 10mM Tris 

(HCl pH 8.0). The beads and Tris mixture were pipetted up and down to ensure 

efficient mixing. The samples were left to incubate at room temperature for 5 to 10 

minutes after which, they were placed onto the magnetic rack for 5 minutes; this 

provides enough time for the beads to separate and stick to the magnetic rack. 42uL 

of supernatant for each sample was carefully collected and put into new 

microcentrifuge tubes.  

The DNA samples (Input and ChIP) can then be quantified using either Picogreen 

(Invitrogen; #P7589) or Qubit high sensitivity (quantitation range: 0.2 – 100 ng) DNA 

assays (Invitrogen; #Q32853). If using the Qubit DNA assay, the Input sample will 

require the broad range Qubit assay (quantitation range: 2 – 1, 000 ng) due to the 

high DNA concentration. Furthermore, in the case of performing a ChIP for TFs, 

where the ChIP sample DNA concentration may be less than 0.2 ng, using the 

Picogreen (quantitation range: 0.05 –  2, 000 ng) assay is advised. Once DNA 

quantifications were performed, the samples underwent ChIP qPCR on Day 2 of the 

protocol and library preparation was then commenced on Day 3.  
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4.3 Results of the standard compared to the optimised 

ChIP protocol 

In order to assess the quality of the results obtained from the optimised ChIP 

protocol, ChIP experiments were set up in one biological replicate for H3K27ac in 

murine cancer associated fibroblasts (cell pellets were obtained already fixed with 

1% formaldehyde and snap frozen from Fernando Calvo group; ICR, London, U.K.) 

using the standard and optimised protocols after which, the results were compared.  

Another ChIP experiment for TF YY1 was set up with the same parameters. MCF7 

seeded at a density of 5 x 106 cells in 15cm2 dishes in the presence of phenol-free 

DMEM with 10% DCFCS and PSG, for 48 hours. Two of the four 15cm2 dishes of 

MCF7 cells were treated with 1/1000 volume molecular grade ethanol and the 

remaining two 10-8 17-β-oestradiol (Sigma; #E8875) for 45 minutes. The aims and 

results of this experiment will be explained in more detail in Chapter 6 but in 

summary, this was to investigate the binding of TF YY1 in ERα-positive BC cell line 

under the effect of ligand stimulation versus vehicle.  

 

4.4 Sequencing results obtained for YY1 ChIP-Seq in 

MCF7 cells 

The MCF7 YY1 ChIP was performed in biological triplicates, of which only two 

replicates were processed for sequencing due to cost implications. The third 

replicate, having undergone the optimised protocol, also passed ChIP qPCR 

validation but was not taken to the library stage. With reference to Table 4.1, the first 

4 samples underwent ChIP for YY1 under the standard protocol. 8 x 106 cells were 
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used per ChIP. The yield denotes the sum of all bases, per sample, in reads that 

passed the filtering step, of which the output is given in million bases (Mbase) per 

lane. For the standard protocol in the YY1 ChIP experiment, this ranges between 

3415 – 5978 Mbases (mean = 4927 Mbases) compared to 3326 – 4305 Mbases 

(mean = 3436 Mbases).  

The number of reads generated (not shown in Table 4.1), per sample, in the 

standard protocol ranged from 29587896 – 68308594 (mean = 51649440) compared 

to 18817221 – 66527141 (mean = 45239778) in the optimised protocol. The 

percentage of raw reads per sample ranged from 7.3% – 27.2 % and 4.7% - 26.5%, 

comparing the standard to the optimised protocol, respectively.  

Base calling accuracy is measured by the Phred quality score (Q-score) and 

indicates the probability that a given base is called incorrectly by the sequence. The 

Phred quality score (Q-score), is defined as a property that is logarithmically related 

to the base calling error probabilities (P)2. A Q-score of 30 (Q30) is equivalent to the 

probability of an incorrect base call 1 in 1000 times. Hence, this implies that the 

probability of a correct base call is 99.9%. For example, a lower base call accuracy 

of   20 (i.e., Q20) will have an incorrect base call probability of 1 in 100 times which 

implies that for every 100 base pairs (bp) sequencing read, there will likely be an 

error. Although not shown in the Table 4.1, between 93.3% - 96.5% of reads per 

sample reached a Q-score of 30 or greater in the standard ChIP protocol compared 

to 94.4% – 96.7% in the samples used for the optimised protocol.  

Enrichment (in which a minimum of 1.5-fold enrichment of the ChIP sample 

compared to the Input sample was used as minimal cut off acceptance) was 
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observed for both standard and optimised protocols for ChIP and library sample 

qPCR.  

Alignment of the raw reads to the GRCh38 Human genome [153] using Bowtie [141], 

per sample, ranged from 96.25% – 98.65% (mean = 97.93%) and 96.71% - 98.65% 

(mean = 98.1%) comparing the standard versus the optimised ChIP protocols, 

respectively. 

Peak calling refers to a computational method whereby regions in the genome that 

have enriched aligned reads are identified. MACS2 is an established peak-calling 

software which identifies fold-enrichment of genomic loci by comparing Input sample 

aligned reads to the ChIP sample aligned reads [142]. The Q-value of a test 

measures the proportion of false positives incurred (also known as the false 

discovery rate; FDR) when that particular test is deemed significant. The Q-value are 

adjusted p-values found using an optimised FDR approach by utilising 

characteristics of the p-value distribution which then produces a list of q-values.  A 

Q-value of 0.01 indicates that 1% of all peaks called by MACS2 with a Q-value less 

than this are expected to be false positives. The results from the standard protocol 

show that (Table 4.1 and Figure 4.4) 2551 YY1 peaks were called in the MCF7 

ethanol stimulated group compared to 6745 YY1 peaks in the same group which 

underwent the optimised protocol. The MCF7 oestradiol stimulated group generated 

65032 compared to 59936 YY1 peaks. Both groups underwent MACS2 peak-calling 

at a conservative Q-value of 0.03.  
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4.5 Sequencing results obtained for H3K27ac ChIP-Seq in 

murine cancer associated fibroblast (CAF) cells 

Referring to Table 4.1 and Figure 4.3, 10 x 106 cells were used per ChIP experiment 

and the mean number Yield was 1501 Mbases compared to 4012 Mbases 

comparing standard and optimised protocols, respectively. The mean number of raw 

reads generated in the standard ChIP protocol was 30019025 compared to 

27105125 in the optimised protocol.  

The mean percentage of raw reads in the standard ChIP versus the optimised ChIP 

protocol groups was 21% and 7%, respectively while a Q-Score of greater than 30 

was and 91.7% and 95.4%, respectively. 

Mean percentage alignment rate to the Mm10 murine genome was 91.5% compared 

to 65.1% in the standard versus the optimised ChIP protocols. The Input sample of 

the CAF cells undergoing the optimised protocol produced a 33.61% alignment rate 

to the Mm10 genome. Further investigation for this revealed that 66.39% of the 

remaining reads were not able to be aligned using Bowtie. This resulted from a 

technical issue from the sequencing process. However, the number of significant 

peaks called by MACS2 were 26980 (q-value 0.01) in the standard ChIP group 

versus 47459 (q-value 0.02) in the optimised ChIP group.  

 

 

 

Table 4.1. Showing sequencing results obtained from the standard and optimised ChIP protocols. All 

samples were sequenced using Illumina technology and 5ng of each library sample was provided. For library 

preparation 20ng of Input and ChIP DNA was used and the samples all underwent 10 cycles of PCR 

amplification.  
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Sample 
name 

Standard/
Optimised 

ChIP 
protocol? 

Species 
Number of 
cells used 

Yield 
(Mbases) 

Number 
of Reads 

ChIP qPCR 
enrichment  

Library ChIp qPCR 
enrichment 

Genome 
version 

aligned to 

Alignment 
rate 

(Bowtie) 

Number of 
peaks obtained 

with MACS2 

MACS2
Q-Value 

MCF7-
Etoh-
Input-Rep1 

Standard 
Human 

8 million 

3415 68308594 

✓ ✓
GrCH38 98.65 

2551 0.03 
MCF7-
Etoh-YY1-
Rep1 Human 

4379 29587896 
GrCH38 

98.15 

MCF7-E2-
Input-Rep1 

Standard 
Human 

8 million 
3415 68308594 

✓ ✓
GrCH38 

98.65 

65032 0.03 
MCF7-E2-
YY1-Rep1 Human 

5978 
40392674 GrCH38 

96.25 

MCF7-
Etoh-
Input-Rep2 

Optimised 
Human 

8 million 

3326 
66527141 

✓ ✓
GrCH38 

98.56 

6745 0.03 

MCF7-
Etoh-YY1-
Rep2 Human 

4305 
29087610 GrCH38 

98.26 

MCF7-E2-
Input-Rep2 

Optimised 
Human 

8 million 
3326 

66527141 
✓ ✓

GrCH38 
98.65 

59936 0.03 
MCF7-E2-
YY1-Rep2 Human 2785 18817221 GrCH38 

96.71 

CAF-Input 
Rep1 

Standard 
Murine 

10 million 

747 14931973 

✓ ✓

Mm10 
87.27 

26980 0.01 

CAF-
H3K27ac-
Rep1 Murine 

2255 45106077 
Mm10 

95.72 

CAF-Input 
Rep2 

Optimised 

Murine 

10 million 

1702 11500862 

✓ ✓

Mm10 
96.62 

47459 0.02 

CAF-
H3K27ac-
Rep2 Murine 6321 42709388 Mm10 

33.61 



93 
 

 

Figure 4.3 H3K27ac peaks called by MACS 2.0 comparing standard (blue bar) protocol to the optimised 

(green bar) protocol. Peaks were called with a q-value of 0.01 in the standard protocol and 0.02 in the optimised 

protocol.  

 

 

Figure 4.4 YY1 peaks called by MACS 2.0 comparing standard (blue bar) protocol to the optimised (green 

bar) protocol. Peaks were called with a q-value of 0.03 in both standard protocol and optimised protocols.  
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Chapter 5 Results: Analysis of the training set 

5.1 Aims of the analysis of the initial training set of breast 

tumour samples 

Sourcing and collection of BC tumour samples began within three months of the 

project commencing and tumour samples were processed for H3K27ac ChIP-Seq 

without delay. 

The aims of the initial analysis were to gain further understanding of the cistromic 

regulatory network underlying ERα-positive BC. Firstly, epigenetic profiling was 

conducted on primary and metastatic breast tumours, using H3K27ac ChIP-Seq, and 

underwent bioinformatic analysis. Secondly, sequencing data from the epigenetic 

profiling was further analysed for the identification of super-enhancers in order to 

ascertain whether stratification of tumours could be carried out based on the called 

super-enhancers. 

 

5.2 Clinicopathological details of the tumour samples 

Table. 5.1 Showing the characteristics of the collected tumour samples which have been processed for 

ChIP-Seq. The tumours, are untreated postmenopausal, have been grouped according to "Good", "Poor" and 

"Metastatic" outcome arms. (IDC = invasive ductal carcinoma; ILC = invasive lobular carcinoma; IMC = invasive 

mucinous carcinoma; ER = oestrogen receptor; PR = progesterone receptor; HER2 = human epidermal growth 

factor receptor 2; "+” = positive;" - " = negative) 
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Tumour Sample Good 

Outcome 
Poor 

Outcome 

 
Metastatic 

 
Body site Histology 

details 
Hormonal 

Status 
 

Good-1 
 

✓

   
Breast 

 
IDC 

 
ER+, PR+, HER2- 

Good-2 ✓
  Breast IDC ER+, PR-, HER2+ 

Good-3 ✓
  Breast IDC ER+, PR+, HER2- 

Good-4 + (Good-9) ✓
  Breast IDC ER+, PR-, HER2+ 

Good-5 ✓
  Breast IDC ER+, PR+, HER2- 

Good-6 ✓
  Breast IDC ER+, PR+, HER2+ 

Good-7 ✓
  Breast IDC ER+, PR+, HER2- 

Good-8 ✓
  Breast IDC ER+, PR+, HER2- 

Good-10 
 

✓
  Breast ILC ER+, PR+, HER2- 

Good-11 
 

✓
  Breast IDC ER+, PR+, HER2- 

Good-12 
 

✓
  Breast ILC ER+, PR-, HER2- 

Poor-1   
✓

 Breast IDC ER+, PR+, HER+ 

Poor-2 + (Poor-6)   
✓

 Breast IDC ER+, PR+, HER2- 

Poor-3 + (Poor7)   
✓

 Breast IDC ER+, PR-, HER2- 

Poor-4   
✓

 Breast IDC ER+, PR+, HER2- 

Poor-5   
✓

 Breast IDC ER+, PR+, HER2- 

Met-1    
✓ Lymph node IDC ER+, PR-, HER2+ 

Met-2    
✓ Liver Biopsy IDC ER-, PR-, HER2- 

Met-3    
✓ Chest wall mass IMC ER+, PR-, HER2- 

Met-4    
✓ Breast recurrence IDC ER+, PR-, HER2+ 

Met-5    
✓ Breast recurrence IDC ER+, PR-, HER2+ 

Met-6    
✓ Internal thoracic mass IDC ER-, PR-, HER2+ 

Met-7    
✓ Groin lymph node IDC ER-, PR+, HER2- 

Met-8    
✓ Axillary Lymph Node IDC ER+, PR+, HER2- 

Met-9    
✓ Liver Biopsy IDC ER+,PR+, HER2- 

Met-10    
✓ Liver Biopsy IDC ER+, PR+, HER2- 

Met-11    
✓ Sternal Mass IDC ER-, PR-, HER2- 

Met-12   
✓ Liver Biopsy IDC ER+, PR-, HER2- 
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A total of 12, 7 and 12 tumour samples (N=31) were retrieved from the ICHTB and 

the VERB study, and categorised into "Good", "Poor" and "Metastatic” outcome 

groups, respectively. All the Good and Poor outcome tumours were deemed ER-

positive upon IHC staining prior to selection for ChIP-Seq. The metastatic samples 

(ER positive or negative) were only selected for if the patient had a previous 

background of ER positive breast cancer (Table 5.1). In addition, 3 tumour samples 

were processed as technical replicates. This includes Good-4 and Good-9, Poor-2 

and Poor-6, Poor-3 and Poor-7). 

 

5.3 Sequencing results 

Raw sequencing files were obtained with number of sequencing reads ranging 

between 11,600,000 – 34,000,000 amongst the 31 tumours processed for H3K27ac 

ChIP-Seq. Alignment of the raw sequencing files to the hg19 reference genome 

demonstrated percentage alignment ranging from 89.1% - 97.3% (Table 5.2) [140]. 

Peak calling was successfully performed for all the 31 aligned tumours using MACS 

(Range: 71- 49262) (Table 5.2) [142]. Tumours Good-2 and Good-4 show significant 

less peaks than the rest of the 29 sequenced tumours. 
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Table 5.2 Percentage (%) alignment of the raw (FASTQ) files to the hg19 reference genome and number 

of positive peaks called. 

 
 

Tumour Sample 

Percentage read alignment (%) 
to Reference Genome hg19 

called by Bowtie [141] 

Number of positive 
peaks called by MACS 

[142] 

Good-1 95.6 15423 

Good-2 89.1 71 

Good-3 93.7 58147 

Good-4 89.6 603 

Good-5 89.5 29896 

Good-6 89.1 7215 

Good-7 94.6 4684 

Good-8 88.2 30574 

Good-9 89.7 40874 

Good-10 92.7 25403 

Good-11 91.2 22642 

Good-12 91.7 28722 

Poor-1 94.8 49262 

Poor-2 90.6 28675 

Poor-3 89.1 39407 

Poor-4 91.7 14025 

Poor-5 89.4 10423 

Poor-6 90.3 28675 

Poor-7 89.2 37723 

Met-1 89.5 1937 

Met-2 91.3 27369 

Met-3 89.4 10847 

Met-4 97.3 36276 

Met-5 96.4 37132 

Met-6 92.1 32476 

Met-7 90.8 31511 

Met-8 94.8 37141 

Met-9 87.6 13562 

Met-10 92.5 17802 

Met-11 90.8 2940 

Met-12 90.1 13132 
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5.4 Epigenetic analysis of sequenced breast tumours 

 

Figure 5.1 Principal Component analysis on H3K27ac tumour profiles (N=31). PCA displays how the groups 

cluster based on differentially enriched sites. The closer the dots are, the greater the similarity in characteristics. 

[Analysis conducted by Nikolaos Trasanidis and Darren K. Patten] 

 

Principal component analysis (PCA) pictured in Figure 5.1 demonstrates the 

similarities observed in each (represented by the colour coded dot) of the 31 

sequenced tumours. The distance between each dot represents a measure of 

difference of each tumour sample from its counterpart(s). With reference to Figure 

5.1, no grouping of the tumours within the Good, Poor and Metastatic groups can be 

observed. However, there is one area (displayed within the brown circle) where three 

Good outcome tumours are grouped close together signifying high similarity. There 
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are also two metastatic samples (displayed within the brown circle), to the left top 

corner of the PCA, which exhibit similarity. 

 

 

Figure 5.2 Correlation heat map representation for significantly differentially enriched sites for 
H3K27ac marker in poor, good and metastatic outcome samples [Analysis performed by Nikolaos 
Trasanidis and Darren K. Patten] 

 

The peak calling data was further analysed to assess for similarity amongst the 

individual samples (N=31). The correlation heat map, generated by DiffBind [85, 145] 

pictured in Figure 5.2, demonstrates a cluster correlation plot based on the enriched 

genomic regions (called peaks) for the 31 (H3K27ac ChIP-Seq) sequenced breast 

tumours. There is no distinct overall grouping/clustering amongst the Good, Poor 
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and Metastatic groups. However, there are 9 main areas which show differentially 

stronger correlation than other areas within the heat map. 

Reading from the vertical axis, these include: a) Good-5 and Good-7, b) Met-3 Poor-

4, Good-1 and Poor-5, c) Poor-3 and Poor-7, from d) Poor-3 to Good-12 shows a 

correlation of approximately 0.3, e) Met-4 and Met-5, f) Good-10 to Good 12 

(correlation of 0.4), g) Good-3 to Good-12 (correlation of 0.5), h) Good-9 and Good-

4, which are one of the three technical replicates (correlation of 0.8) and finally i) 

Good-11 to Good-12 (correlation = 0.5).  The Good outcome tumours tend to cluster 

relatively stronger than the Poor or Metastatic outcome groups. Further analysis 

reveals no trend based on hormonal phenotype of the tumours and the areas of 

clustering observed. 

 

5.5 Super-enhancer identification and analysis 

Super-enhancers were successfully called in all the tumour samples (N=31) applying 

the ROSE computational software (Figure 5.3) with the aligned (BAM) files from the 

H3K27ac ChIP-Seq data. The average number of super-enhancers called in Good 

(N=12), Poor (N=7) and Metastatic (N=12) tumour samples was 742 (Range: 12- 

1174), 826 (Range: 162-1045) and 774 (Range: 228-1099), respectively [116, 119]. 
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Figure 5.3 Graphical and numerical representation of the called super-enhancers in Good, Poor and 

Metastatic tumours samples (The figure demonstrates 2 randomly picked samples from each outcome 

group; (a) Good, (b) Poor, (c) Metastatic). The X-axis represents the number of enhancers identified and the 

Y- axis demonstrates the corresponding H3K27ac signal. All the graphs (N=31) exhibit the same tangential 

pattern whereby the signal intensity rises exponentially at the point where the gradient of the curve 

approaches 1. At this “cutoff” point, super-enhancers are called; the H3K27ac signal increases by orders of 

magnitude. The method applied for super-enhancer calling was applied as described by Whyte et al. and 

Loven et al. [116, 119] [Analysis performed by Luca Magnani and Darren K. Patten] 
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Figure 5.4 Heat map: clustering of tumours (N=31) based on the called super-enhancers. [Analysis 

conducted by Edward Curry] 

 

To ascertain whether the Good, Poor and Metastatic groups share similarity in 

super- enhancer positions, a heat map cluster plot across all 31 tumours was applied 

using R which is displayed in Figure 5.4. There is no definitive pattern to show 

clustering patterns amongst all Good, Poor and Metastatic samples. Good-8, Good-

10 and Good-12 as well as Metastatic samples -4 and -5 correlate relatively higher 

with each other than the rest of the samples on the heat map. Subsequently, the 

super-enhancer data was further analysed using a multidimensional scaling (MDS) 

plot of Jaccard distances (Figure 5.5). Dissimilarity amongst samples is depicted by 

the distance between one or more sample with others in the same plot. Although 

there is no distinct grouping amongst the samples within the same outcome group, 

there are specific samples which share similarity. 
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Figure 5.5 Multidimensional scaling plot of Jaccard distances, based on identified super-enhancers, of 

the Good, Poor, Metastatic tumour groups (N=31). The red, black and blue circles are highlighting short 

Jaccard distances amongst Metastatic, Good and Poor groups. [Analysis conducted by Edward Curry] 

 

There are 2 groups within the Metastatic samples (a) METS -1, -4, -5 and -8 and b) 

METS -6, -7, -12) and Good samples ( a) Good -8, -10, -12 and b) Good -2 and -5) 

and 1 group within the Poor samples ( a) Poor -1, -3, -7) which demonstrate 

similarity, depicted by short Jaccard distances. The results obtained from the heat 

map cluster plot are mirrored in the Jaccard distance analysis which, in addition, has 

displayed additional samples sharing similar characteristics. 
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Chapter 6 Results: Epigenomic profiling of primary and 

metastatic breast tumour samples using H3K27ac ChIP-

Seq 

6.1 Aims of the analysis of the complete set of primary 

and metastatic breast tumour samples 

An alternative analytical approach was adapted for investigation of the H3K27ac 

ChIP-Seq data from the breast tumour samples due to the fact that, stratifying the 

tumour samples based on outcome or called super-enhancers did not reveal any 

distinguishing factors from the previous analysis reported in Chapter 5.0. H3K27ac 

ChIP-Seq data for all primary and metastatic breast cancer tumour samples were 

initially analysed as one group without stratification founded on clinical outcome. 

Original bioinformatics approaches, aimed to deconvolute the complex regulatory 

landscape of ERα-positive BC, were applied.  
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6.2 Clinicopathological details of tumour samples 

Table 6.1 (A/B) Characteristics of the collected primary (Table 6A) and metastatic (Table 6B) tumour 

samples which have been processed for H3K27ac ChIP-Seq.  (ER = oestrogen receptor; PR = progesterone 

receptor; HER2 = human epidermal growth factor receptor 2; "+” = positive;" - " = negative; IDC = invasive ductal 

carcinoma; ILC = invasive lobular carcinoma; IMC = invasive mucinous carcinoma; A = Adjuvant hormonal 

therapy; N = Neoadjuvant hormonal therapy CR = contralateral recurrence; LR = Local recurrence; D = Distant 

recurrence; L = Lost to follow-up; N/S = Not specified) 
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Table 6.1A Clinicopathological information for primary breast tumour samples collected and processed for H3K27ac ChIP-Seq. 

Tumour 
Sample 

Tumour 
grade 

Tumour 
size 
(mm) Receptor status Histology 

Lymph 
node 

positivity 

Adjuvant(A) and/or 
Neoadjuvant (N) 

therapy 
Date of 

diagnosis 
Recurrence 

date 
Recurrence 

type 

Alive (+ censor 
date) or Deceased 

(+ Date) 

Time to 
relapse 

(months) 

G_DKP_001 2 35 ER +, PR +, HER2 - IDC 15 of 34 A 19/03/2003 None 
 

Alive 
 

G_DKP_002 2 15 ER +, PR +, HER2 - IDC 5 of 22 A 24/11/2004 None 
 

Alive 
 

G_DKP_003 2 15 ER +, PR +, HER2 - IDC 5 of 22 A 24/11/2004 None 
 

Alive (12/05/2016) 
 

G_DKP_004 2 30 ER +, PR +, HER2 - IDC 6 of 15 A 24/05/2005 None 
 

Alive (12/05/2016) 
 

G_DKP_005 2 50 + 10 ER +, PR -, HER2 + IDC 1 of 8 A 27/09/2005 None 
 

Alive (12/05/2016) 
 

G_DKP_006 3 38 ER +, PR -, HER2 - IDC 1 of 23 A 10/01/2007 None 
 

Alive (12/05/2016) 
 

G_DKP_007 2 15 ER +, PR +, HER2 - IDC 5 of 22 A 24/11/2007 None 
 

Alive (12/05/2016) 
 

G_DKP_008 2 50 + 10 ER +, PR -, HER2 + IDC 1 of 8 A 24/11/2004 None 
 

Alive (12/05/2016) 
 

G_DKP_009 2 71 ER +, PR -, HER2 - ILC 0 of 10 N 27/09/2005 None 
 

Alive (12/05/2016) 
 

G_DKP_010 2 16 ER +, PR +, HER2 - IDC 0 of 18 A 04/12/2007 None 
 

Alive (12/05/2016) 
 

G_DKP_011 2 20 ER +, PR +, HER2 - ILC 0 of 6  A 13/08/2008 None 
 

Alive (12/05/2016) 
 

G_DKP_012 2 19 ER +, PR +, HER2 - IDC 1 of 6 A 22/05/1991 None 
 

Alive (12/05/2016) 
 

G_DKP_013 2 4 ER + IDC 0 of 1 No therapy 14/05/1993 16/03/2005 CR Alive (12/05/2016) 142 

G_DKP_014 2 20 ER +, PR +, HER2 - IDC 3 of 7 Unknown 15/03/1994 None 
 

Alive (12/05/2016) 
 

G_DKP_015 2 25 ER +, PR +, HER2 - IDC 4 of 6  A 22/05/1991 01/06/2006 LR Alive (12/05/2016) 181 

G_DKP_016 2 12 ER +, PR +, HER + IDC 1 of 7 No therapy 13/09/1991 None 
 

L 
 

G_DKP_017 2 8 ER + IDC 0 of 2  A+N 30/09/1991 02/03/2005 CR Alive (12/05/2016) 162 

G_DKP_018 2 20 ER +, HER2 - IDC 0 of 8 No therapy 17/01/1992 None 
 

L 
 

G_DKP_019 2 15 ER +, PR +, HER2 - IDC 2 of 5 A 12/01/1994 27/10/2009 LR Alive (12/05/2016) 189 

G_DKP_020 2 20 ER +, PR +, HER2 - IDC 2 of 6 A 15.08/1994 None 
 

Alive (12/05/2016) 
 

G_DKP_021 2 16 ER +, PR +, HER2 - IDC 0 of 18 A 15/10/2005 None 
 

Alive (12/05/2016) 
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Table 6.1A Showing clinicopathological information for primary breast tumour samples collected and processed for H3K27ac ChIP-Seq. 

Tumour 
Sample 

Tumour 
grade 

Tumour 
size (mm) Receptor status Histology 

Lymph 
node 

positivity 

Adjuvant(A) 
and/or 

Neoadjuvant (N) 
therapy 

Date of 
diagnosis 

Recurrence 
date 

Recurrence 
type 

Alive (+ censor date) 
or Deceased (+ Date) 

Time to 
relapse 

(months) 

P_DKP_001 1 43 + 8 ER +, PR +, HER2 - IDC 0 A 11/01/2009 None 
 

Deceased (04/12/2010) 
 

P_DKP_002 3 30 ER +, PR -, HER2 - IDC 1 of 12 A 16/11/2005 None 
 

Deceased (23/03/2008) 
 

P_DKP_003 3 64 ER +, PR -, HER2 - IDC 7 of 20 A 10/12/2007 20/11/2010 LR Deceased (2012) 35 

P_DKP_004 2 20 + 16 ER +, PR +, HER2 - IDC 0 of 20 No therapy 17/01/2007 26/10/2010 D Deceased (12/07/2012) 45 

P_DKP_005 2 50 ER +, PR +, HER2 - IDC 10 of 22 A 20/04/2010 20/04/2010 D Deceased 25/01/2013 0 

P_DKP_006 3 30 ER +, PR -, HER2 - IDC 1 of 12 A 16/11/2005 None 
 

Deceased (23/03/2008) 
 

P_DKP_007 3 64 ER +, PR -, HER2 - IDC 7 of 20 A 10/12/2007 20/11/2010 LR Deceased (2012) 35 

P_DKP_008 2 31 ER +, PR +, HER2 - IDC 0 of 4 A 25/09/2012 None 
 

Alive (12/05/2016) 
 

P_DKP_009 2 32 ER +, PR +, HER2 - IDC 2 of 13 A 15/11/2010 None 
 

Deceased (25/05/2011) 
 

P_DKP_010 2 17 ER +, PR +, HER2 - IDC 0 of 8  A 15/06/2011 None 
 

Alive (12/05/2016) 
 

P_DKP_011 2 25 ER +, PR +, HER2 - IDC 0 of 1  A 15/11/2012 None 
 

Alive (12/05/2016) 
 

P_DKP_012 2 25 ER +, PR +, HER2 - IDC 1 of 6 No therapy 22/12/1993 22/02/1996 D Deceased (28/07/1997) 26 

P_DKP_013 2 15 ER +, PR -, HER2 - IDC 0 of 1  A 07/07/2011 None 
 

Alive (12/05/2016) 
 

P_DKP_014 2 28 ER +, PR +, HER2 - IDC 0 of 2 A 22/08/2012 None 
 

Alive (12/05/2016) 
 

P_DKP_015 2 9 ER +, PR +, HER2 - IDC 5 of 13 A 10/09/2012 None 
 

Alive (12/05/2016) 
 

P_DKP_016 2 39 ER +, PR -, HER2 - IDC 6 of 21 A 10/09/2012 None 
 

Alive (12/05/2016) 
 

P_DKP_017 2 18 ER +, PR -, HER2 + IDC 0 of 4 A 17/05/2013 None 
 

Alive (12/05/2016) 
 

P_DKP_018 2 29 ER +, PR +, HER2 -  IDC 0 of 2 A 19/06/2013 None 
 

Alive (12/05/2016) 
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Table 6.1B Clinicopathological information for metastatic breast tumour samples collected and processed for H3K27ac ChIP-Seq. 

Tumour 
sample Recurrence site 

Size of 
metastasis 

(mm) Grade 
Histology 

details 

Lymph 
nodes 

positive Receptor status 
Primary disease 
diagnosis date 

Date of 
metastatic 
diagnosis 

Alive (+ censor date) or 
Deceased (+ Date) 

Time to 
relapse 

(months) 

M_DKP_001 Liver N/S N/S IDC N/S ER +, PR -, HER2 - 05/02/1989 04/02/2005 Deceased (04/03/2008) 192 

M_DKP_002 Liver 42 x 35 N/S IDC N/S ER -, PR -, HER2 - 04/11/2010 03/08/2012 Deceased (17/08/2014) 21 

M_DKP_003 Axillary Lymph node N/S N/S IDC N/S ER +, PR +, HER2 - 20/05/2005 03/06/2014 Alive (12/05/2016) 109 

M_DKP_004 Chest wall mass 100 x 83 x 102 N/S IMC N/S ER +, PR -, HER2 - 03/04/1989 19/08/2014 Alive (12/05/2016) 304 

M_DKP_005 Breast recurrence 38 3 IDC N/S ER +, PR -, HER2 + 28/02/2014 28/02/2014 Alive (12/05/2016) 0 

M_DKP_006 Breast recurrence 38 3 IDC N/S ER +, PR -, HER2 + 28/02/2014 28/02/2014 Alive (12/05/2016) 0 

M_DKP_007 
Internal thoracic 

mass N/S 2 IDC N/S ER -, PR -, HER2 + 30/01/2013 25/03/2014 Deceased (01/05/2014) 14 

M_DKP_008 Liver  24 N/S IDC N/S ER +, PR +, HER2 - 19/12/2001 27/03/2014 Alive (12/05/2016) 147 

M_DKP_009 Liver  20 N/S IDC N/S ER +, PR +, HER2 - 20/02/2007 11/04/2014 Deceased (26/10/2015) 86 
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Table 6.1B Clinicopathological information for metastatic breast tumour samples collected and processed for H3K27ac ChIP-Seq. 

Tumour 
sample Recurrence site 

Size of 
metastasis 

(mm) Grade 
Histology 

details 

Lymph 
nodes 

positive Receptor status 
Primary disease 
diagnosis date 

Date of 
metastatic 
diagnosis 

Alive (+ censor date) or 
Deceased (+ Date) 

Time to 
relapse 

(months) 

M_DKP_010 Sternal mass 56 N/S IDC N/S ER -, PR -, HER2 - 19/03/2010 11/04/2014 Deceased (21/03/2016) 49 

M_DKP_011 Groin lymph node 34.9 N/S IDC N/S ER -, PR +, HER2 - 14/06/1996 15/05/2011 Alive (12/05/2016) 179 

M_DKP_012 Axillary lymph Node 12 N/S IDC 1 of 27 ER +, PR +, HER2 - 25/07/2014 25/07/2014 Alive (12/05/2016) 0 

M_DKP_013 Liver  40 N/S IDC N/S ER +, PR +, HER2 - 21/11/2013 21/11/2013 Deceased (13/08/2015) 0 

M_DKP_014 Liver  20 N/S IDC N/S ER +, PR +, HER2 - 22/11/2013 22/11/2013 Deceased (13/08/2015) 0 

M_DKP_015 Liver  34 N/S IDC N/S ER +, PR +, HER2 - 23/11/2013 23/11/2013 Deceased (13/08/2015) 0 

M_DKP_016 Liver  29 N/S IDC N/S ER +, PR +, HER2 - 24/11/2013 24/11/2013 Deceased (13/08/2015) 0 
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A total of 39 primary tumours samples were retrieved (Table 6.1A), 19 samples from 

the ICHTB and the VERB study and 20 samples from Breast Cancer Now tissue 

bank. With regard to the metastatic sample collection, 16 cases were collected 

(Table 6.1B); the ERα-negative metastatic samples were collected on the proviso 

that the primary disease was deemed ERα-positive.  All 55 samples underwent 

H3K27ac ChIP-Seq as described in Chapter 2; Section 2.3 to 2.5.  

All of the tumours were reported to have undergone haematoxylin and eosin (H&E) 

staining and tumour burdens of each sample was given as a percentage of the total 

cell number within that particular sample. A 70% tumour burden cut-off was applied 

before inclusion into this study for ChIP-Seq. Tumour burdens for the ICHTB 

samples were all guaranteed above 70-75% by the tissue bank pathologist, which 

were checked at the time the samples were stored for research purposes. The H&E 

slides for the ICHTB samples were not available upon request. Samples obtained 

from the Breast Cancer Now tissue bank underwent H&E staining and subsequent 

tumour burden measurement. The mean tumour burden of the samples was 81.9% 

(Range: 71% - 91%).  

With reference to Table 6.1A, a number of primary tumour samples, from the ICHTB, 

were retrospectively discovered as biological replicates for the same tumour despite 

having different tissue bank identifiers. These included, 1. G_DKP_002 and 

G_DKP_003, 2. G_DKP_005 and G_DKP_008, 3. G_DKP_010 and G_DKP_021, 4. 

P_DKP_003 and P_DKP_007 and 5. P_DKP_002 and P_DKP_006.  

Within the metastatic samples (Table 6.1B), M_DKP_005 and M_DKP_006 were 

biological replicates of the same tumour. M_DKP_013 to M_DKP_016 were 4 

separate liver metastatic BC deposits from the same patient.  
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6.3 Summary statistics for ChIP-Seq analyses 

Raw sequencing files were aligned to the human genome (GrCh38) [153] using 

Bowtie [141] (Table 6.2A). The average alignment rate from the primary (N=39) BC 

tissue ranged from 87.3% - 97.9% (average alignment rate = 91.8%) and 88.1% - 

97.3% (average alignment rate = 92.0%) in the Input (control) and ChIP samples, 

respectively. For the metastatic group (Table 6.2B) the alignment rate ranged 

between 87.4% - 97.0% (average alignment rate = 91.9%) and 89.5% - 97.3% 

(average alignment rate = 92.0%) for Input and ChIP samples, respectively.  

The number of initial reads, redundant rates (of reads) and reads after filtering are 

displayed, in tables 6.2A and 6.2B, for both Input and ChIP samples. The 

corresponding number of MACS 2.0 [142] (q-value = 0.01) peaks called are also 

shown. For the primary samples the number of H3K27ac peaks ranged between 0 – 

364,228 (average = 64,042 peaks) and for the metastatic samples the range of 

H3K27ac peaks was between 0 – 172,092 (average = 63,691 peaks). 

Samples generating less than 2000 peaks (N=7) which included G_DKP_003 (204 

peaks), G_DKP_006 (0 peaks), P_DKP_010 (0 peaks), P_DKP_013 (1467 peaks), 

M_DKP_003 (1039 peaks), M_DKP_010 (404peaks), M_DKP_016 (825 peaks), 

were excluded from further downstream analysis. Figure 6.1 graphically 

demonstrates the numbers of peaks generated in the tumour samples (N=48) 

following exclusion of the above 7 samples. The sample G_DKP_013 generated 

364, 228 peaks and was deemed an outlier based on the distribution of peaks across 

the other samples. This sample was therefore excluded leaving 47 tumour sample 

ChIP-Seq tracks for downstream analysis.  
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Table 6.2A Alignment rates generated from Bowtie [141], number of raw reads before and after 

redundant rates are applied and peaks called by MACS 2.0 [142] (q-value = 0.01) for all the primary 

breast cancer samples. 

Sample 
Number  

Bowtie 
hg38 

alignment 
rate (%) in 
control + 

ChIP 
samples 

Number 
of reads 

in control 
sample 

Redundant 
rate 

Number of 
reads in 
control 
sample 

after 
filtering 

Number of 
reads in 

treatment 
sample 

Redundant 
rate 

Number of 
reads in 

treatment 
sample 

after 
filtering 

MACS2 
Peaks 

G_DKP_001 95.6/94.9 29416384 0.15 25123727 48617322 0.41 28822320 15957 

G_DKP_002 88.1/88.2 45513399 0.05 43348259 26915513 0.09 24404518 4175 

G_DKP_003 92.7/92.6 39116635 0.05 37014317 2091525 0.01 2075954 204 

G_DKP_004 90.6/91.2 51250051 0.3 36085942 44081910 0.66 14957984 3807 

G_DKP_005 90.4/90.3 46998364 0.14 40483700 47732047 0.12 42051904 11441 

G_DKP_006 89.1/88.9 54050875 0.88 6709108 82756265 0.45 45725207 0 

G_DKP_007 94.6/94.3 38557798 0.05 36643309 37704908 0.04 36170771 114806 

G_DKP_008 88.2/88.1 46998364 0.14 40483700 7604832 0.03 7392475 69859 

G_DKP_009 89.8/89.9 29647976 0.12 26156591 24409362 0.11 24409362 52073 

G_DKP_010 92.7/93.0 35527333 0.1 31848417 16132966 0.08 14801314 16207 

G_DKP_011 91.7/91.9 8482217 0.11 7585968 10730688 0.07 9969157 18098 

G_DKP_012 94.8/94.3 59423819 0.15 51155594 59423819 0.14 51155594 85829 

G_DKP_013 87.3/88.1 43873611 0.15 37140133 38059931 0.07 35237112 364228 

G_DKP_014 91.3/91.4 21693843 0.15 18482495 37052893 0.13 32246197 83447 

G_DKP_015 95.6/95.4 28242679 0.09 25822782 37386385 0.1 33811074 61201 

G_DKP_016 96.4/96.3 23202730 0.16 17582561 23202730 0.24 17582561 96973 

G_DKP_017 90.6/91.7 36681717 0.29 24717941 49067405 0.33 34973407 97466 

G_DKP_018 91.5/92.6 40816138 0.41 23896190 33080341 0.4 19807861 32818 

G_DKP_019 95.6/95.7 32033225 0.09 29127585 33331400 0.11 29824074 123661 

G_DKP_020 97.9/97.3 28670863 0.09 26157793 23914487 0.1 21598647 79846 

G_DKP_021 95.4/96.1 41584558 0.17 34432211 41584558 0.22 34432211 19134 
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Table 6.2A Alignment rates generated from Bowtie [141], number of raw reads before and after 

redundant rates are applied and peaks called by MACS 2.0 [142] (q-value = 0.01) for all the primary 

breast cancer samples. 

Sample 
Number  

Bowtie 
hg38 

alignment 
rate (%) in 
control + 

ChIP 
samples 

Number 
of reads 

in control 
sample 

Redundant 
rate 

Number of 
reads in 
control 
sample 

after 
filtering 

Number of 
reads in 

treatment 
sample 

Redundant 
rate 

Number of 
reads in 

treatment 
sample 

after 
filtering 

MACS2 
Peaks 

P_DKP_001 94.8/94.7 33868872 0.11 30260525 33868872 0.11 30260525 130031 

P_DKP_002 90.6/90.2 26270448 0.15 21408480 23002643 0.07 21408480 52672 

P_DKP_003 89.1/89.7 18990914 0.05 18747394 19954126 0.06 18747394 100068 

P_DKP_004 91.7/91.9 24755410 0.13 21589384 31318859 0.27 43116870 10202 

P_DKP_005 89.4/90.1 3033924 0.1 2745484 3033924 0.08 2745484 2383 

P_DKP_006 90.3/90.7 26270448 0.15 22222658 31013027 0.17 25605492 55272 

P_DKP_007 89.2/90.1 10325143 0.58 4303907 25407101 0.12 22421625 42429 

P_DKP_008 88.5/88.9 6954287 0.03 6742122 61660871 0.14 52984880 17986 

P_DKP_009 94.2/93.9 7304342 0.09 6653058 75611766 0.17 63052925 2521 

P_DKP_010 90.5/90.3 6857077 0.1 6153624 63757687 0.26 47271136 0 

P_DKP_011 89.7/89.4 49675611 0.12 44726242 35312910 0.1 31111580 172092 

P_DKP_012 95.7/95.8 24787260 0.13 21673823 46059302 0.18 37686881 18340 

P_DKP_013 92.8/92.8 24074930 0.06 22528925 46123154 0.08 42345493 1468 

P_DKP_014 91.7/91.8 57577050 0.19 46357312 73139872 0.17 60360449 155186 

P_DKP_015 93.5/934. 25984041 0.05 24777058 36541319 0.21 28962803 101444 

P_DKP_016 92.1/95.1 51860134 0.12 45390661 41575023 0.22 32249718 171338 

P_DKP_017 88.4/88.1 17994528 0.06 16960718 40731205 0.21 32111033 82394 

P_DKP_018 89.8/90.1 38222773 0.12 33794658 62871556 0.3 44085078 30615 
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Table 6.2B Showing alignment rates generated from Bowtie [141], number of raw reads before and after 

redundant rates are applied and peaks called by MACS 2.0 [142] (q-value = 0.01) for all the metastatic 

breast cancer samples. 

Sample 
Number  

Bowtie 
hg38 

alignment 
rate (%) in 
control + 

ChIP 
samples 

Number 
of reads 

in control 
sample 

Redundant 
rate 

Number of 
reads in 
control 
sample 

after 
filtering 

Number of 
reads in 

treatment 
sample 

Redundant 
rate 

Number of 
reads in 

treatment 
sample 

after 
filtering 

MACS2 
Peaks 

M_DKP_001 89.5/89.3 23851177 0.05 22756985 22526970 0.04 21681987 8431 

M_DKP_002 91.3/91.4 14117528 0.15 11969698 12706557 0.15 10792912 30011 

M_DKP_003 89.4/89.3 9463740 0.68 3016791 30311922 0.74 7944040 1040 

M_DKP_004 97.3/97.0 34440294 0.58 14625360 48687811 0.58 20663350 5133 

M_DKP_005 96.4/95.2 24582698 0.03 23809766 61786583 0.12 54499692 99738 

M_DKP_006 92.1/92.7 26186664 0.04 25169712 25958127 0.06 24314944 89530 

M_DKP_007 90.8/90.9 28787681 0.05 25709307 28647301 0.1 25709307 60791 

M_DKP_008 94.8/95.2 29260547 0.42 16831215 26329506 0.47 13990704 7416 

M_DKP_009 87.6/87.4 30119569 0.3 21228854 26207315 0.36 16746266 9864 

M_DKP_010 92.5/92.3 23859790 0.18 19624489 27669040 0.14 23867566 404 

M_DKP_011 90.8/91.1 46279779 0.04 44568755 31207234 0.03 30243502 53772 

M_DKP_012 90.1/91.5 73251397 0.09 66598280 36195802 0.12 31696346 82105 

M_DKP_013 95.6/97.0 38574636 0.12 34118135 24677684 0.17 20574946 3559 

M_DKP_014 91.5/94.1 27466355 0.09 24858027 47227405 0.1 42434157 16226 

M_DKP_015 92.8/92.6 15713576 0.19 13262804 15713576 0.16 13262804 62707 

M_DKP_016 89.4/91.1 18633770 0.14 15998892 21114290 0.16 17636173 825 
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Figure 6.1 MACS 2.0 generated peaks (q-value = 00.1) for H3K27ac ChIP-Seq in 48 tumour samples following exclusion of the samples which generated less than 

2000 peaks. The sample G_DKP_013 which has been marked by an asterisk is an outlier and has also been excluded from further downstream analysis. (Primary samples 

and metastatic breast cancer samples are depicted by the green and orange bars, respectively).  
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6.4 H3K27ac ChIP-Seq coverage of enhancer and 

promoters in patient samples 

In order to ascertain whether the number of patient tumour samples were adequate, 

in terms of genomic coverage, H3K27ac-enriched regions were classified into 23,976 

gene-proximal promoters (1Kb upstream of the transcription start site (TSS)) and 

326, 719 gene-distal enhancers (obtained by subtracting the calculated gene-

proximal promoters from the H3K27ac-enriched regions).  Figure 6.2A shows a 

permutation saturation plot (ACT [150]) of H3K27ac-enriched promoters and 

enhancers (in megabase (Mb) coverage) with patient sample number. With regard to 

promoters a maximum of 4 patient samples are required to reach saturation. The 

enhancers require 47 patient samples to capture 80% of the active regulatory 

regions. 

 

Figure 6.2 (A) Saturation plots for promoters and enhancers in N= 47 tumour samples generated by 

H3K27ac-enriched regions. Promoters are depicted by the red line and enhancers the grey line. The average 

peak size in promoters and enhancers is 517 and 463bp, respectively. (B) Sharing of H3K27ac-enriched 

enhancers (red plot, top graph) and promoters (grey plot, bottom graph) across 47 patient samples. The 

median (represented by the black lines in the small inset diagrams) number of patient samples sharing the same 

enhancer peak = 1 and the median number of patient samples sharing the same promoter peak = 15. [Analysis 

performed by Giacomo Corleone and Darren K. Patten] [209] 
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The graphs in figure 6.2B show the number of patients sharing regulatory regions (in 

terms of H3K27ac-enriched regions) in promoters (in grey) and enhancers (red). The 

first bar of each graph displays the unique peaks in any one sample. Promoters 

show less variability compared to enhancers with 3500 unique peaks vs 260, 000 

unique peaks in the first bar, respectively. The median number of patient samples 

sharing the same peak in promoters is 15 while in enhancers, this is 1.  This data 

strongly suggests that the enhancers account for the majority of heterogeneity in 

ERα-positive BC.  

 

6.5 Intratumoural and intertumoural heterogeneity in ERα-

positive breast cancer 

It has been widely recognised that intratumoural (i.e. cancer cells residing within the 

same tumour) heterogeneity arising from clonal tumour evolution exists in solid 

tumours [210-213].  Breast tumours are known to exhibit genetic and phenotypic 

heterogeneity at an intertumoural as well as intratumoural level [214, 215].  Due to 

the fact that a large number of mutations are passengers [216], it remains unclear 

how genetic heterogeneity translates to phenotypic heterogeneity. It has been shown 

that differing cell phenotypes within solid brain tumours can override genetic 

hierarchies [213]. The assessment of phenotypic heterogeneity can be inferred by 

using IHC to measure protein intensity within a particular group of cells or tissue. 

Studying global phenotypic heterogeneity using transcriptional data is unfeasible due 

to the fact that each cell within a tissue can potentially contribute random amounts of 

RNA [209]. 
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Therefore, using the patient derived ChIP-Seq data, it was hypothesised that the 

latter may be used to approximate phenotypical heterogeneity. Hence, the H3K27ac 

ChIP-Seq can indicate whether a nucleosome is activated or not by using the K27ac 

signal presence as a proxy for the nucleosome to be on [209].  

 

Figure 6.3 MCF7 H3K27ac ChIP-qPCR.  A spiking experiment involving MCF7 and MCF7 fulvestrant resistant 

cells mixed at various known percentages in terms of cell number. The EGR3 enhancer (enh) is present in the 

MCF7 but not the MCF7 fulvestrant cells. The SLC9A3R1 enhancer is present in both cell lines.  H3K27ac ChIP-

qPCR demonstrates the varying enrichment seen at the EGR3 enhancer with increasing the number of MCF7 

fulvestrant cells. [Experiment performed at least three times by Darren K. Patten; Figure produced in 

collaboration with Luca Magnani] [209] 

 

To support the statement that the H3K27ac ChIP-Seq signal presence is a proxy for 

nucleosome activity, a spiking experiment using a known number of (cells with 
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similar genetic background [180]) MCF7 and MCF7 fulvestrant resistant cells was 

carried out. The H3K27ac ChIP-qPCR results shown in Figure 6.3 demonstrate 

clearly that the relative enrichment seen at the EGR3 enhancer is dependent on the 

number of cells carrying that particular signal. The SLC9A3R1 enhancer is present in 

both cells and the relative enrichment does not differ greatly with changes in the 

mixture of the MCF7 and MCF7 fulvestrant cell lines.  

 

Figure 6.4 Spiking ERα ChIP experiment using MCF7 cells at different percentages +/- oestradiol 

stimulation. ChIP-qPCR was performed at known ERα target sites which can be seen by the corresponding 

MCF7 oestradiol stimulated ERα ChIP-Seq IGV tracks pictured at the bottom of the figure [Experiment 

performed at least three times by Darren K. Patten; Figure produced in collaboration with Luca Magnani] 

[209] 
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The spiking experiment was repeated using ERα as the pulldown antibody and 

performing ChIP-qPCR in MCF7 cells stimulated with oestradiol for 45 minutes vs 

vehicle. ChIP-qPCR was performed at 3 known ERα target sites (TFF1 promoter, 

SLC75A enhancer, EGR3 enhancer) and 1 control region where ERα does not bind 

(PTRF promoter) despite stimulation with oestradiol.  The ERα binding sites for TFF1 

enhancer, SLC75A enhancer, EGR3 enhancer and the PTRF promoter can be 

visualised by the ERα ChIP-Seq IGV tracks in Figure 6.4. As the mixture of MCF7 

cells (with or without stimulation of oestradiol) increases towards the cells not 

stimulated with oestradiol, the relative enrichment seen as these positive sites 

decreases. The relative enrichment at the PTRF enhancer remains less than 1, as 

expected, despite any change in the oestradiol- stimulated/non-stimulated MCF7 

cells. The second spiking (ERα ChIP-qPCR; Figure 6.4) experiment corroborates 

with the first (H3K27ac ChIP-qPCR; Figure 6.3) such that relative enrichment for 

ERα binding correlates with the number of cells carrying that particular binding event.  

Using a ranking strategy (performed in collaboration with Giacomo Corleone and 

Luca Magnani), each H3K27ac peak from the patient-derived dataset was assigned 

a ranking index based on the relative strength of the H3K27ac peak; 1 = strongest 

peak and 100 = weakest peak. This approach was adapted in order to normalise the 

varying H3K27ac signals across patient samples so that comparisons could be 

drawn from the peak strength of each regulatory region. Statistical binning was 

applied for each patient based on the ranking index (RI) of each H3K27ac peak. A 

sharing index (SI) was also created which indicated the number of patients sharing a 

particular regulatory region [209].  

Figure 6.5 shows a linear regression analysis of RI vs SI from the patient-derived 

H3K27ac ChIP-Seq data. Signals obtained from low RIs (equating to the stronger 
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H3K27ac peaks) mark regulatory regions active across the majority of the cell 

population whilst the high RIs (corresponding to weaker H3K27ac peaks) are 

associated with heterogenous enhancer activity.  The relationship between RI and SI 

was further investigated and correlation between the latter two indices was found to 

be high which indicates that clonal regulatory regions are relatively common between 

patients while subclonal regulatory elements are not. Therefore, the low RIs 

associated with high SIs were termed regulatory drivers (RD) with an SI>21 and high 

RIs associated with low SIs were termed regulatory noise (RN) (with an SI<21) 

possibly originating from technical noise or weak enhancers [209]. Furthermore, a 

small proportion of the promoters and enhancers did not follow this trend having 

extremely low RI despite possessing a high RI whilst being shared, as depicted by 

the dot-boxes. 
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Figure 6.5 Linear regression analysis of ranking index (RI – obtained from H3K27ac data from patient samples) vs sharing index (which indicates the number of 

patients sharing a particular regulatory region). Each dot corresponds to the median RI for the regulatory regions amongst all patients. The interpolating lines represent the 

median RI value and interquartile ranges calculated for each SI bin. (RN = regulatory noise; RD = regulatory drivers; R2 = the statistical measure of how close the data are to 

the fitted regression line). [Analysis performed by Giacomo Corleone. Figure produced in collaboration with Giacomo Corleone and Luca Magnani] [209]  
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The identified enhancers from the patient-derived samples were further mined by 

testing their relationship with DNA risk variants specifically associated with BC [217, 

218]. The results showed that most of the BC risk variants were significantly 

contained (i.e. high degree of overlap) within the BC patient-derived enhancer 

database implying that a large amount of BC predisposition occurs through enhancer 

variants. When applying the same patient derived enhancer database to colorectal 

cancer risk variants, this association is not replicated implying that the enhancers 

identified above are specific to ERα positive BC. 

Comparing the H3K27ac from the 47 patient samples to H3K27ac data generated 

from a panel of treatment-naïve and drug-resistant BC cell lines, it was observed that 

the H3K27ac loci from the cell lines forms a subset of the patient-derived enhancer 

panel which would imply that the cell lines are not activating new regulatory regions 

[209]. However, two distinct patterns were noticed, 1. For the RN regions, the 

patient-derived SI could not reliably predict the cell line RI; for example, clusters of 

enhancers characterised by a low SI and high RI in patients might have a low 

median RI in cell lines which would imply that a low-frequency clone may have 

expanded in culture and 2. For the RD regions, the patient-derived SI could reliably 

predict the RI. This data indicates that cell lines possess dominant phenotypic clones 

from the tumour of origin whereby certain epigenetic characteristics are further 

selected which can occur during changes in the microenvironment or alterations in 

cell culture constituents.  

The results presented so far indicate that RD regions are activated in the majority of 

tumour cells driving disease progression but RN regions are frequently inactivated. 

This should imply that gross RNA output, from genes related with the identified 

regulatory regions from the patient-derived samples, should increase in parallel to 
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the RI/SI indices; this prediction would still apply for random transcriptional output 

from a single-cell perspective [219]. 

Using three METABRIC [220], TCGA [221] and Affymetrix [222] BC expression 

datasets, the relationship between SI and RNA expression was hence further studied 

(Figure 6.6). The regulatory regions were paired to potential targets taking into 

account CTCF boundaries [223]. The results of the analysis demonstrate that 

increases in mRNA levels are commensurate with increases in associated SI which 

further supports the fact that RDs drive RNA expression as the cell number 

increases. Furthermore, when mining transcriptional data from normal breast tissue 

(Figure 6.6; small graphs) and comparing this to our BC patient-derived dataset, the 

results did not follow a strong relationship insinuating that the patient-derived data 

has identified a subset of regulatory regions possessing signatures associated with 

malignant cell proliferation. 

Summarising the results from this subsection, the data suggest that clonal 

enhancers mould the transcriptional landscape of ERα-positive BC with phenotypic 

heterogeneity being present in patients. Furthermore, the information obtained from 

our patient-derived dataset suggests that BC cell lines can be utilised to model the 

epigenome through contribution of dominant epigenomic signatures but develop 

differing levels of heterogeneity which is not related to the clinical material analysed 

in this project [209]. 
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Figure 6.6 Linear regression graphs using patient-derived RNA levels from the METABRIC, TCGA and Affymetrix (AFFY) datasets plotted against the patient-

derived (N=47) H3K27ac sharing index (SI) for promoters (depicted by the grey data points on the graphs) and enhancers (depicted by the red data points on the 

graph) [220-222] . Where available, normal breast samples were also analysed (represented by the smaller graphs). The number in each box summarises the relative slope 

for RN and RD elements. The colour of the box corresponds the R2 coefficient of determination. (Norm. RNA = normalised RNA; RN = regulatory noise; RD = Regulatory 

driver; RPKM = Reads per kilobase of transcript per million mapped reads). [Figure produced in collaboration with Giacomo Corleone and Luca Magnani] [209]
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6.6 The transcriptional landscape of ERα-positive breast 

cancer 

It is known that TFs interact with regulatory regions via protein-DNA interactions 

which is dictated by TF affinity for its respective DNA-binding motif [107, 224]. In 

order for TFs to bind DNA, the chromatin landscape must be accessible. In this sub-

section, the patient-derived H3K27ac was further studied, through computational 

imputation, to ascertain which TFs were binding to the potential chromatin-

accessible regulatory regions.  

The first step of this analysis was to calculate, from the patient-derived data (n=47), 

all potentially accessible regulatory regions through imputation (Figure 6.7). This 

involved comparing imputed chromatin-accessible regions with publicly available 

ERα binding data obtained from BC patients [85]. It was observed that RD 

enhancers tend to overlap with a high number of ERα sites (9% vs. 70%: SI 1 vs. SI 

39) which was not seen in the case of promoters (15% vs. 6%: Si 1 vs. SI 39) (Figure 

6.8). This data strongly suggests that ERα preferentially binds enhancer elements 

which has been reported [83, 225].  Although this data implies that the ERα is more 

likely to bind enhancers which are highly shared across patients, on closer 

inspection, the vast majority of ERα binding events tend to be exclusive to each 

patient (Figure 6.9). This would suggest that a high level of phenotypical 

heterogeneity exists in ERα-positive BC.  This is supported by the fact that highly 

shared ERα binding sites have a higher number of individual ERα motifs in addition 

to DNA motifs for its associated pioneer factors [226] situated near and adjacent to 

the central binding site. This data suggests that the activity of enhancers is 

influenced by the regulatory information stored in the non-coding regions of DNA. 
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Moreover, the findings from this analysis demonstrates that only a small subset of 

solitary ERα binding may be functional whilst additional TFs may be required in order 

to contribute to BC disease progression [209].
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Figure 6.7 Schema of the bioinformatic framework for analysis of transcription factor (TF) binding sites 

within the patient-derived H3K27ac data. The H3K27ac MACS [142] peaks were split to identify nucleosome-

free regions (subpeaks) which were then integrated with ENDCODE-derived DNASE 1 hypersensitivity sites 

(DHS) for identification of valleys where TF binding occurs [108]. The imputed DHS were then given sharing 

index (SI) values based on the number of patients sharing this region. (B.S. = binding site; E = enhancer element; 

P = promoter element) [Figure produced in collaboration with Giacomo Corleone and Luca Magnani] [209]  
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Figure 6.8 Overlap between imputed DHS/H3K27ac regions with in vivo-derived ERα binding sites. The Y-

axis on the left corresponds to the imputed DHS regions and the Y-axis on the right indicated the percentage of 

overlap based on the total number of DHS in each sharing index (SI) bin. Promoters are represented by the grey 

bars and enhancers by the red bars [Figure produced in collaboration with Giacomo Corleone and Luca 

Magnani] [209] 
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Figure 6.9 Distribution of in vivo-derived ERα binding sites compared to the number of patients in which 

these binding sites were observed. Approximately 70% -75% of ERα is exclusive to each patient where 

approximately 0% to 25% of ERα core binding is shared [Figure produced in collaboration with Giacomo 

Corleone and Luca Magnani] [209]   

 

TF motif analysis was conducted by applying stratification based on regulatory 

regions (i.e. promoters and enhancers) according to their corresponding SI. 

Unsupervised clustering was then performed identifying two biological groups 

(Figure 6.10A/B). The regulatory noise regions and regulatory driver regions showed 

clear separation confirming that the regions contain different regulatory information. 

It was also observed that ERα-specific oestrogen responsive element (ERE) motifs 

were most residing in the RN enhancer regions, which is in agreement with ERα 

being involved in a vast majority of heterogenous low-affinity binding loci displayed 

by Figure 6.10A. The RN enhancer regions (Figure 6.10A) showed enrichment for a 
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larger set of TF motifs with a few exceptions to this pattern. Amongst all of the TF 

motif enrichments seen, the TF motif for YY1 was enriched exclusively in the RD 

enhancers (Figure 6.10A) but latter was also enriched in the RD promoters (Figure 

6.10B). In summary, the data from this subsection shows that clonal enhancers 

contain distinct regulatory information, pointing to the TF YY1 as a novel, and 

potential, driver of ERα-positive BC [209].  
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Figure 6.10A Transcription factor motif analysis applied to sharing index (SI) bins of enhancers followed 

by unsupervised clustering. Regulatory noise (RN) regions and regulatory driver (RD) regions cluster 

separately in two distinct biological groups. (The observed/expected ratio was set at a q-value < 0.05) [Figure 

produced in collaboration with Giacomo Corleone and Luca Magnani] [209] 
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Figure 6.10B Transcription factor motif analysis applied to sharing index (SI) bins of promoters followed 

by unsupervised clustering. Regulatory noise (RN) regions and regulatory driver (RD) regions cluster 

separately in two distinct biological groups. (The observed/expected ratio was set at a q-value < 0.05) (Figure 

produced in collaboration with Giacomo Corleone and Luca Magnani) [209] 
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6.7 YY1 enhancer as a novel driver of ERα-positive breast 

cancer 

YY1 is known to be a ubiquitously expressed TF which has been shown to act as an 

activator or repressor through binding with DNA, RNA and chromatin modifiers [227, 

228]. The analysis described in subsection 6.6 implies that YY1 might act as a 

regulatory driver for clonal enhancers associated with a majority of ERα-positive BC 

patients. Hence, most patient tumour samples used for this analysis should contain a 

proportion of cells exhibiting YY1 activity. Therefore, applying the epigenomic 

mapping analysis used in this subsection, YY1 enhancers should possess very low-

ranking index and corresponding high sharing index.  

The first step was to identify genuine enhancers looping at the YY1 promoter with 

the aid of 3-dimensional (3D) chromatin maps [229] (Figure 6.11). Three potential 

enhancers were identified with very high SI (enhancer A, SI =41; enhancer B, SI = 

33 and enhancer C, SI = 26). The enhancer A was then studied further due to its 

high SI and was found to be ranked as a clonal enhancer in most of the patient-

derived BC tumour samples (Figure 6.12), implying that YY1 transcription would 

therefore be occurring in a high number of BC tumour cells. When assessing the 

activity of the YY1 enhancer A within normal tissues from the H3K27ac Epigenomic 

Roadmap 155 the data is variable predicting the presence of varying degrees of YY1-

positive subpopulations within normal tissues (Figure 6.13). It was also observed that 

tissues with low RI possess a higher number of YY1-positive cells whilst tissues with 

a higher RI contain a lower number of YY1-positive cells.   (e.g., High RI tissues: 

Ovary, oesophagus, large intestine, heart muscle and low RI tissues: stomach and 

adipose tissues) 159.  This supports the use of epigenomic mapping to assess for 
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intra-sample heterogeneity and, moreover, the data presented in this subsection 

suggest that the activation of the YY1 enhancer represents a dominant phenotypic 

clone in ERα-positive BC. 
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Figure 6.11 Chromatin interaction analysis. Chromatin interaction analysis by paired-end tag sequencing (CHIA-PET) and RNA polymerase 2 (Pol 2) signals (top) and with 

CHIA-PET Pol interactions at identified enhancers (A, B and C) for YY1 and their corresponding sharing index below. The YY1 promoter is pictured and the bottom left hand 

corner of the figure showing promoter-enhancer interactions with all three YY1 enhancers identified within the 47 breast cancer patient samples.  Out of three YY1 enhancers 

which are all interacting with the YY1 promoter, enhancer A possesses the highest sharing index (41) and is shown to interact with enhancers B and C as well as the YY1 

promoter. Visualisation using IGV. [Figure produced in collaboration with Giacomo Corleone and Luca Magnani] [143, 209]   
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Figure 6.12 Graph of RI in YY1 determined within patient-derived samples (N=47). Each green circle represents a primary breast cancer sample whereas each orange 

circle represents a metastatic sample. The location of the YY1 enhancer A is pictured at the top right-hand corner of the figure. Most of the patient samples are found to 

possess low RI for the YY1 enhancer implying that this enhancer is clonal. [Figure produced in collaboration with Giacomo Corleone and Luca Magnani] [209]  
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Figure 6.13 The clonal YY1-enhancer A (pictured in the top right-hand corner of the figure) using Epigenomic Roadmap 155 H3K27ac data in normal tissues 

classified according to high (H), medium (M) and low (L) ranking index (RI). Patients were classified as clonal YY1 (RI<20) or subclonal YY1 (20<RI<80) and YY1 

negative (RI>80) Tissues with a low RI for the YY1-enhancer A show a higher number of YY1 positive cells which diminishes as the RI of the tissue increases. Tissues that 

have undergone immunohistochemistry staining for YY1 protein (represented by the smaller insets under the X-axis) include ovary (high RI), lung (high RI), stomach (medium 

RI), adrenal glands (medium RI) and skeletal muscle (low RI). [Figure produced in collaboration with Giacomo Corleone and Luca Magnani] [209]  
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Figure 6.14 YY1 RNA expression in breast cancer datasets. The METABRIC [220] dataset of 1486 ERα-

positive BC cases (top left-hand corner of figure) shows significant (p-value = 1.9 x 10-24) increase in YY1 gene 

expression when compared to normal breast tissue. In addition, when investigating overall survival (O.S.) in the 

same dataset, Kaplan-Meier analysis demonstrates that cases expressing high levels of YY1 have a significant 

(p-value = 0.0001) reduction in O.S. compared to the ones with low expression of YY1 within the same dataset 

(High YY1: Low YY1: 15.2 years: 18.7 years).  YY1 was also used to stratify patients within the TCGA [221] 

dataset (pictured on the right of the figure). Of the four molecular subtypes of BC, the Luminal A patients (N=121) 

who possess low expression of YY1 have a significant increase in O.S. compared to the high expressing patients 

who are 3 (hazard ratio (HR) = 3) times more likely to have a reduced O.S. Stratification did not occur for the 

other molecular subtypes of BC based on YY1 expression (i.e., Luminal B, HER2 positive and triple negative BC 

(TNBC)). (**** = pvalue of 0.0001, ** = p-value of 0.01) [Figure produced in collaboration with Giacomo 

Corleone and Luca Magnani] [209] 
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The YY1 mRNA output is found to be high in many cancers, including all invasive 

subtypes of BC, when compared to their corresponding tissue of origin. When 

patients from the METABRIC dataset cohort are stratified based on ERα positivity, 

YY1 emerges as a significant prognostic biomarker associated with poor outcome 

(Figure 6.14). These findings were reproducible using the TCGA RNA-Seq dataset 

[221] but in Luminal A stratified BC patients which is a cohort associated with good 

prognosis (Figure 6.14). The data above supports the idea that a BC cell possessing 

the YY1 phenotypic clone increases during the development/progression of ERα-

positive BC. In order to validate this, 300 diagnostic histological cases of Luminal A 

and Luminal B BC, where there was evidence of early relapse, were identified and 

subsequently underwent IHC staining for YY1 protein. This was performed (in 

collaboration with the Department of Histopathology, IEO, Milan, Italy)  in order to 

ascertain the number of positive YY1 cells at diagnosis [209]. Although the IHC 

staining is still on-going, preliminary results demonstrate that the normal breast ducts 

are relatively deficient of YY1 positive cells with only a few cells exhibiting positive 

YY1 staining. When assessing adjacent ERα-positive BC cells, YY1 positive cells are 

highly prevalent (Figure 6.15). 
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Figure 6.15 Immunohistochemistry staining of YY1 in breast tissue. Islands of invasive ERα-positive BC 

(highlighted by the red arrows) and a central normal breast duct (highlighted by the pink arrow) (magnification 

x10). YY1 shows intensified staining within the BC islands but is weakly positive at the normal ductal epithelium. 

(Preliminary IHC analysis performed by Dr. Giancarlo Pruneri in collaboration with the Department of 

Histopathology, IEO, Milan, Italy) [209] 

 

The data in this subsection demonstrates that YY1 positive cells exist in high number 

in ERα-positive BC and might be used as a prognosticator in a subset of ERα-

positive patients (i.e. Luminal A subtype of BC). In summary, the data shows that 

YY1 is a novel driver of ERα-positive BC. 
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6.8 The role of YY1 in ERα binding in breast cancer 

The enrichment observed, for the motif of the TF YY1, was significantly high within 

the patient-derived H3K27ac enhancer data. Furthermore, the YY1 motif was found 

to be enriched within the most highly shared and strong enhancers. In order to 

further understand the role of YY1 in ERα-positive BC, YY1 ChIP-Seq was 

performed in MCF7 cells; MCF7 cells were grown in phenol-free DMEM with 10% 

DCFCS for 48 hours in four 15cm2 dishes. Oestradiol was added to two of the dishes 

whilst the remaining two dishes were treated with (control) vehicle (molecular grade 

ethanol) for 45 minutes. It has been shown that maximum genome-wide chromatin 

binding occurs at 45 minutes [83]. The cells were then processed for YY1 ChIP-Seq 

as described in Section 2.4 and 2.5. 

YY1 occupies a small set of enhancers and promoters situated near housekeeping 

genes within the MCF7 cells stimulated with vehicle of which the interactions of YY1 

with its respective motif exhibit high affinity. The oestradiol treated group, however, 

showed a 23 -fold increase in the number of binding sites to gene characterising 

ERα-BC and genes involved in epigenetic modifications (Figure 6.16).  
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Figure 6.16 YY1 ChIP-Seq data in ERα-positive MCF7 cells stimulated with (control) vehicle (ETOH = 

ethanol) vs oestradiol (E2) for 45 minutes. The top left-hand side of the figure shows the Genomic Regions 

Enrichment of Annotations Tool (GREAT) function predictions with their corresponding p-values for the control 

group. The bottom left hand corner shows motif analysis with p-values for the control group. The central Venn 

diagram shows the total number of binding sites identified within both control and oestradiol groups and the 

number of shared binding sites. On the right top hand corner are pictured the GREAT function predictions for the 

oestradiol group with relevant p-values. The bottom right hand corner displays the motif enrichment analysis in 

the E2 group with corresponding significant p-values. (Experiment performed three times but only two replicates 

were taken for ChIP-Seq) [Figure produced in collaboration with Giacomo Corleone and Luca Magnani] [209] 

 

Only 10% of all the binding events of YY1 show high affinity for the YY1 motif which 

suggests that YY1 may be interacting with other TFs or binding directly to the 

modified nucleosomes (Figure 6.16).Further comparative analyses demonstrate that 

YY1 binding involves almost all active genes and it is strongly associated with 

H3K27ac marks and a high degree of chromatin accessibility (Figure 6.17). 
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Figure 6.17 Heatmaps of YY1 overlap with H3K27ac enriched regions associated with active regulatory 

regions. YY1 binding marginally overlaps with ERα and its pioneer factor FOXA1. YY1 binding is also seen at 

ERα target genes enhancer of XBP1 which is shown to be an active regulatory region by the enriched H3K27ac 

track at the XBP1 enhancer below.  The bottom last two IGV tracks display YY1 (E2 stimulated) binding with the 

most bottom track showing H3K27ac enriched regions at the three identified enhancers for YY1 (enhancers 

A/B/C – please refer to section 6.7) and at the YY1 promoter. [Figure produced in collaboration with Giacomo 

Corleone and Luca Magnani] [209] 

 

The number of YY1 binding events, in the MCF7 oestradiol stimulated cells, only 

marginally overlaps with ERα and its pioneer factor (FOXA1) (Figures 6.17) which 

would imply that the majority of YY1 recruitment is independent of ERα (Figure 6.18). 

However, the ERα-YY1 increases when taking into account the atypical ERα core 

binding (Figure 6.19A) sites, which are common to 75% of patients and BC cell lines 

[85]. Collectively, the data from this subsection demonstrates that YY1 may act as a 

stabiliser for ERα binding at a small subset of transcriptionally functional enhancers 
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common to most BC patients [228]. To support this statement, on inspection of the 

TCGA [221] data for the cohort representing the Luminal subtype of BC, the genes 

defining the Luminal A subtype are strongly enriched for ERα core binding with YY1 

and not the private ERα binding with YY1 (Figure 6.19B).  

 

Figure 6.18 Showing the overlap between ERα (Era), oestradiol stimulated (E2), ChIP-Seq binding events 

vs. YY1 (E2 stimulated) ChIP-Seq binding events in MCF7 cells. The overlap between YY1 binding and ERα 

is marginal. [Figure produced in collaboration with Giacomo Corleone and Luca Magnani] [209] 

Figure 6.19 A) In vivo core ERα binding sites are strongly enriched for YY1 binding whereas this is not 

the case for the private ERα binding sites (p-value < 10-50). B) Genes that classify luminal BC from the 

TCGA dataset [221]. The results show that within the core ERα genes ERα-YY1 binding sites are strongly 

enriched. [Figure produced in collaboration with Giacomo Corleone and Luca Magnani] [209] 
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The next step was to further investigate the role of YY1 in ERα-positive BC cell line 

models. siRNA for YY1 was transfected into MCF7 cells as described in Section 2.9. 

Western blot analysis shows significant reduction in YY1 protein with both siRNAs 

compared to control with or without oestradiol stimulation (6 hours) (Figure 6.20). To 

further understand whether YY1 shares co-factor attributes with ERα, MCF7 cells 

were co transfected with siRNAs for YY1 along with an ERE tagged luciferase 

reporter (obtained from Professor Simak Ali’s group, Department of Surgery and 

Cancer, Imperial College London, U.K.) as described in Section 2.10. The results 

demonstrate that YY1 depletion using both siRNAs is sufficient to reduce the activity 

of the ERE-luciferase reporter in MCF7 cells stimulated with vehicle (ethanol) and 

oestradiol stimulation (results were normalised with the control renilla-luciferase 

(Figure 6.21). 

 

Figure 6.20 Western blot analysis for YY1 depletion using two types of siRNA (a/b) in MCF7 cells 

stimulated with vehicle vs oestradiol for 6 hours. Compared to controls (-) YY1 protein is significantly reduced 

> 80% in both control and oestradiol treated groups. siRNA “-“ represents the MCF7 cells transfected with 

silencer negative control.  

MCF7 cells were then grown in DMEM supplemented with 10%DCFCS for 48 hours 

after which, cells were transfected with either siControlRNA or one of the two types 

of siRNA (a/b) for YY1. Cells were divided into two groups; ethanol (control vehicle) 

vs. oestradiol. Proliferation assays were set up as described in Section 2.11 and 

measurements were taken after seven days (Figure 6.22A).  
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Figure 6.21 Luciferase tagged with oestrogen responsive element (ERE) promoter reporter assay 

performed in MCF7 cells stimulated with control vehicle ethanol (EtOH, in grey) vs. oestradiol (E2, in 

green) for 24 and transfected with silencer negative control (siCtrl) or siRNA “a” or siRNA “b”. Relative 

luciferase activity was normalised with the control renilla-luciferase activity. (Experiment performed 3 

times, *** = p-value = 0.001, Statistical analysis performed = one-way ANOVA). [Figure produced in 

collaboration with Giacomo Corleone and Luca Magnani] [209]  

 

Figure 6.22 A) Proliferation assay of MCF7 cells grown in vehicle control vs. oestradiol (E2) with 

transfection of silencer control (siCtrl), siRNA (a) and siRNA (b). Compared to the control groups, both 

siRNAs abrogate growth in MCF7 cells. B) Proliferation assay in LTED cells. Abrogation of growth is exhibited 

in the siRNA group compared to control (SiCtrl). (Experiment performed 3 times, Statistical analysis performed = 

ne-way ANOVA, * = p-value = 0.05, **** = p-value = 0.0001). [Figure produced in collaboration with Giacomo 

Corleone and Luca Magnani] [209] 
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LTED cells, (MCF7-derived BC cell line model which grow in the absence of 

oestradiol stimulation via constitutive activation of ERα signalling [180, 219]), were 

seeded in DMEM supplemented with 10% DCFCS and transfected with one of the 

two working siRNAs for YY1 (siRNA “b”). A proliferation assay was also set up as 

described in Section 2.11 and measurements of growth taken after 7 days (Figure 

6.22B).  

The proliferation assay involving MCF7 cells (Figure 6.22A) clearly shows abrogation 

of growth (p-value = 0.0001) using both siRNAs to YY1 compared to siCtrl in both 

vehicle control (ethanol) and oestradiol stimulated groups. The same results were 

obtained with the LTED cells, whereby growth of the cells was significantly halted (p-

value = 0.0001) in the siRNA group compared to control (siCtrl) (Figure 6.22B). 

 

 

Figure 6.23 A) Proliferation assay of ZR75-1 cells transfected with silencer control (siCtrl), siRNA (a) and 

siRNA (b). Compared to the control groups, both siRNAs abrogate growth ZR75-1 cells B) Proliferation assay 

in T47D cells. T47D cell line exhibits abrogation of growth in both siRNA groups compared to control (siCtrl). 

(Experiment performed three times; Statistical analysis performed = one-way ANOVA; ** = p-value = 0.01, *** = 

p-value = 0.001). [Figure produced in collaboration with Giacomo Corleone and Luca Magnani] [209] 
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To further test the effects of YY1 depletion in ERα-positive BC, proliferation assays 

were setup in using two different ERα-positive BC cell lines (i.e., ZR75-1 and T47D) 

and growth measured over the course of 7 days comparing silencer control to 

siRNAs for YY1. ZR75-1 cells exhibit abrogation of growth (p-value = 0.01) at 7 days 

in both siRNA groups compared to the control group (siCtrl). For the T47D cells, 

there is still growth of the cells in both siRNA groups compared to control but the 

cells in both siRNA groups are still significantly (p-value = 0.001) reduced in number 

compared to the control group after 7 days (Figure 6.23A/B). 

MCF7 cells were then transfected with either of the two siRNAs for YY1 or the 

silencer control RNA (siCtrl) and cultured in the presence of either oestradiol or 

ethanol for 6 hours. After 6 hours, total RNA was extracted per treatment group and 

cDNA was synthesised, as described in Sections 2.12 and 2.13. Real time-qPCR 

(RT-qPCR) reactions were carried out at known ERα target genes. If YY1 acts as a 

co-factor for ERα at a subset of binding sites, depletion of YY1 should therefore 

disrupt the transcriptional output at ERα target BC genes.  

Figure 6.24 shows the mRNA expression at three ERα BC target genes (TFF1, 

CA12 and GREB1). Compared to the siCtrl groups, mRNA levels of all three genes 

are significantly reduced, using both siRNAs, in both ethanol and oestradiol treated 

groups.  

Collectively, the data shows that 1. YY1 is involved with ERα at a subset of core ERα 

binding sites 2. YY1 collaborates with ERα to establish the luminal BC transcriptional 

profile, and 3. YY1 depletion stunts growth in ERα-positive BC cell lines. 
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Figure 6.24 Gene expression data in MCF7 cells transfected with siRNA for YY1 and silencer control (siCtrl). Cells were then divided into two groups, and one group-

arm was treated with ethanol (EtOH, in grey) and the other arm, oestradiol (E2, in green) for 6 hours. mRNA relative expression is shown for TFF1, CA12 and GREB1 ERα 

target genes. (Experiments performed three times by Darren K. Patten and Edina Erdos; Statistical analysis = one-way ANOVA; * = p-value = 0.05). [Figure produced in 

collaboration with Giacomo Corleone and Luca Magnani] [209] 
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With reference to Figure 6.22B, the LTED cells exhibited growth arrest upon YY1 

depletion.  This would imply that YY1 serves a vital function in the progression of 

oestrogen independent BC progression. To further investigate this, ChIP-Seq for 

YY1 was conducted in MCF7 (stimulated with oestradiol) and LTED cells revealing 

59, 676 binding sites for YY1 in LTED and 49, 645 binding sites in the MCF7 cells 

(Figure 6.25). Of note, 38, 981 YY1 binding sites are shared between the MCF7 and 

LTED cell lines implying that there is a large subset of YY1 binding sites which may 

be very important in allowing these BC cell lines to proliferate. This would suggest 

that it is these 38, 981 binding sites which might be affected upon YY1 depletion. 

 

 

Figure 6.25 ChIP-Seq carried out in MCF7 (with oestradiol stimulation, E2) and LTED cells for YY1. The 

results show that 38, 981 binding sites are shared between MCF7 and LTED cells. [Figure produced in 

collaboration with Giacomo Corleone and Luca Magnani] [209] 

 

 

 

 



152 
 

 

Figure 6.26 ChIP-Seq conducted in LTED cells for YY1 overlapped with ERα ChIP-Seq. Genes upregulated 

by the ERα-YY1 bound enhancers (5037 binding sites) are displayed to the right of the figure in Log fold. Genes 

involved in the Luminal phenotype of BC are strongly increased as those involved in endocrine resistance in BC. 

(Experiment performed by Darren k. Patten) [Figure produced in collaboration with Giacomo Corleone and 

Luca Magnani] [209] 

 

The LTED cells are the model of endocrine resistant breast cancer because they 

proliferate despite the absence of peripheral effects of oestradiol.  Looking at the 

potential role of YY1 in contributing to BC progression and endocrine therapy 

resistance, it was observed that the ERα-YY1 bind a different set of enhancers 

compared to MCF7 cells (3598 out of 5037 binding sites). The enhancers involved in 

ERα-YY1 binding in LTED cells are associated with genes involved with acquired 

endocrine therapy resistance (Figure 6.26). 
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To further investigate the effects of YY1 involvement in the context of endocrine 

resistance in ERα BC, a set of oestrogen-induced genes that are not antagonized by 

Tamoxifen treatment were examined in relation to YY1 [230]. Consequently, a very 

strong enrichment for ERα-YY1 binding near these genes was observed. ERα-YY1 

was found close CXXC5 and SLC9A3R1 genes which are also ranked the first and 

second strongest oestrogen-inducible genes that cannot be antagonised by 

Tamoxifen, respectively (Figure 6.27). On assessment of the in vivo sharing indices 

generated from the patient-derived samples, the SLC9A3R1 enhancer possesses a 

SI of 34 making the latter a highly-shared region [209].  

The data presented in this section demonstrates that 1. YY1 has a key role in 

orchestrating disease progression and also endocrine therapy resistance in ERα BC 

and, 2. YY1- ERα binding shows high an in vivo SI for the SLC9A3R1 region which is 

ranked as the second most strongly oestrogen-induced gene that cannot be 

antagonised by Tamoxifen, hence warranting further investigation. 
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Figure 6.27 The relative enrichment of ERα-YY1 bound enhancers near oestrogen responsive genes that 

do not respond to Tamoxifen therapy. The set of enhancers that are bound by ERα -YY1 are enriched 15-fold 

near genes which are not antagonised by Tamoxifen treatment (red). In vivo private enhancers where private 

ERα binding occurs shows the least enrichment (yellow), The set of enhancers governed by YY1-oestradiol-

induced binding in MCF7 cells shows a significant 1-fold enrichment (orange). ERα-YY1 binding in MCF7 (green) 

under oestradiol stimulation demonstrates a significant 2.5-fold enrichment. In vivo core binding (with ERα) set of 

enhancers are strongly enriched at 11-fold which is highly significant (pink). (Analysis performed by Luca 

Magnani; Statistical analysis = one-way ANOVA; * = p-value = 0.05, ** = p-value = 0.01, **** = p-value = 

0.0001[Figure produced in collaboration with Giacomo Corleone and Luca Magnani] [209] 
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Chapter 7 Results: SLC9A3R1 and phenotypic mapping 

7.1 The role of SLC9A3R1 in ERα-positive breast cancer 

On closer inspection of the role of SLC9A3R1, it has been documented that this 

gene cannot be supressed with Tamoxifen [230] which would suggest its 

corresponding enhancer(s), which is/are bound by ERα remain(s) functional. 

Examining BC cell lines with their endocrine resistant counterparts, it is observed 

that the SLC9A3R1 remains transcriptionally active in cell lines (Figure 7.1) where 

ERα is expressed whilst depleting ERα renders SLC9A3R1 transcription inactive 

(Figure 7.2). In addition, SLC9A3R1 is not antagonised by either oestrogen 

deprivation or Raloxifene (a SERM) (Figure 7.3) and is insensitive to neo-adjuvant 

aromatase inhibitor therapy in ERα-positive BC patients (Figure 7.4). 

Figure 7.1 SLC9A3R1 and ESR1 expression in MCF7 cells and MCF7 variants.  MCF7(M; yellow), MCF7 

Tamoxifen resistant (MT; orange), MCF7 fulvestrant resistant (MF; red), LTED (light green), LTED Tamoxifen 

resistant (LT; dark green) and LTED fulvestrant resistant (LF; grey) BC cell lines. SLC9A3R1 expression remains 

present in the presence of ESR1 expression. In the fulvestrant resistant cell lines, where ESR1 is depleted by the 

actions of fulvestrant, SLC9A3R1 expression remains at its lowest compared to the other variant cell lines 

displayed. (Analysis performed by Luca Magnani; Statistical test = one-way ANOVA; * = p-value = 0.05). [Figure 

produced in collaboration with Giacomo Corleone and Luca Magnani] [209] 
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Figure 7.2 Expression data from MCF7 cell lines after silencing of the oestrogen receptor. The graph 

shows normalised expression levels of SLC9A3R1 in control (CTRL) MCF7 vs. MCF7 with ESR1 depletion 

(siER) using siRNA. Compared to the control group, there is a significant 3-fold reduction in SLC9A3R1 

expression (Analysis performed by Luca Magnani; Statistical analysis = Paired T-test; *** = p-value=0.001. 

[Figure produced in collaboration with Giacomo Corleone and Luca Magnani] [209] 
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Figure 7.3 Meta-analytical study assessing the transcriptional response of SLC9A3R1 in response to oestrogens (oestradiol), Coumestrol (phyto-oestrogen), 

ERα (and its depletion, siERα), Fulvestrant (oestrogen receptor downregulator), Genistein (phyto-oestrogen), Raloxifene and Tamoxifen (SERMs). When ERα is 

silenced (siERα) there is a > 10-fold reduction in the expression of SLC9A3R1 compared to native ERα. Fulvestrant is also capable of reducing the expression of SLC9A3R1 

by 4-fold. Phyto-oestrogens such as coumestrol and Genistein increase SLC9A3R1 expression by 2-fold but less then native ERα. Raloxifene and Tamoxifen both cannot 

decrease the transcriptional response of SLC9A3R1 with expression levels nearing those of ERα. Blue dots represent expression levels below 0 and red dot above 0. (Relative 

expression in fold change; p-value =<0.01) [Figure produced in collaboration with Giacomo Corleone and Luca Magnani] [209] 
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Figure 7.4 Expression levels of SLC9A3R1 (top) and progesterone receptor (PGR) expression in 51 

patients undergoing neo-adjuvant aromatase inhibitors prior to surgery for ERα-positive BC. Of the 37 

responders and 14 non-responders to treatment, SLCA9A3R1 expression did not decrease to a statistically 

significant level. Oestrogen-dependent PGR expression was significantly reduced in the responder group (p-

value=0.0016) but was variable in the non-responder group (N.S. = Not statistically significant). (Statistical test = 

one-way ANOVA).  [Figure produced in collaboration with Giacomo Corleone and Luca Magnani] [209]  

 

A meta-analytical study involving patient-derived data using all available genes 

(N=22,777 genes) demonstrates that SLC9A3R1 expression is amongst the top 1% 

of genes bearing the most determining prognostic relationship with BC relapse in a 

cohort of 724 endocrine treated ERα-positive patients (Figure 7.5) [231]. In addition 

to the latter dataset, other BC datasets show that the high expression of SLC9A3R1 

also significantly correlates with poor survival (Figure 7.6).  
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In summary, the data presented strongly supports that firstly SLC9A3R1 is a direct 

target of ERα. Secondly, the expression of SLC9A3R1 cannot be antagonised by 

first-line endocrine therapy and thirdly, the transcription of SLC9A3R1   may play a 

pivotal role in endocrine resistant BC progression.  

 

Figure 7.5 Global Kaplan-Meier analysis summarises univariate analysis for each gene included in the 

Affymetrix [222] microarray platform (N=724 patients). The hazard ratios analysis for disease relapse are 

displayed on the X-axis. SLC9A3R1 is plotted as part of the top 1% of genes which is associated with a 2-fold 

more likely chance for a patient to develop relapse. [Figure produced in collaboration with Giacomo 

Corleone and Luca Magnani] [209]  
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Figure 7.6 Survival data in three independent datasets. The first panel on the left represents 23 independent GSE studies (N= 2159 patients), TCGA (N=583 

patients) [221] and METABRIC (N=1486) [220]. High expression of SLC9A3R1 is associated with a reduced recurrence free survival (R.F.S.) (Hazard ratio = 1.5, P-

value=1.8x10-7) in the GSE studies, decreased overall survival (O.S.) (Hazard ratio = 1.8, p-value=0.043) from the TCGA dataset and a reduced O.S. (Hazard ratio = 1.4, p-

value=0.00045) in the METABRIC dataset. [Figure produced in collaboration with Giacomo Corleone and Luca Magnani] [209] 
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In vitro analysis of SLC9A3R1 demonstrates that ERα-positive BC cell lines exhibit 

high expression levels of SLC9A3R1 (Figure 7.7). Investigation of the chromatin 

landscape of MCF7 and LTED cell reveals ERα and YY1 binding at three 

independent loci within the SLC9A3R1 enhancer (named: E1, E2 and E3). This 

region is shown to directly loop to the YY1-bound SLC9A3R1 promoter (Figure 7.8). 

The data is in agreement with in vivo transcriptional analysis that SLC9A3R1 is the 

only gene near the enhancers E1-E3 that shows a significant increase in RNA levels 

when compared to normal breast tissue with ERα-positive BC (Figure 7.9).  

Silencing YY1 using transfected siRNAs in MCF7 cells as described in Section 2.9 

and measuring SLC9A3R1 expression reveals decreased mRNA levels of 

SLC9A3R1 in the siRNA compared to siCtrl groups in both ethanol (EtOH) and 

oestradiol (E2) treated arms (p-value=0.05).  

The next step was to understand the effects of silencing SLC9A3R1 in MCF7 (Figure 

7.10A) and LTED cells on ERα-positive BC growth. MCF7 cells were transfected with 

siRNAs for SLC9A3R1 as described in Section 2.11 and proliferation was assessed 

over 7 days. The cells were divided into ethanol (EtOH) and oestradiol treated (E2) 

groups. In both EtOH and E2 groups, the siRNAs transfected cells were able to 

abrogate proliferation. This experiment was repeated in the LTED cell lines and 

compared to the silencer control group (siCtrl), growth was halted in both of the 

siRNA groups (Figure 7.10B). 
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Figure 7.7 SLC9A3R1 expression in various cell lines. The first three ERα-positive BC cell lines (T47D/MCF7/SK-BR-3) exhibit the highest expression in transcripts per 

kilobase million (TPM). [Figure produced in collaboration with Giacomo Corleone and Luca Magnani] [209] 
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Figure 7.8 The regulatory landscape of SLC9A3R1 (chr17:72, 721, 520-72, 788, 719). The promoters of SLC9A3R1/RAB37/NAT9 (P), along with the identified three 

enhancers (E1, E2, E3) associated with SLC9A3R1 are shown in the figure. At the top of the figure, the sharing index (SI) of E1 and E2 from the patient-derived samples 

(SI=34) is displayed. MCF7 ChIP-Seq without oestradiol (E2) stimulation shows no binding at the E1/E2 and E3 enhancers as well as the promoter of SLC9A3R1. But in the 

presence of E2 stimulation, YY1 binding is observed in these regions which is also supported by the YY1 ChIP-Seq track for LTED cells.  H3K27ac ChIP-Seq in vitro data 

demonstrates that E1/E2 SLC9A3R1 enhancers are active regulatory regions. ERα and FOXA1 ChIP-Seq tracks in MCF7/MCF7 Tamoxifen resistant (MCF7T)/LTED cells 

shows increased binding occurring preferentially at the E1 enhancer compared to E2 and E3 enhancers. Transcription factor binding at the E1-E3 enhancer is supported by the 

active DHS to further substantiate binding of ERα and pioneer factor FOXA1. Collectively this data clearly implicates enhancers E1 to E3 as an ERα-YY1 targets. [Figure 

produced in collaboration with Giacomo Corleone and Luca Magnani] [209]
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Figure 7.9 Patient-derived mRNA expression levels of SLC9A3R1 from the METABRIC167 (top) (normal, n 

= 144; invasive ductal/lobular carcinoma = 1556) and TCGA (bottom) (normal, n = 61; invasive ductal 

carcinoma = 389). Both datasets reveal that compared to normal breast tissue, SLC9A3R1 expression is 2.64-

fold (p-value<2x10-37) and 3-fold (p-value= 1.3x10-18) higher. [Figure produced in collaboration with Giacomo 

Corleone and Luca Magnani ] [209] 

 

Figure 7.10A Western blot analysis for SLC9A3R1 depletion using two types of siRNA (a/b) in MCF7 cells 

stimulated with vehicle vs oestradiol for 6 hours. Compared to controls (-) SLC9A3R1 protein is significantly 

reduced > 80% in both control and oestradiol treated groups. siRNA “-“ represents the MCF7 cells transfected 

with silencer negative control.  
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Figure 7.10B Proliferation assays performed in MCF7 (Left) and LTED (Right) when silencing SLC9A3R1. 

In the MCF7 cells both siRNAs are able to halt growth in both ethanol and oestradiol (E2) treated groups 

compared to the silencer control (siCtrl) groups. In the LTED cells, growth is also abrogated in the siRNA groups 

compared to the siCtrl group. (Experiment performed three times; Statistical analysis = one-way ANOVA; **** = 

p-value = 0.0001) [Figure produced in collaboration with Giacomo Corleone and Luca Magnani] [209] 

 

The data presented in this section demonstrate that firstly SLC9A3R1 expression is 

driven by a breast cancer specific enhancer within the expanding ERα-YY1 clone 

during tumour formation. Secondly, silencing of SLC9A3R1 protein results in halted 

growth in MCF7 cell lines. Furthermore, ERα-YY1 regulates SLC9A3R1 via 

enhancer binding and the data presented also strongly supports the involvement of 

SLC9A3R1 as a novel factor in contributing to endocrine therapy resistance in BC. 
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7.2 The application of YY1 and SLC9A3R1 enhancer 

activity for phenotypic mapping 

YY1 and SLC9A3R1 enhancers possess sharing indices of 41 and 34, respectively 

which would suggest their widespread usage amongst many BC patients. 

Investigating the activity of the SLC9A3R1 enhancer within the patient-derived 

sample dataset reveals the latter marks itself as a dominant clone only in a subset of 

ERα-positive BC patients. In other patient samples, SLC9A3R1 is more sub-clonal 

(Figure 7.11)
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Figure 7.11 The ranking index (RI) in SLC9A3R1 enhancer activity determined within patient-derived samples (N=47). Each green circle represents a primary breast 

cancer sample whereas each orange circle represents a metastatic sample. The location of the SLC9A3R1 enhancer is pictured at the top left-hand corner of the figure. Most 

of the patient samples are found to possess medium to low RIs for the SLC9A3R1 enhancer implying that this enhancer is predominantly subclonal. [Figure produced in 

collaboration with Giacomo Corleone and Luca Magnani] [209] 
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Figure 7.12 YY1 enhancer activity in MCF7 (M) and MCF7 derivative cell lines. MCF7 (M), MCF7 Tamoxifen resistant (MT), MCF7 fulvestrant resistant; ERα-negative 

(MF), LTED, LTED Tamoifen resistant (LT), LTED fulvestrant resistant (LF). The YY1 enhancer activity  is clonal in all of the cell lines. The MT cell line borders between a 

subclonal/clonal feature. (R.I. = Ranking index). [Figure produced in collaboration with Giacomo Corleone and Luca Magnani] [209] 

 

 

 

 



169 
 

 

Figure 7.13 SLC9A3R1 enhancer activity in MCF7 (M) and MCF7 derivative cell lines. MCF7 (M), MCF7 Tamoxifen resistant (MT), MCF7 fulvestrant resistant; ERα-

negative (MF), LTED, LTED Tamoifen resistant (LT), LTED fulvestrant resistant (LF). SLC9A3R1 enhancer activity  is clonal  for most of the cell line derivatives except for MF 

(ERα-negative; with loss of ERα, the enhancer is activity is reduced) and LTED which both possess subclonal SLC9A3R1 is all of the cell lines. (R.I. = Ranking index). [Figure 

produced in collaboration with Giacomo Corleone and Luca Magnani] [209] 
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Mining of the Epigenomic roadmap database revealed that most tissues have 

heterogenous subpopulations highlighted by SLC9A3R1 enhancer activity [134]. IHC 

meta-analysis data shows that 1. tissues with a low RI (<20) (for example, 

duodenum and small intestine) exhibit stronger IHC staining for SLC9A3R1, 2. 

Tissues possessing a medium RI (50<RI<80) (for example, lymph node, spleen, 

placenta, breast) show moderate staining for SLC9A3R1 and 3. Tissues which have 

a high RI (>80) show weak to absence of staining for SLC9A3R1 (for example, 

cardiac muscle, lung ovary and skeletal muscle) [232, 233]. The IHC meta-analysis 

identified increasing heterogeneity staining for SLC9A3R1 protein with increasing RI 

values, paralleling the IHC meta-analysis staining for YY1 [232, 233].  

To further validate the relationship between RI and heterogeneity, YY1 and 

SLC9A3R1 activity was examined in H3K27ac MCF7 and MCF7 derivative BC cell 

lines. The results revealed that the YY1 enhancer activity points to the existence of a 

YY1-positive clonal population in all of the BC cell lines (Figure 7.12). When 

performing the same analysis using the SLC9A3R1 enhancer similar results were 

obtained with the exception of MCF7 fulvestrant resistant cells which are ERα-

negative; there is no ERα binding suggesting that the enhancer serves as a proxy for 

TF binding (Figure 7.13).  Analysis of the ENCODE H3K27ac cancer cell line 

datasets [108], revealed that YY1-positive clones dominate most cell lines whereas 

the SLC9A3R1 enhancer activity demonstrates that MCF7 cells contain a clonal 

SLC9A3R1 population agreeing with the fact that the latter’s expression is restricted 

to mostly ERα-positive BC cells. 
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There is therefore strong evidence to suggest that epigenomic mapping can be 

utilised to deconvolute transcriptional data to identify heterogenous populations. This 

would imply that rather than increase in mRNA within single cells, transcriptional 

profiles can indicate changes in cell populations activating transcription [134]. 

Although YY1 and SLC9A3R1 would conventionally be considered as over-

expressed genes in ERα-positive BC, with reference to the evidence presented in 

this Section, it is therefore proposed that these differences occur due to clonal 

expansion of cells marked by YY1/SLC9A3R1 activity which can be measured 

through epigenetic mapping [209]. To further test this hypothesis, formalin-fixed 

paraffin embedded (FFPE) slides were requested, for each patient tumour sample 

for which ChIP-Seq data was analysed in this project (N = 47). This study was 

performed to assess whether the calculated RIs of YY1/SLC9A3R1 per patient 

tumour sample correlated with the expected staining intensity. A total of 23 (N= 

23/47) cases were obtained (Table 7.1) with the corresponding percentage tumour 

burden for the FFPE slides obtained. IHC staining for YY1 and SLC9A3R1 (i.e. IHC 

staining is being carried out in duplicates for YY1 and SLC9A3R1) is currently 

underway and is being carried out by two independent centres (1. Department of 

histopathology, Immunohistochemistry department, Hammersmith Hospital, London, 

U.K. and 2. European institute of oncology, Biobank and histopathology unit, Milan, 

Italy). 
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Table 7.1 Available formalin-fixed paraffin embedded (FFPE) slides for the 23 of the 47 patient-tumour 

samples processed for H3K27ac ChIP-Seq.  (ICHTB= Imperial College tissue bank; BCN = Breast Cancer 

Now tissue bank; ILC = invasive lobular carcinoma; IDC = invasive ductal carcinoma; IMC = invasive mucinous 

carcinoma). (Please refer to Table 6.1A and 6.1B for further clinicopathological information regarding the patient 

samples) 

 

Tumour sample Tissue Bank Histology Tumour Burden in FFPE slide 

G_DKP_011 ICHTB ILC >50% 

G_DKP_012 BCN IDC 25% 

G_DKP_013 BCN IDC 80% 

G_DKP_014 BCN IDC 50% 

G_DKP_015 BCN IDC 60% 

G_DKP_016 BCN IDC 30% 

G_DKP_017 BCN IDC 5% 

G_DKP_018 BCN IDC 60% 

G_DKP_019 BCN IDC 45% 

G_DKP_020 BCN IDC 45% 

P_DKP_008 BCN IDC 70% 

P_DKP_009 BCN IDC 70% 

P_DKP_010 BCN IDC 45% 

P_DKP_011 BCN IDC 40% 

P_DKP_012 BCN IDC 30% 

P_DKP_013 BCN IDC 30% 

P_DKP_014 BCN IDC 80% 

P_DKP_015 BCN IDC 60% 

P_DKP_016 BCN IDC 75% 

P_DKP_017 BCN IDC 65% 

P_DKP_018 BCN IDC 35% 

M_DKP_004 ICHTB IMC >50% 

M_DKP_005 ICHTB IDC >50% 
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Chapter 8 Discussion 

8.1 Optimisation of ChIP-Seq (Chapter 4) 

The results of the ChIP-Seq data being compared using the standard (Figure 4.1) 

and optimised protocols (Chapter 4) demonstrate that the optimised protocol (Figure 

4.2), can produce reliable results (Figure 4.3 and 4.4). 

Parameters which were kept the same in both versions of the protocol include, 1. 

Primer sequence targets used for both ChIP and library qPCR, 2. 20 ng of DNA used 

from both Input and ChIP samples for initial library preparation and 3. PCR DNA 

amplification kept at 11 cycles during the library preparation phase. The two steps 

which have been introduced in the optimised protocol are 1. De-crossslinking the 

samples at the beginning of Day 2 for 6 hours and 2. The use of magnetic beads for 

DNA purification instead of using proteinase and RNase, phenol purification followed 

by cold DNA precipitation. 

In order to further assess the optimisation of this ChIP-Seq technique and to 

demonstrate congruent results, this technique should be repeated in various cell 

lines and applied to tissue samples again comparing standard versus optimised 

ChIP techniques. The current tissue ChIP protocol, detailed in Chapter 4, involves 

pre-processing of the sample prior to fixation (Chapter 2; Section 2.3), and therefore 

should not confound the optimised protocol steps which are all performed on Day 2 

(Figure 4.2).  Cost implications concerning sequencing and time to conduct further 

experiments were limiting factors.  

Figure 4.2 demonstrates the revised protocol which has been reduced from an 

average time of 112 (Figure 4.1) hours to take 6 samples for sequencing to 64 hours, 

resulting in a 42% reduction in the time for the samples to be ready for sequencing 
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submission. The optimised protocol, although produces reliable sequencing results, 

demands concise experimental planning owing to the numerous steps that are 

involved on Day 2 of the protocol (Figure 4.2).   

These steps outlined by the optimised ChIP-Seq protocol are easily reproducible and 

do not require the user to learn new experimental procedures. A reduction in time to 

sequencing, demonstrated by the optimised ChIP protocol, will allow for more 

samples to be processed for ChIP-Seq at a faster, but reliable rate, which increases 

productivity by performing large-scale ChIP experiments with no loss of sequencing 

data quality. 

 

8.2 Analysis of the training set of tumours (N=31) (Chapter 

5) 

Epigenetic mechanisms involved in breast cancer can provide insights into the 

complex regulatory networks involved in promoting the latter disease. The fact that 

ERα is involved in 70% of the total number of breast cancer warrants further 

understanding of the cistrome regulating ERα BC and its progression and implication 

in endocrine resistance. 

This leads to the question whether epigenetics can be applied to decipher the 

mechanisms involved in disease progression and metastasis in BC. The histone mark 

H3K27ac has been shown to be a reliable epigenetic mark involved in highlighting 

regions bound by nucleosomes which show activity in promoter as well as non- coding 

enhancer regions of the genome [95, 98, 115-117, 119]. Studies reporting the use of 

histone mark H3K27ac have shown its use in reliably highlighting non-coding 
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enhancer/super- enhancer regions [115-117, 119]. Based on the concept that 

enhancers are cell type specific and can be highlighted with H3K27ac ChIP-Seq, it 

leads to the application of this method in the breast tumours used in this study. 

The results of the computational based clustering, of the sequencing files for the 31-

processed breast tumours undergoing H3K27ac ChIP-Seq, revealed that the Good, 

Poor and Metastatic groups did not cluster together, in terms of enriched genomic loci 

(peaks) called by MACS [142] (Figures 5.1 and 5.2). This implies that there are not 

only differences, in terms of called peaks, amongst the Good, Poor and Metastatic 

groups, but also significant differences amongst the samples within each group. The 

main factor contributing to this phenomenon is cellular heterogeneity [234]. 

The breast parenchyma is not only composed of one but several cell types which 

contribute to cellular heterogeneity [234]. In addition to stem cell plasticity, the 

secondary inflammatory effect caused by ongoing carcinogenesis results in the 

recruitment of immune cells which furthermore contributes to the increasing diversity 

of cells present within a tumour [234]. 

Using the super-enhancers called by ROSE [96, 116] computational software to 

cluster the tumours also did not reveal a high correlation amongst the samples within 

each outcome group represented by the heat map shown in Figure 5.4. The MDS plot 

of Jaccard distances displayed a few areas of similarity amongst two sets of Good 

samples and one set of Poor and Metastatic tumour groups (Figure 5.5). However, no 

general pattern of clustering or similarity was demonstrated within the samples of 

each outcome group. Using the concept of super-enhancers leading to cell type 

specificity, this would imply that the clustering of the tumour samples based on their 

called super- enhancers would lead to specific clustering amongst the samples within 

each group. However, this was not the case which again points to tumour 
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heterogeneity being a limitation of this project.  

Intratumoural (occurs in the cancer cells residing within the same tumour) 

heterogeneity, which is thought to arise as a result of clonal tumour evolution, is 

acknowledged as an important obstacle in the efficacy of cancer therapy [210-212]. 

This is exemplified by a study conducted by Gerlinger et al., who demonstrated that, 

sequencing different regions taken from the same renal cell carcinoma sample, 

revealed that greater than 60% of all the somatic mutations were not detected in every 

tumour biopsy [212]. Breast tumours are known to display significant genetic and 

phenotypic diversity including differences in rates of proliferation and invasion, 

metastatic potential, presence or absence of oncogenic driver mutations and 

response to chemotherapy (hormonal and cytotoxic). Furthermore, it is recognised 

that heterogeneity in BC exists at an inter-tumour (difference between tumours from 

different patients) as well as at an intra-tumour level [214]. The H3K27ac ChIP-Seq 

results obtained from the breast tumours revealed many overlapping enriched regions 

(peaks) amongst the samples within the Good, Poor and Metastatic groups. Grouping 

the samples according to similar hormonal phenotypes and analysing the peaks called 

did not reveal distinguishing results amongst the tumour groups. 

Upon processing of the tumour specimens, the adipose tissue was thoroughly 

dissected but the tumours did not undergo micro-dissection prior to H3K27ac ChIP- 

seq. Therefore, sequenced DNA for each of the tumour samples exhibits H3K27ac 

signal as a representation of a mixed cellularity as opposed to the desired tumour 

cell specific ChIP-Seq signals. This has presented as one of the main limitations of 

this project and several computational methods have been used to standardise the 

overlapping enriched peaks amongst the tumour groups in order to obtain outcome 
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specific peaks. Outcome specific peak analysis using, IGV [143] Cistrome [144] 

advanced pipeline “Region subtraction” utility did not generate differentiating results. 

Epigenetic profiling of the breast tumours is still in progress and other computational 

pipelines using R such as “MMDIFF” [235] (an R-based ChIP-Seq computational 

program algorithm which aims to statistically differentiate ChIP-Seq samples based 

on enriched genomic loci using BED file output from MACS [142]) will be considered 

for further epigenetic profiling stratification of the outcome groups. 

With the breast tumour collection still underway, the aim will be to process more 

samples for H3K27ac ChIP-Seq in order to add to the current sample size in the 

primary and metastatic breast tumour groups. Increasing the sample size will allow 

for a more comprehensive and comparative analysis of the regulatory elements 

within the epigenomes of primary and metastatic breast cancer.  Applications have 

been approved by Breast Cancer Now and ICR tissue banks for obtaining further 

primary ERα-positive as well as metastatic breast cancer samples, respectively.  

Another proposed method of analysis would be to commence the epigenomic 

analysis, once the maximum number of tumour samples have been processed for 

H3K27ac ChIP-Seq within the next 18 months, with all primary and metastatic 

epigenomes together. This will involve the removal of the ‘Good’, ‘Poor’ and 

‘Metastatic’ categories and analysing all H3K27ac signals to obtain and ensure 

maximum coverage of the epigenetic landscape of BC.  

Taken together, the aim is to firstly obtain another 29 breast tumour samples (11 

primary and 18 metastatic) which will then be processed for H3K27ac ChIP-Seq and 

secondly, supplement the signal data to the 31 H3K27ac tumour data already 

mentioned in this chapter to conduct the epigenomic analysis; this will bring the 
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sample size to N=60. Coverage of the BC genome, regulatory elements, T.F. binding 

and signal strength will all be studied and compared downstream of the analysis 

looking at the differences between primary and metastatic breast cancer. 

 

8.3 Epigenomic profiling of primary and metastatic breast 

tumour tissue samples using H3K27ac ChIP-Seq and 

SLC9A3R1 (Chapter 6 and Chapter 7) 

During the initial stages of the project, the tissue bank application was made to 

ICHTB to obtain fresh-frozen ERα-positive breast tumour samples based on the 

following criteria: A. Primary samples: 1. ERα-positive, 2. Treatment naïve, 3. 

Patients underwent adjuvant endocrine therapy and B. Metastatic samples: 1. ERα-

positive/negative (providing the primary diagnosis was deemed ERα-positive), 2. 

Patients underwent adjuvant endocrine therapy for the primary ERα-positive breast 

tumour, 3. Samples can be distant metastasis to any site of the body.  

The above inclusion criteria, with regard to the primary samples (Table 6.1A), 

required that a historical collection of banked samples should have been already 

present at the tissue bank. The ICHTB only possessed 19 primary samples which 

were suitable for the study. Metastatic tumour samples (Table 6.1B) were initially 

scarce due to the fact that current clinical National Health Service guidelines do not 

indicate re-biopsy for patient with BC relapse; so as not to cause the patient 

discomfort from an additional invasive procedure. Following discussions at the 

Breast Cancer Translational meeting, measures were put into place whereby the 

tissue collection technicians would liaise with the Charing Cross Breast Unit and 
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Oncology departments (Imperial College Healthcare NHS Trust, London, U.K.) to 

identify patients with BC relapse who had previously been diagnosed with ERα-

positive BC and had undergone adjuvant endocrine following surgery. Patients were 

then informed regarding the research benefits of undertaking a biopsy of the 

relapsed disease and were subsequently consented for the latter procedure; 2 

biopsy samples were therefore taken (1. Clinical; for histology and hormone receptor 

profiling to plan treatment, 2. Research; fresh frozen). Prospective metastatic sample 

collection, although, understandably a slow process was successful and has now 

become part of the routine investigative work-up patients with BC relapse undergo at 

Charing Cross hospital. Over the course of 2 years, from the start of this project, a 

total of 20 metastatic samples were collected from ICHTB. Only 12 of the 20 

samples collected progressed to ChIP-Seq due to the fact 8 samples generated very 

low DNA quantities which subsequently failed the ChIP-qPCR stage.  

The ICHTB primary samples which were retrospectively collected, although a record 

of tumour burden was made (i.e. >70%, per sample), did not have the corresponding 

H&E slides. Furthermore, some of the samples obtained were biological replicates 

(Section 6.2) Additional applications for fresh frozen primary ERα-positive BC tissue 

were hence made to the Breast Cancer Now Tissue bank. Despite requests were 

made as per the above inclusion criteria for primary tissue (from Breast Cancer 

Now), it was found that some patients did not undergo adjuvant endocrine therapy 

whilst one patient underwent adjuvant and neoadjuvant endocrine therapy and one 

other patient’s treatment plan following surgery was unknown due to the fact that the 

patient was lost to follow-up (Table 6.1A). Even though these above-mentioned 

factors served as limitations to the study based on the inclusion criteria not being 

strictly met, the fact that we obtained various clinicopathological details based on 
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each sample implied that we were essentially capturing a wide heterogenous 

population of BC tumour samples. However, without group stratification of the patient 

samples, which was applied in the analysis of the training set in Chapter 5 

generating inconclusive results, this would make the downstream analysis and 

deconvolution of the BC epigenome a challenging task.  

 

8.3.1 ChIP-Seq results in the tissue samples 

A variable number of H3K27ac peaks (enriched regions) were called per sample in 

this study (Table 6.2A/B and Figure 6.1). 7 of the 55 tumour samples generated less 

than 2000 peaks although exhibiting sufficient enrichment on ChIP-qPCR. It was 

found that the background enrichments seen in the Input (control) samples were too 

high compared to the H3K27ac ChIP samples implying that when MACS [142] would 

apply its peak calling algorithm, a minimal number of peaks would thus be called. 

This arose due to technical aspects from the processing of the samples for ChIP. 

Although the tumour samples were macro-dissected from adipose tissue, the 

presence of the latter during the initial phases of ChIP may decrease the efficiency of 

the antibody not allowing it to efficiently pulldown the enriched regions. 

Although the average number of peaks called in primary and metastatic samples 

were 64,042 and 63,691, respectively, this showed high variability per sample. For 

example, some samples generated 100,000 peaks (H3K27ac enriched regions) 

whereas some 25,000 and others 0 peaks. All tumour samples provided were of 

different sizes and did not undergo micro-dissection before they were stored for 

research purposes. The ischaemic time of the tissue could not be controlled for; i.e. 

from the time the whole tumour was excised from the patient to the time it was taken 
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to pathology and finally to the time the research sample was cut and stored (snap-

frozen). This process should not take long if correct standard operating procedures 

are in place. Realistically, there are many factors which could delay this process 

including 1. the patient being physiologically unwell over the course of the surgery 

leading to a shift of priorities in the peri-operative setting 2. The lack of staff 

members to orchestrate the tissue collection; the sample is then left in theatre for 45 

minutes to an hour before it is taken to pathology and 3. The synchronised 

availability of the pathologist and tissue bank technician at the time the specimen is 

brought to histopathology for sampling.  These factors (which are a few of many) will 

undoubtedly have negative effects on the viability of the tissue and subsequent 

stability of the DNA which in turn could potentially produce variable ChIP-Seq 

results.  

To confirm whether the number of tumour samples processed for H3K27ac ChIP-

Seq was sufficient for downstream epigenomic analysis, saturation plots for active 

regulatory regions in promoters (calculated as 1Kb upstream the TSS; annotation 

obtained from UCSC Genes and Gene predictions; track: Genecode v24. [149]) and 

enhancers (defined as all the peaks which were not overlapping with the list of 

promoters obtained from the annotation table) were carried out using ACT saturation 

plotter (Figure 6.2A). With regard to the promoters, any 4 patient samples 

permutated was sufficient to reach saturation suggesting that the promoter BC 

epigenome was sufficiently captured. Using 47 patient samples, >80% of the 

enhancer landscape of the BC epigenome was obtained. The enhancer saturation 

plot begins to plateau at 44 samples, suggesting that processing another 5 to 10 

more primary BC tumour samples would have resulted in complete enhancer 

saturation. The average peak size in enhancers and promoters were 517bp and 
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463bp, respectively. Therefore, the differences seen between promoter and 

enhancer saturations are due to actual differences in these active regulatory regions 

and not due to peaks sizes being larger/smaller in one group compared to the other. 

Furthermore, the results of the saturation plots would indicate that enhancers are 

highly heterogenous compared to enhancers within our patient sample population. 

To further substantiate this, the sharing of these active regulatory regions (Figure 

6.2B) demonstrates that promoters (median number of patient samples sharing the 

same promoter peak = 15) are more widely shared amongst the patient samples 

compared to enhancers (median number of patient samples sharing the same 

enhancer peak = 1). To summarise, the data obtained from the above analysis are in 

agreement with enhancers being the main driver of cell-type specific transcription 

[111, 116, 117, 195, 209]. In addition, the data strongly suggests that enhancers 

account for the majority of heterogeneity in ERα-positive BC.  

 

8.3.2 Intratumoural and intertumoural heterogeneity in 

ERα-positive breast cancer and the use of epigenetic 

information 

The application of systematic epigenetic profiling of luminal BC reveals numerous 

fundamental principles underlying phenotypic-functional heterogeneity and the 

progression of BC. Profiling H3K27ac enriched regions, using ChIP-Seq, in primary 

and metastatic fresh-frozen BC tumour samples has led to the identification of new 

key players contributing to BC progression [209]. Genomic profiling of BC has 

unveiled extensive clonal heterogeneity which has proven to be very useful in 

understanding the concept of tumour evolution, especially when mutations directly 
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contribute to fitness [213, 236] and with the vast majority of the mutational burden 

composed of passenger mutations [215]. Transcriptional profiling of cancer cell 

populations tends to reflect the cumulative phenotypic status of the latter and is 

generally obtained from bulk tissue and therefore cannot be informative on the 

existence of low frequency distinct clonal/subclonal subpopulations [209]. 

Furthermore, molecular pathology provides information on the relative amount of 

protein present at the single-cell level but can be laborious and unfeasible when 

testing multiple targets at the same time.  

The results from this analysis demonstrate that epigenomic analyses can be applied 

to extrapolate phenotypic heterogeneity in solid tumours samples. The ChIP-Seq 

signal can be used as a proxy for correlating the number of cells in the population 

carrying specific epigenetic information. In vitro experiments (Figure 6.3 and Figure 

6.4) substantiate this statement whereby relative ChIP-qPCR enrichments, observed 

for a particular region, is dependent on the number of cells carrying that particular 

signal [209].  

Application of the ranking approach strategy (Figure 6.5) enabled to further distil 

which of the identified regulatory regions were deemed as epigenomic “noise” (RN) 

vs. those that were functional drivers (RD). The linear regression analysis of ranking 

index (RI) vs. sharing index (SI) applied to the H3K27ac ChIP-Seq patient-derived 

samples, demonstrated that peaks which were highly shared subsequently 

possessed a low RI and vice versa. The identified enhancers within the patient-

derived H3K27ac dataset were tested against known BC risk variants revealing that 

most of the latter were contained within the N=47 patient-sample enhancers; this 

would suggest that a vast amount of BC predisposition occurs though enhancer 

variants which are BC specific.  In addition, when comparing the patient-derived 
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H3K27ac ChIP-Seq data with H3K27ac ChIP-Seq data in BC cell lines, it was found 

that 1. cell lines form a subset of the patient-derived enhancer panel and hence 

possess dominant phenotypic clones and 2. BC cell lines were not activating new 

regulatory regions and hence consist of dominant phenotypic clones from the tumour 

of origin. The data thus implies that solid tumours consist of dominant (clonal) and 

sub-clonal cell populations which are under represented by BC cell lines [209]. 

 

8.3.4 The transcriptional landscape of ERα-positive breast 

cancer 

Unsupervised clustering of RN and RD regions in promoters (Figure 6.10B) and 

enhancers (Figure 6.10A), based on TF motif analysis, resulted in clear separation 

into two distinct biological groups, suggesting that RN and RD regions contain 

different regulatory information. Focusing on the enhancer regions, it was observed 

that mostly EREs were residing in the RN regions which is in agreement with 

heterogenous low-affinity ERα binding. Although the RN enhancer regions displayed 

enrichment for a larger set of TF motifs, strikingly the TF YY1 was exclusively 

enriched at the RD enhancers as well as the RD promoters.  

 

8.3.5 YY1 a novel driver in ERα-positive breast cancer 

The Ying Yang 1 (YY1), multifunctional protein, has been documented to be an 

important regulator of differential epigenetic regulation in gene expression and 

protein modifications [237]. YY1 is a ubiquitous in nature and is highly conserved 

protein from Xenopus to human. YY1 functions as a transcription factor which either 
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activates or represses its target gene, dependent on its recruited co-factors [238-

241]. YY1 is involved in the regulation of various genes enabling cells to differentiate 

and proliferate [239-243]. YY1 gene expression is regulated by numerous growth 

stimuli [240] and in addition, the latter has been found to be one of the Polycomb 

group proteins that contribute to epigenetic aberrations in cancers [244].  

YY1 has been proposed to possess a regulatory role in cancer development 

orchestrating the expression of many cancer-related genes such as MYC and c-FOS 

[245, 246]. There is evidence to suggest that YY1 has been found to be highly 

expressed in BC, cooperating with activator protein 2 to stimulate expression of 

ERBB2 (Her2/neu) which is a proto-oncogene overexpressed in approximately 30% 

of BCs and is correlated with poor prognosis [247].  

Having identified the YY1 enhancer (Figure 6.11), within the N=47 patient derived 

samples, the latter was found to be highly shared (SI=41) (Figure 6.11) and also a 

clonal enhancer. Preliminary IHC staining in ERα-positive breast cancer FFPE slides 

demonstrates that YY1 exhibits intense staining with invasive BC but weakly positive 

at normal breast ductal epithelium (Figure 6.15).  

ChIP-Seq analysis of YY1 in the BC cell line MCF7 and its oestrogen independent 

derivative LTED, demonstrates that although the majority of YY1 recruitment is 

independent of ERα, there is a subset of ERα-YY1 occurring as part of ERα core 

binding which is common to 75% of patients and BC cell lines. Exploration of ERα-

YY1 binding reveals genes defining the Luminal A subtype of ERα-positive BC. 

Interestingly, when analysing the ERα-YY1 bound enhancers in the LTED cells, the 

genes associated with these enhancers are strongly enriched for acquired endocrine 

resistance in ERα-positive BC (Figure 6.27) [209]. 
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Furthermore, silencing of YY1 (Figure 6.20) reveals reduced relative luciferase-ERE 

activity implying that it shares co-factor attributes with ERα (Figure 6.21) in 

oestrogen-deplete or oestrogen-induced conditions. In addition, silencing YY1 

abrogates growth in MCF7, ZR75-1 and T47D (lesser extent) BC cell lines which 

further supports YY1 positive involvement in BC progression (Figure 6.22 and 6.23). 

Inspection of the mRNA expression of ERα target genes upon YY1 silencing, reveals 

a reduction of TFF1, CA12 and GREB1 in both ethanol (control) and oestradiol (E2) 

treated groups (Figure 6.24) [209]. 

 

8.3.6 The role of SLC9A3R1 in ERα-positive breast cancer 

SCL9A3R1 has been identified as scaffolding protein Na+/H+ exchanger regulatory 

factor 1 (NHERF1) and ezrin-radixinmoesin binding phosphoprotein (EBP50). It is a 

ubiquitous protein which was first identified as a co-factor essential for protein kinase 

A-mediated inhibition of Na+/H+ exchanger isoform 3 (NHERF3) [248, 249]. 

SLC9A3R1 is a crucial component for the sorting and recycling of several receptors, 

ion channels, transporters and chemokine receptor internalisation and signal 

transduction [250-253]. In human pathology, altered SLC9A3R1 expression has 

been associated with hypertension, acute kidney failure, and breast cancer [254]. 

SLC9A3R1 regulates cell signalling pathways related to cancer progression, 

including PTEN, β-catenin, PDGFR, EGFR and HER2/neu. IHC staining of 

SLC9A3R1 reveals that its subcellular localisation is altered in various cancers with a 

predominant cytoplasmic expression [248]. 

In the context of endocrine resistant BC, ERα-YY1 bound enhancers were tested 

against a set of oestrogen responsive genes that cannot be antagonised by 
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Tamoxifen therapy (Figure 6.27). SLC9A3R1 was found not only to be the 2nd most 

Tamoxifen-resistant gene but also possessed an SI of 34 suggesting that it is widely 

shared amongst the patient-derived samples. In the absence of ERα the expression 

of SLC9A3R1 in MCF7 cell lines is significantly reduced. Meta-analytical studies 

demonstrated that SLC9A3R1 cannot be antagonised by Tamoxifen or Raloxifene 

(Figure 7.3) and it is also insensitive to neo-adjuvant aromatase inhibitor therapy 

(Figure 7.4). In addition, 3 independent clinical studies confirm that SLC9A3R1 is 

associated with poor outcome (Figure 7.6) [209]. 

Three enhancers (E1-E3) were identified from the patient-derived H3K27ac data for 

SLC9A3R1. ERα-YY1 binding is present in these enhancers (Figure 7.8) further 

demonstrating that SLC9A3R1 is an ERα target and is regulated by the ERα-YY1 

collaborative binding. Silencing of SLC9A3R1 in MCF7 cells (Figure 7.10A) and 

LTED demonstrates abrogation of proliferation (Figure 7.10B) in both BC cell lines.  

The data strongly suggest that SLC9A3R1 expression is driven by a BC specific 

enhancer within an expanding clone during tumour formation and potentially 

contributes to endocrine therapy resistance in BC [209].  
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8.3.7 Conclusions 

The results of the analysis have identified two novel drivers of luminal BC. Of note, 

YY1 has been classed as a fundamental TF associated with dominant enhancers 

and promoter in BC patients and acts as a global co-activator in cancer cells 

involved in orchestrating the cancer epigenome in BC. In addition, YY1 collaborates 

with ERα, as a co-activator by stabilising ERα binding and increasing transcription at 

a subset of enhancers specific to BC. The net effect of YY1 influence on ERα might 

overcome the benefit of activating the progesterone receptor (PgR) to induce a 

good-outcome ERα binding signatures [209]. This will allow for stratification of 

Luminal A BC patients who may be identified and subsequently treated with 

alternative chemotherapy/endocrine therapy regimens. 

With regard to the ERα and YY1-bound SLC9A3R1 enhancer, which cannot be 

antagonised by Tamoxifen or aromatase inhibitors, this enhancer remains active 

possibly due to the fact that ERα and YY1 binding provides stability to this enhancer 

rendering it active and insensitive to external stimuli.  

More importantly, using the concept of epigenetic signals, such as nucleosome 

activation (i.e. H3K27ac ChIP-Seq) as a digital signal, the work I have performed 

coupled with the collaborative analyses demonstrate that the epigenetic signal (i.e. 

“on or off”) can be used as a potential proxy for inferring phenotypic heterogeneity. 

To our laboratory group’s knowledge and with reference to published literature, this 

study is novel in showing the latter. Future studies will entail applying this concept of 

using epigenetic marks to assess for phenotypic heterogeneity in other cancers to 

ascertain whether this can be applied in pan cancer types. Furthermore, 1. Analysis 

of IHC staining for YY1/SLC9A3R1 of the patients samples used in this study 
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(N=23), which is still underway, to ascertain whether the RI determined by our 

epigenomic analysis corroborates with staining intensity (i.e. fortifying the proposed 

postulation that by using epigenomic mapping, phenotypic heterogeneity can be 

inferred , 2. Performing IHC staining on other clinical BC samples comparing normal 

tissue to BC; this will further substantiate whether YY1 and SLC9A3R1 are 

prognostic biomarkers in the context of ERα-positive BC and 3. Further 

characterisation of YY1 and SLC9A3R1 as biomarkers in ERα-positive BC leading to 

subsequent drug discovery research in potentially targeting these two novel players 

in ERα-positive BC. 
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ABSTRACT

breast cancer patients represents a major clinical problem. Notch signalling has 
been extensively linked to breast cancer especially in patients who fail to respond to 
endocrine therapy. Following activation, Notch intracellular domain is released and 
enters the nucleus where activates transcription of target genes. The numerous steps 
that cascade after activation of the receptor complicate using Notch as biomarker. 
Hence, this warrants the development of reliable indicators of Notch activity. DMXL2 
is a novel regulator of Notch signalling not yet investigated in breast cancer. Here, we 
demonstrate that DMXL2 is overexpressed in a subset of endocrine therapy resistant 
breast cancer cell lines where it promotes epithelial to mesenchymal transition 

patients that progress after endocrine therapy. Finally, we demonstrate that DMXL2 
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DMXL2

RESULTS

Notch signalling is dependent on notch 
accumulation in the chromatin

Figure 1: Notch pathway is upregulated in LTED and is dependent on DMXL2 overexpression. A–D.

B–E.
C–F.
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DMXL2 is over-expressed in metastatic breast 
tumors and is epigenetically activated in 
endocrine therapy resistant (ETR) cell lines

in vivo.
in vivo

DMXL2 depletion impairs notch signalling in 
endocrine therapy resistant cells

V-ATPase inhibition mimics DMXL2 depletion
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Figure 2: DMXL2 is overexpressed in metastatic tumors resistant to endocrine therapy. A.
B. T

C.
D.

P P P E.
F.
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DMXL2 over-expression correlates with 
acquisition of EMT phenotype

et al

Figure 3: DMXL2 regulates Notch pathway. A.
B.

C.
D.

P P P



Oncotarget22472www.impactjournals.com/oncotarget

Figure 4: DMXL2 depletion is mirrored by V-ATPase inhibition. A.
B.

C.

D.
E.

P P P
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Figure 5: DMXL2 regulates mesenchymal switch in LTED cells. A.
B. C.

D. E, F.

G.

H.
I.

L.

P P P
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DXML2 has a potential extracellular domain

DISCUSSION

in vivo

Figure 6: DMXL2 has a potential extracellular domain. A.
B.

C.
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in vivo in vitro

in vivo in vitro

MATERIALS AND METHODS

Cell culture

Migration and invasion assay

RNA extraction and real time RT_PCR

siRNA

Overexpression

Rescue experiment

3D organoids assay (hanging drop assay)
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Antibodies-drugs

Western blot and fractionation

Tissue microarray (TMA) of paired primary and 
secondary breast cancers

°

Statistical analysis

T
P P P P

P P P
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ABSTRACT

Over 30% of ER` breast cancer patients develop relapses and progress to 
metastatic disease despite treatment with endocrine therapies. The pioneer factor 
PBX1 translates epigenetic cues and mediates estrogen induced ER` binding. Here 
we demonstrate that PBX1 plays a central role in regulating the ER` transcriptional 
response to epidermal growth factor (EGF) signaling. PBX1 regulates a subset of 
EGF-ER` genes highly expressed in aggressive breast tumours. Retrospective 

demonstrates that elevated PBX1 protein levels correlate with earlier metastatic 

metastatic progression in ER`-positive breast cancer patients. Finally we reveal that 

of the PBX1 locus. Correspondingly, ER`-positive breast cancer patients carrying 

`-

as a functional hallmark of aggressive ER`-positive breast cancers. Mechanistically, 

ER`-positive breast cancer.
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Differential epigenetic reprogramming in response
to specific endocrine therapies promotes
cholesterol biosynthesis and cellular invasion
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Endocrine therapies target the activation of the oestrogen receptor alpha (ERa) via distinct

mechanisms, but it is not clear whether breast cancer cells can adapt to treatment using

drug-specific mechanisms. Here we demonstrate that resistance emerges via drug-specific

epigenetic reprogramming. Resistant cells display a spectrum of phenotypical changes with

invasive phenotypes evolving in lines resistant to the aromatase inhibitor (AI). Orthogonal

genomics analysis of reprogrammed regulatory regions identifies individual drug-induced

epigenetic states involving large topologically associating domains (TADs) and the activation

of super-enhancers. AI-resistant cells activate endogenous cholesterol biosynthesis (CB)

through stable epigenetic activation in vitro and in vivo. Mechanistically, CB sparks the

constitutive activation of oestrogen receptors alpha (ERa) in AI-resistant cells, partly via the

biosynthesis of 27-hydroxycholesterol. By targeting CB using statins, ERa binding is reduced

and cell invasion is prevented. Epigenomic-led stratification can predict resistance to AI in a

subset of ERa-positive patients.
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O
ver 70% of all breast cancers are characterized by the
expression of the nuclear receptor oestrogen receptor
alpha (ERa)1. Patients with ERa-positive disease are

routinely treated with adjuvant endocrine therapies (ETs) after
surgery. ETs include a series of compounds designed to interfere
with ERa activation, including selective oestrogen receptor
modulators (for example, tamoxifen), aromatase inhibitors (AIs,
for example, Letrozole and Anastrozole) and selective oestrogen
receptor downregulators (Faslodex/Fulvestrant)2. Tamoxifen
competitively bind to ERa in the place of estrogens such as
estradiol (E2). AIs are designed to deplete the estrogens in
circulation, while Fulvestrant irreversibly bind to ERa leading to
ERa degradation. Over 40% of ERa breast cancers eventually
relapse from ETs becoming progressively refractory to further
treatments1. It remains unclear whether resistance to ETs
involves drug-specific mechanisms. Since ETs are characterized
by different mechanisms2,3, it is conceivable that chronic
exposure to therapy may impart specific selective pressure and
elicit different response mechanisms to induce stable phenotypic
changes.

During development and differentiation, cell identity is
established by the epigenetic activation of cell-type-specific distal
regulatory elements mediated by combinatorial patterns of
histone modifications4,5. These regions are often embedded in
chromatin-accessible sites and contain DNA sequence motifs for
cell-type-specific transcription factors (TFs)6. The epigenome
retains some degree of plasticity, as cell identity can be
epigenetically reprogrammed by exposure to external stimuli
such as the ectopic expression of TFs6. Cancer cells can also
remodel histone modifications and chromatin accessibility in
response to chronic exposure to therapeutic agents7–9. For
example, adaptation to oestrogen deprivation in ERa-positive
breast cancer cells invokes extensive epigenetic reprogramming
especially in distal regulatory regions such as enhancers7.
Regulatory elements directly associated with active
transcription, and more complex regulatory regions (that is,
super-enhancers (SEs)) can be mapped by measuring the histone
modification histone 3-lysine 27 (H3K27ac)10–14. In this study,
we have investigated the nature of drug adaptation to a diverse
range of ETs in isogenic ERa-positive breast cancer cells using
integrative and orthogonal epigenomic approaches.

Our data demonstrate that breast cancer cells evolve individual
epigenomic and transcriptomic profiles in response to treatment.
Both in vitro and in vivo, AI-resistant cells acquire the most
aggressive phenotype and develop invasive characteristics in two-
dimensional and three-dimensional (3D). Integrative analyses of
AI-resistant cells identify stable upregulation of the entire
cholesterol biosynthesis (CB) pathways including genes involved
in 27-hydroxyl-cholesterol (27HC) biosynthesis. 27HC stimula-
tion is sufficient to promote oestrogen-independent ERa binding
to thousands of putative regulatory regions. In agreement with
this finding, chromatin immunoprecipitation sequencing (ChIP-
seq) analysis of the chromatin of AI-resistant cells confirmed
extensive ERa binding despite oestrogen-deprived conditions.
Furthermore, CB blockers (statins) can reduce ERa binding to
DNA and abrogate cell invasion. CB upregulation also occurs
in vivo during breast cancer progression. Finally, we demonstrate
that a CB-based signature might be used to improve the
stratification of ERa breast cancer patients before adjuvant
treatment.

Results
Adaptation to AI treatment leads to de novo invasiveness. ETs
are designed to block oestrogen-driven proliferation by inter-
fering with one specific TF (for example, ERa). However, we

hypothesized that the development of resistance may follow
distinct routes and generate alternative phenotypes through the
different molecular mechanisms specific to each agent2. To test
this hypothesis, we used a series of isogenic cell lines resistant to
single agents or a combination of agents (endocrine therapy (ET)-
resistant ETR cells, Fig. 1a)15. Our aim was to understand the
connection between the acquisition of drug-resistance and breast
cancer progression, particularly metastatic development. We then
carried out a real-time, impedance-based assay to monitor the
migratory and invasion behaviour of ETR cells. These assays
demonstrated that long term estrogen deprived (LTED) cells
(mimicking AI resistance16) specifically develop migration and
invasion properties, while MCF7- and TAM/Fulvestrant-resistant
cells (MCF7T and MCF7F) do not (Fig. 1b; Supplementary
Fig. 1A). It is worth noting that sequential resistance did not
increase these traits (LTEDT and LTEDF versus LTED). To
corroborate these findings, we developed a 3D invasion assay
(organoids assay) in which the cells were allowed to form 3D
bodies and then embedded in Matrigel. In agreement with the 2D
assay, AI-resistant cells (LTEDs) spread remarkably through the
Matrigel environment, while the MCF7s do not (Fig. 1c;
Supplementary Movie 1A–D). Finally, we developed a
metastatic mouse model to validate our findings in vivo by
engineering two red-fluorescent protein reporter (mCherry) lines
(MCF7-FRP and LTED-RFP). After injection into the tail vein of
NOD-SCID mice (Fig. 1c), only LTED cells colonize several sites
including the lymph nodes and bones (Fig. 1d). Histology
analyses of putative metastatic tissues from the lymph nodes and
bone marrow confirms that the invading cells are of human origin
and contains breast cancer protein markers17 (HNA and PBX1
(ref. 18), Fig. 1d; Supplementary Fig. 1B). Overall, these data
demonstrate that AI-resistant cells acquire traits common to
aggressive breast cancers. Tamoxifen- or Fulvestrant-resistant
cells, although becoming resistant to the cytostatic effect of the
agent, do not evolve into highly invasive cells thus supporting the
notion of agent-specific reprogramming.

ETR cells follow distinct reprogramming routes. To decipher
the molecular changes induced by drug-specific resistance, we
developed an unbiased integrative approach combining RNA
sequencing (RNA-seq) and H3K27ac ChIP-seq in ETR cells. All
ETR cells express significantly lower messenger RNA (mRNA)
levels for several oestrogen receptor target genes, indicating that
ET treatments still exert negative pressure on ERa signalling. As
expected, MCF7F and LTEDF cells acquire an ERa-negative
status, while the rest of the panel remained ERa positive
(Supplementary Fig. 2A). Interestingly, other chromatin compo-
nents of ERa signalling19 (for example, ERa pioneer factors such
as FoxA1, PBX1 and GATA3 (refs 20,21)) remain expressed at
similar levels in all cell lines (Supplementary Fig. 2B,C). Cell lines
with sequential resistance are characterized by a greater number
of differentially regulated genes (Supplementary Fig. 3A).
Correspondingly, these cells display increased numbers of
potential regulatory regions as demonstrated by the significant
increase in H3K27ac-positive loci (Supplementary Fig. 3B). This
increase could not simply be attributed to general changes in
H3K27ac distribution (Supplementary Fig. 3C).

We then carried out a gene ontology analysis on our RNA-seq
data to identify potential pathways responsible for the invasive
phenotype characterizing LTED cells. To increase the
power of these analyses, we clustered together all the genes
differentially regulated in invasive (LTED–LTEDT–LTEDF) and
non-invasive (MCF7T–MCF7F) cells (Supplementary Fig. 4A).
Strikingly, we found that LTED cells activated metabolic
pathways and lipid metabolism (for example, super-pathway of
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CB, Fig. 2a; Supplementary Fig. 4B; Supplementary Data 1). More
importantly, these pathways were not active in non-invasive
MCF7T and MCF7F cells (grey versus red bars), suggesting

differential transcriptional reprogramming (Fig. 2a). These
changes are not transiently imposed by the culture condition,
but rather represent stably engrained transcriptional. In point of
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Figure 2 | Drug adaptation and epigenetic reprogramming. (a) IPA pathway analysis of differentially upregulated genes (for details of the analysis, see

Supplementary Fig. 4A). The top 20 IPA pathways for invasive and non-invasive cells are plotted with their respective P values. Metabolic pathways are in

bold. The dotted line is set at a pVal¼0.01. (b) Diagrammatic image of the bioinformatics strategy adopted for the epigenetic analysis in the six cell lines.

For more details, please see the Methods (c) Heatmaps showing the mean H3K27ac level in each cluster for each of the six cell lines. Regions were split

into TSS-proximal and distal and shown as separate heatmaps. Total number of regions in brackets. (d) The proportion of TSS-proximal and distal regions in

each cluster is shown. (e) Heatmap showing the median of the linear FPKM for each cluster along the cell lines. (f) IPA canonical pathways significantly

enriched considering the genes putatively regulated by the TSS-proximal elements in enhancer clusters. The 10 most enriched terms were extracted and

their log10 (P value) (Fisher’s exact test) are shown as bar plots. The red line is set at a pVal¼0.01. (g) FPKM values of genes belonging to the

‘Superpathway of Cholesterol Biosynthesis’ (IPA canonical pathways) identified using H3K27ac patterns alone but also showing a significant deregulation in

RNA-seq compared with MCF7. Transcripts showing low expression levels are indicated with asterisks.
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fact, we could not re-establish the original transcriptional profile
(for example, MCF7) by culturing resistant cells in MCF7 culture
conditions and the absence of endocrine treatment
(Supplementary Fig. 4C).

We hypothesized that the reprogrammed transcriptomes
evolved by invasive LTEDs cells might play a central role in
driving aggressive breast cancer in vivo. To test this, we devised
five individual cell signatures containing the top 10% of
upregulated genes specific to each individual cell line
(Supplementary Data 2) and split patients into high and
low expressors (Supplementary Fig. 5A). Analysis of the
METABRIC22 data set (restricting it to the ERa-positive
patients) demonstrates that only LTED-based signatures
significantly predict poor survival (Supplementary Fig. 5B,C).
Collectively, these data demonstrate that AI-resistant cell lines
evolve transcriptional programmes typical of patients developing
more aggressive tumours.

Drug resistance invokes activation of regulatory elements. We
reasoned that chronic drug exposure probably acts as a constant
selective pressure within our cell line system and allow for
selective activations of regulatory regions. Indeed, we demon-
strated that these changes become heritable and eventually
independent from media conditions. We then investigated the
epigenetic circuitry that drives the cell-type-specific transcription
in our ETR models. By comparing our epigenomic maps with
publically available H3K27ac profiles, we confirmed the common
ancestry of ETR cells (data from ENCODE5), suggesting that
adaptation to therapy does not entirely upset the epigenetic
landscape (Supplementary Fig. 6A). Next, we devised a strategy to
pinpoint the distal regulatory enhancers actively involved in
regulating cell-type-specific gene expression (Fig. 2b). We first
identified all the loci that showed changes in H3K27ac by
comparing ETR cells with MCF7s using MACS23. We then
pooled and clustered all the regions showing a significant increase
or decrease in at least one cell line according to the co-variation of
their patterns across the six cell lines (Fig. 2b and extended
Methods). Using this strategy, we extrapolate genome-wide
groups of potentially interacting TSS and enhancer pairs
sharing the same pattern of activity across the lines (13
different clusters). Each cluster is then de-convoluted to
TSS-proximal and TSS-distal (canonical enhancers) elements
(Fig. 2c,d). We then match the promoter-proximal H3K27-
acetylated regions to RefSeq genes and annotate the genes
according to our RNA-seq analysis. These analyses demonstrate
that H3K27ac at distal enhancers is highly consistent with
H3K27ac at promoter and mRNA transcription (Fig. 2e).
Of note, our analysis provides a solid alternative for studying
distal regulatory regions in the absence of detailed interaction
maps.

We then used Ingenuity Pathway Analysis to identify cell-type-
specific pathways based on canonical enhancers (Supplementary
Data 3). Cluster 1 contains mainly promoter-proximal elements
(Fig. 2d) and shows an increase in H3K27ac signals in all resistant
cells (Fig. 2c). In agreement, pathways significantly enriched in
this cluster have been previously associated with ET resistance
(mTOR, EIF2, NGF, EGF and HER2 signalling22,24) (Fig. 2f).
Clusters 2 and 3 are directly associated to the loss of ERa, thus
demonstrating the central role of this TF in breast cancer cells.
Despite over half of the regions in these groups mapping to distal
enhancers, coding regions unambiguously assigned to TSS-
proximal elements are enriched for pluripotency genes (Fig. 2f),
a feature typical of basal, stem-like ERa-negative breast cancers25.
Focusing on LTED-specific regulatory elements, cluster 5 and
cluster 9 are almost exclusively enriched for genes belonging to

the super-pathway of CB confirming our transcriptional analysis
(Fig. 2f). Overall, these unbiased epigenomics analyses strongly
support our initial findings, and substantiate the hypothesis
that AI-resistant cells epigenetically activate distinct pathways
compared with other resistant cells.

Drug-resistance-specific activation of SEs. Our integrative
epigenomic analyses suggest that endogenous activation of CB is
one of the key pathways epigenetically activated in AI-resistant
cells. Epigenetic activation of the CB pathway appears to occur
through a multi-step process. For example, many regulatory
elements associated with genes belonging to CB are included in
cluster 1 (common to all resistant cells, Supplementary Data 3),
indicating that these genes are active also in Tamoxifen- or
Fulvestrant-resistant cells (Fig. 2g). Nevertheless, the rate-limiting
enzymes of this pathway and their associated regulatory regions
(for example, HMGCR and SQLE) are ultimately activated/
upregulated only in oestrogen-deprived LTED cells (Fig. 2g). We
therefore decided to investigate whether epigenomic activation
of CB involves more complex epigenetic features such as SEs.
Recent publications11,26,27 have identified dense clusters of distal
regulatory regions that are strongly associated with transcription
and particularly susceptible to perturbation, termed SEs (Fig. 3a).
Adapting a previously published approach27, we identified a set of
710 SEs with different types of distribution across ETR cells
(Supplementary Fig. 6B). Initial clustering analysis using SEs
reveals that LTEDs cells share extensive epigenetic features.
Instead, MCF7F cells maintain fewer connections with parental
MCF7 further demonstrating the marked effect of ERa loss
(Supplementary Fig. 6C). As expected, SEs activation strongly
reflects cell unique traits, for example, the SEs associated with
oestrogen/oestrogen receptor target gene17 EGR3 was identified
only in MCF7 cells (Fig. 3a). Next, we clustered SEs to obtain 10
distinct groups using a similar approach-based on co-variance
(Figs 2b and 3b and extended materials). IPA analysis of LTED-
specific SE clusters (clusters 3 and 5) identified once more
metabolic and signalling pathways. It must be pointed out that
the acetylation of SEs was strongly associated with the expression
of nearby genes, in agreement with previous findings28

(Supplementary Fig. 6D; Supplementary Data 4). Finally, we
identified the TF motifs buried within peak-valley-peak structures
to gain further insights into the regulatory circuitry underlying
these SEs. Running IPA analysis to identify pathways coordinated
by TFs that could potentially bind these SE valleys, we found that
LTED-specific SE clusters 3, 5 and 6 were enriched for several
metabolic nuclear receptor-driven pathways (Fig. 3c, the TFs
identified include FOXO1, FOXA1, FOXA2, NR5A2 for cluster 3
and RXRG, VDR, RXRB, RXRA for cluster 5). Finally, we
investigated the accessible chromatin landscape to gain more
detailed insights into global changes in TF occupancy using
high-depth DHS-seq29. Footprinting analysis to scan for putative
binding sites using DHS-seq identifies a massive increase in
SREBP1 and SREBP2, the two master regulators of cholesterol
homeostasis in mammals30, in LTED cells (Fig. 3d). Significantly,
SREBP1/e are also the top candidates transcriptional regulators in
LTED for our RNA-seq-based analysis (see Supplementary Data
1, upstream regulators). SREBP1 activates cholesterol genes by
binding their promoter after nuclear translocation in response to
intracellular cues31,32. SREBP1 nuclear translocation can be
inhibited using a novel series of compounds called fatostatin33.
To test whether SREBP1 translocation was effectively one of the
key events in CB activation, we treated MCF7 and LTED cells
with fatostatin. Fatostatin treatment induced a significant
reduction for several key genes in the CB pathway including
the two rate-limiting enzymes HMGCR and SQLE specifically in
LTED cells (Fig. 3e).
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In summary, SEs and chromatin accessibility analyses further
demonstrate a role for cholesterol-driven signalling centred on
the potential crosstalk between nuclear receptors and cholesterol-
specific TFs. These data suggest that epigenetic reprogramming
might induce new transcription factor dependencies.

Epigenetic reprogramming involves larger chromatin structures.
Recent evidence suggests that SEs are regulated in the context of
TADs28, with relatively insulated effects within CTCF-defined
regions. TADs are physically defined genomic regions that
shows cohesive gene regulation during development33. Several
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studies indicate that TAD boundaries are generally resistant to
differentiation34. We observed that in some instances, clusters of
genes physically located in the same genomic region (for example,
keratin locus, chr12q13.13) are differentially regulated as a single
transcriptional unit (Supplementary Data 4). More specifically, the
KRT locus (KRT7, KRT80, KRT81, KRT83 and KRT86) is
upregulated in all resistant cells and its putative SE belongs to
cluster 1 (Fig. 3b). This raises the possibility of coarse-grained
epigenetic reprogramming occurring at the level of entire genomic
compartments. To test this hypothesis, we sorted 2,283 TADs
(previously identified in IMR90 cells33) according to the ratio of
their H3K27ac levels in LTED versus MCF7 (Fig. 4a). The TAD
encompassing the KRT genes (chr12:52,513,733� 53,913,733)
ranked in the top 5%, showing a 1.42-fold increase in H3K27ac
in LTED cells (Fig. 4a), confirming that epigenetic reprogramming
might target sets of genes simply based on their physical proximity.

We then investigated whether analogously to KRTs, CB genes
are regulated in response to coarse-grain activation of their
respective SE-TAD structures. Genes in the CB pathways were
found scattered over different genomic compartments with no
coherent changes in H3K27ac, suggesting a TAD-independent,
punctuated regulation (Fig. 4a). Thus, while some CB genes might
be passively regulated in response to widespread epigenetic
changes, others may be controlled by more precise epigenetic
changes, often counteracting the local TAD changes. For example,
at the SQLE locus the local increase in acetylation (LTED versus
MCF7) substantially overshadows the modest increase in TAD
acetylation (Fig. 4b, yellow arrow). Strikingly, genes such as
HMGCR and CYP51A1 gain H3K27ac signals in their putative
regulatory regions despite locally losing acetylation at the TAD
level (Fig. 4b, black arrows). We obtained similar results when
comparing global changes in RNA transcription within the TAD to
the local changes for single CB genes. These data strongly suggest
that CB genes activated in non-invasive cells (Fig. 2g) might be
passengers of TAD-wide epigenetic activation, while rate-limiting
CB genes are specifically targeted in AI-resistant cells only.

To further investigate the role of CB in AI-resistant cells, we
transcriptionally profiled the entire cholesterol superpathway
using reverse transcription (RT)–quantitative (q)PCR. The CB
pathway is made up of 24 genes coding for enzymes necessary to
build cholesterol molecules from acetyl-derived carbons (Fig. 4c;
Supplementary Fig. 7A). Strikingly, 22/24 genes in the CB
superpathway are upregulated in LTED cells, while 2/24 and 3/24
are upregulated in MCF7T and MCF7F cells, respectively
(Fig. 4c). To rule out cell-type-specific bias in the activation of
CB, we then analysed a second ERa-positive cell lines (in T47D
breast cancer cells35). In agreement with MCF7 data, we observe a
marked upregulation of CB transcripts in T47D-LTED cells as
compared with naive T47D (21/24, Fig. 4d). On the other hand,
non-tumorigenic MCF10A have much lower mRNA levels for all
CB genes compared with non-invasive T47D or MCF7 cells
(average 14±11%).

To confirm the epigenetic nature of CB activation in
T47D-LTED cells, we assessed the H3K27ac status of several
regulatory elements comparing resistant and naive cells. In agree-
ment with MCF7 ETR cells, T47D-LTED exhibit a strong increase
in K27acetylaiton at enhancers associated with CB genes (Fig. 4e).
Finally, we investigated the epigenetic activation of distal
enhancers associated with CB directly in clinical specimens. In
agreement with our in vitro data, ChIP–qPCR analysis demon-
strate a significant increase in H3K27ac signal in a biopsy derived
from a metastatic deposit (AI resistant) compared wih a sample
derived from a primary, drug-sensitive ERa breast cancer patient
(Fig. 4g).

Altogether, these data demonstrate that the selective pressure
operated by chronic drug exposure is counteracted using very

distinctive epigenetic mechanisms. More specifically, these data
strongly support the centrality of CB epigenetic activation in AI-
resistant cells.

CB promotes ERa activation. ERa and other nuclear receptors
can be activated by a vast array of ligands including sexual
hormones (estrogens) and other cholesterol-derived compounds.
Recent evidence has shown that cholesterol derivatives such as 25
and 27 hydroxycholesterol can also promote the transcription of
ERa target genes in breast cancer cells36,37. Interestingly, 27HC
can also increase metastatic invasion in mice xenografted with
MCF7 cells38. We then hypothesized that one of the possible
consequence of epigenetic activation of CB in AI-resistant cells
might be the activation of autocrine signalling via de novo
synthesis of 27HC39. To test this, we initially investigated the
expression levels of CYP27A1 and CYP7B1, the two enzymes
involved in the synthesis and catabolism of 27HC from
cholesterol precursors39. Analogously to CB genes, CYP27A1 is
significantly upregulated in LTEDs compared with MCF7 and
other resistant cells (Fig. 4c). Similarly, T47D-LTED exhibited an
increase in CYP27A1 compared with parental T47D cells
(Fig. 4d). On the other hand, we could not identify CYP7B1
transcripts in our cells (Fig. 4c,d). CYP27A1 is highly expressed in
macrophages but also in ERa-positive breast cancer cells
in vivo38. For example, we could identify strong expression of
CYP27A1 in two newly established ERa metastatic cell line
models derived from pleural effusion of AI-resistant patients
(Supplementary Fig. 7B). These data suggest that LTED cells can
convert the cholesterol obtained via augmented CB into 27HC in
an autocrine pattern39.

Next, we performed ChIP-seq analysis to determine whether
27HC could induce ERa chromatin binding in a way similar to
other well-characterized ligands such as estradiol (E2)38 and
EGF40. We performed these experiments using parental MCF7, in
which endogenous CB is modest compared with LTED, to
increase the signal to noise ratio and get robust ERa induction.
27HC stimulation (1 mM)38 led to ERa binding to 5,174 regions.
Interestingly, over 70% of 27HC-ERa-binding sites were occupied
by E2-ERa or EGF-ERa (Fig. 5a). Shared ERa-binding sites were
enriched for H3K27Ac, H3K4me1, PBX1 and FOXA1, two TFs
central to ERa signalling19 and were highly accessible (as shown
by DHS-seq) while depleted of repressive histone marks (K9me3
and K27me3) (Fig. 5b). Shared ERa-binding sites had over 70%
overlap with the core-ERa-binding sites found in vivo41. We thus
concluded that 27HC-bound ERa can be recruited to regulatory
regions commonly associated with oestrogen signalling. In
addition, we also identified a set of binding sites unique to
27HC activation (Fig. 5c). These sites appeared to be weaker and
less enriched for K27ac but still under selective constraints
(Phastcons method).

We then examined ERa recruitment in LTED cells cultured in
the complete absence of oestrogen. We hypothesized that
endogenous CB activity might be sufficient to promote ERa
binding to a large set of regulatory elements. Focusing on
27HC-specific ERa-binding sites, we found that oestrogen-
depleted LTED cells have a higher average ERa binding
compared with MCF7 cells grown in the same conditions
(Fig. 5d). When we expanded this analysis to the entire repertoire
of ERa-binding sites (E2, EGF and 27HC in MCF7 plus LTED,
total 51,974 regions), LTED cells still exhibited stronger genome-
wide recruitment of ERa compared with their parental MCF7
cells grown in the absence of oestrogen (Fig. 5e), suggesting that
CB activation might be sufficient to replace oestrogen in LTED
cells. Blocking endogenous CB using Lovastatin (HMGCR
inhibitor) or Terbinafine (SQLE inhibitor) induces a modest
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although significant reduction in ERa recruitment at 27HC
unique sites in LTED cells (Fig. 5f), further suggesting that CB
contributes to cell-autonomous ERa recruitment in LTED cells.

Finally, we reasoned that epigenetic CB activation in AI-
resistant LTED cells might contribute to the invasive phenotype
displayed by these cells. We therefore tested the possibility of
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blocking cellular invasion by targeting CB. As expected, LTED
cells tended to be more sensitive to inhibition of CB as
demonstrated by their respective half-maximal inhibitory con-
centration (IC50) (MCF7: 89 and 90 mM, LTED: 22 and 42 mM,
Lovastatin and Terbinafine, respectively). More importantly,
inhibition of CB or short interfering RNA-mediated depletion
of SQLE was sufficient to block the invasion of AI-resistant LTED
cells in 3D Matrigel assay (Fig. 6a; Supplementary Movie 5A–D).
Conversely, treatment with mevalonate (the byproduct of
HMGCR) significantly increased the invasive potential of non-
invasive MCF7 cells (Fig. 6b). SQLE depletion also resulted in the
significant repression of several genes involved in cellular
invasion (Fig. 6c). Altogether, these data strongly suggest that
epigenetically activated CB contributes to the invasive phenotype
exhibited by AI-resistant LTED cells.

CB serves as a biomarker in AI-treated breast cancer patients.
Our integrative analysis of breast cancer cell lines resistant to
individual ETs identified epigenetic activation of CB as a poten-
tially important resistance mechanism specific to AI-treated
patients. We therefore investigated whether our findings had
translational potential and could be used to stratify patients
before endocrine treatment. We initially developed a gene
signature (Supplementary Data 1) to retrospectively stratify
TCGA ERa-positive breast cancer patients that expressed high or
low levels of CB gene mRNA levels. We used TCGA data since it
was possible to retrieve treatment information from these patients
(AI n¼ 144, Tamoxifen n¼ 127). ERa-positive patients with high
expression of our CB-based signature at diagnosis consistently
display shorter recurrence- and metastatic-free survival and are
characterized by poor survival (Supplementary Fig. 8A,B). The
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same signature cannot be used to identify ERa-negative patients,
suggesting a significant degree of specificity (Supplementary
Fig. 8C). There are no significant changes in performance when
correcting for luminal A or luminal B (Supplementary Fig. 9). CB
can be directly upregulated in response to p53 mutations42;
however, MCF7 cells are p53wt and LTED do not acquire p53
mutations. On the other hand, T47-LTED incur in significant CB
activation despite T47D being already p53mut, suggesting a
degree of independence between the genetic status of p53
and the activation of CB. Finally, we still observed a
strong prognostic significance within the ERa-p53-mutated
subpopulation, suggesting the existence of additional
mechanisms (Supplementary Fig. 9).

Most importantly, our CB signature was particularly efficient in
assessing overall survival in AI-treated patients but not in

Tamoxifen-treated patients (Fig. 7a) again suggesting that
endocrine resistance is driven by distinct mechanisms. Examining
the expression of genes involved in CB in an independent cohort
(FEMARA trial43), we find that MSMO1, MVD and SQLE
mRNA levels are statistically higher in patients that did not
respond to neo-adjuvant (pre-surgery) AI therapy (Fig. 7b).
Overall, these data suggest that patients with high CB are less
likely to benefit from AI treatment and are in substantial
agreement with our in vitro results.

SQLE is the second rate-limiting enzyme in the CB pathway
and one of the genes epigenetically activated specifically in
LTED cells (Figs 2g and 4b). As expected, SQLE-encoded
protein is strongly upregulated in all LTED models (Fig. 7c). We
therefore quantified mRNA levels for HMGCR and SQLE in an
ERa breast cancer patient treated with AI for whom we had
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longitudinal data (RNA obtained at diagnosis, first relapse and
in circulating metastatic cells from pleural effusion). In
agreement with our previous finding, we found that key CB
genes are progressively upregulated during cancer progression
(Fig. 7d). Overall, SQLE emerged from these analyses as a novel
candidate biomarker to identify AI-resistant breast cancer
patients. This was further confirmed by our unbiased analysis
of the entire human transcriptome. When we sorted all 22,277
probes present in the U133A gene chip according to their
potential to predict relapse in a panel of 724 ERa-positive breast
cancer patients treated with ET, SQLE (probe set 209218_at)
ranked 1st (hazard ratio¼ 2.67) (Fig. 7e; Supplementary
Data 5). Finally, we speculated that genetic–epigenetic interac-
tions might facilitate SQLE expression in ERa-positive breast

cancer. Remarkably, SQLE is amplified in almost 10% of
ERa-positive patients and overexpressed in an additional 13%44

(Supplementary Fig. 10A). SQLE amplification directly
correlates with increased mRNA expression in primary
tumours (Supplementary Fig. 10B). SQLE emerges also as one
of the top-ranking overexpressed genes in 10 breast cancer-
independent data sets (invasive ductal carcinoma (IDC) versus
normal breast, Supplementary Data 6). More importantly, SQLE
amplification or mRNA overexpression is sufficient to stratify
outcome in ERa-positive breast cancer patients from the TCGA
cohort (Supplementary Fig. 10C). Altogether, our data strongly
support the prediction generated using drug-specific resistant
cells and confirm a functional role for epigenetic activation of
CB as a mechanism of resistance to AI therapy in vivo.
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Discussion
In addition to clonal selection41, adaptation to drug treatment
may involve heritable transcriptional changes that allows cells to
survive in the presence of externally imposed selective pressure7,8.
Using ERa-dependent breast cancer cells as a working model, we
demonstrate that adaptation to therapeutic agents sharing the
same target follow distinct routes depending on the specific
mechanism of action. More specifically, the appearance of
oestrogen-independent growth corresponds to the epigenetic
activation of CB. CB functionally contributes to the invasive
phenotype AI-resistant cells and CB activation can be used to
predict resistance to AI before treatment. Drug-resistance,
however, does not invariably coincide with the development of
more aggressive phenotypes, suggesting that in some instances
the transition to metastatic progression requires additional
reprogramming. Using recently developed paradigms, our data
demonstrate that individual drugs impose very specific epigenetic
changes that target both local regulatory elements such as
individual enhancers and large topological domains and SEs11.
This is surprising considering that endocrine treatments impinge
on the same TF (for example, ERa). It will be important to
evaluate whether a similar process occurs also in other
malignancies.

TF motif analyses of epigenetically reprogrammed loci show
that deregulation of the core network of TFs, which lies at the
basis of cell-type specification (for example, FoxA1)45 might lead
to aberrant rearrangements of entire chromosomal territories.
These rearrangements may include surrounding genes that are
central to functional reprogramming, drug resistance and
invasion. At the same time, specific selective pressures might
trigger epigenetic activation of tailored pathways (for example,
CB), irrespective of the broad chromatin context in which single
genes are nested.

Our data support a model in which chronic exposure to AI
constitutively activates CB. Intra-tumour activation of CB may
then lead to the local accumulation of metabolic ligands for other
nuclear receptors. Promisingly, we find that AI-resistant SEs are
enriched with DNA motifs of metabolic nuclear receptors
including FXR and LXR. It is well established that 27HC is also
an LXR agonist38, therefore we cannot exclude that LXR might
also contribute to AI resistance in combination with endogenous
ERa activation46. In addition, endogenously produced ligands,
including 27HC might act on additional nuclear receptors and
allow the activation of an alternative cohort of regulatory
elements (Supplementary Fig. 11). Of note, 40/48 nuclear
receptors (NRs) have increased expression in LTED cells
(FXR4300 fold, LXR41.8 fold) and 9 of these are markedly
increased in ERa-negative LTEDF (PPARg4 500-fold) strongly
suggesting that other nuclear receptors might contribute to the
invasive phenotype observed in LTEDF cells. In the same way,
autocrine metabolic signalling might also contribute to ERa
binding found in metastatic breast cancer in vivo41.

Epigenetic activation of the CB pathway might also be
supported by specific genetic aberrations. For example, SQLE
amplification occurs in a significant proportion of cancers47, but
the functional consequences of SQLE amplification have not
previously been appreciated. SQLE locus is just 2 Mb away from
the oncogene Myc in a hotspot for genomic rearrangements44.
However, we could not find any clear correlation between SQLE
and MYC expression, suggesting that the poor outcome typical of
breast cancer patients with high SQLE does not simply reflect
MYC activation. Notably, our model could partially explain
recently published epidemiological observations. While the
protective role of anti-cholesterol statin towards breast cancer is
still debated, a nation-wide study found that statin users with
ERa-positive breast cancer are less likely to develop relapses48. In

agreement with our findings, no effect on relapse rates was noted
in patients with ERa negative48

Recent clinical trials recommend a switch from Tamoxifen to
AI with ovarian suppression in pre-menopausal women49. Our
data suggest that Tamoxifen and AI exposure do not have an
equivalent effect on breast cancer cells; thus ERa patients should
be assigned to a specific endocrine treatment depending on the
molecular profile of their tumour. Moreover, our data offer novel
molecular insights and warrants for additional clinical trials
combining statins and AI in patients with metastatic disease47.
Pharmacodynamics studies show no influence of statins on E2
levels or Anastrozole metabolism50. Interestingly, statins were
shown to interfere with ovarian cancer and multiple myeloma
growth in pre-clinical models51,52. Our work therefore offers a
new paradigm in the context of how epigenomes evolve in
response to interrelated exogenous pressures while paving
the way for future studies designed to help us understand the
specific effects of therapeutic intervention during metastatic
progression.

Methods
Cell lines and clinical samples. Cell lines were cultured as follows MCF7 and
T47D: DMEM cell growth medium (DMEM with 10% of fetal bovine serum (FBS)
and 100 U penicillin/0.1 mg ml� 1 streptomycin plus 10� 8 17-b-estradiol (SIGMA
E8875). LTED cells were passaged in stripped DMEM cell growth medium
(Phenol-free DMEM with 10% of charcoal-stripped FBS (CDT) and 100 U peni-
cillin/0.1 mg ml� 1 streptomycin MCF7T and LTEDT were cultured as MCF7 and
LTED with the addition of 10� 7 4-hydroxytamoxifen (SIGMA H7904). MCF7F
and LTEDF were cultured as MCF7 with the addition of 10� 7 Fulvestrant (SIGMA
I4409)15. Tissues (primary, secondary and pleural effusions) were obtained from
the Imperial Tissue Bank. The Tissue Management Committee reviewed and
approved all documents. Imperial Tissue bank released stores the samples under an
HTA Licence (12275). The appropriate regulatory committees approved all the
relevant documents. Each patient signed an informed consent to donate tissue to
Imperial Tissue Bank. All patients’ notes are kept within locked filing cabinets
within locked offices in research. This is to maintain confidentiality. Tissues used
for qRT–PCR were manually enriched for tumour cells by the resident pathologist.
Pleural effusions were cultured in DMEM, 10% FBS and phenol for a brief time
before RNA extraction. Cells were tested, genotyped and characterized as ERa
positive (LGC standards). Circulating tumour cells were characterized as mammary
gland based on short tandem repeat similarity with HTB-22 (LGC standards).

Invasion assays. Boyden chamber and 3D Matrigel invasion assays were
performed as previously described53. Briefly, cells (5� 104 in 200ml of a-MEM)
were plated in the Matrigel-coated upper chambers of the 24-well Transwell
invasion assay plate (Corning). Each condition was represented in triplicate. Plates
were incubated at 37 �C for 24 h for HCC1806 cells. Cells in the lower chamber
(including those attached to the under surface of the membrane) were trypsinized
and counted using a Casy 1 counter (Sharfe System). Mean and s.e.m. of
independent experiments were calculated. Statistical analysis was performed using
a two-tailed Student’s t-test to determine the statistical significance of the
differences observed. A P value below 0.05 was considered significant.

Fatostatin and mevalonate treatments. Cell lines were cultured in the appro-
priate conditions until 60–70% confluence and then treated with 15 mM of
Fatostatin (SIGMA F8932) for 6 h before RNA extraction and qRT–PCR analysis.
For mevalonate treatment, organoids were allowed to form and embedded in
Matrigel (see Hanging-drop assay) then treated with 50 mM mevalonate54 (SIGMA
90469).

Mouse models. MCF7-mCherry-Puro and LTED-mCherry-Puro cells (1� 106)
were injected into the tail vein of NOD-SCID mice (n¼ 3 per group). Images were
taken of the mice weekly from dorsal and ventral views for 8 weeks to monitor the
development of metastases. The mice were assessed weekly using whole-body
imaging to quantify the relative amounts of tumour burden. Imaging was per-
formed with a highly sensitive, cooled charge-coupled device camera mounted in a
light-tight specimen box (IVIS; Xenogen). The imaging and quantification of
signals were controlled by acquisition and analysis software. At termination, the
lymph nodes, lungs, kidney, bones and livers were harvested by dissection. The
lymph nodes, lungs, kidneys, liver and bones were fixed for 24 h in neutral buffered
formalin, and then rinsed in 70% ethanol. Following fixation, the bones were
decalcified in 10% EDTA in 0.1 M Tris-HCl pH 7.4 for 1 week, re-fixed in formalin
and then rinsed in 70% ethanol. All tissues were dehydrated using ethanol, cleared
with Histoclear and embedded in paraffin wax. Paraffin sections (5 mm) were

ARTICLE NATURE COMMUNICATIONS | DOI: 10.1038/ncomms10044

12 NATURE COMMUNICATIONS | 6:10044 | DOI: 10.1038/ncomms10044 | www.nature.com/naturecommunications

http://www.nature.com/naturecommunications


stained with haematoxylin and eosin to reveal their tissue morphology and the
presence of infiltrating cells. The animal trials were carried out under London
Home Office license authority and London Home Office Ethics Committee
guidelines.

Immunohistochemistry and western blot. Paraffin sections were dewaxed and
antigen retrieval was carried out with citrate buffer at pH 6.0 or in 10 mM
Tris-HCl, pH 9.0. Tissue sections were pretreated using 0.3% H2O2 in PBS, rinsed
in PBS and then incubated with 20 ml ml� 1 normal goat serum. Primary antibodies
were diluted in PBS and incubated overnight at 4 �C, along with negative control
sections where the primary antibody was omitted. All the bound antibodies were
detected using biotinylated anti-mouse or anti-rabbit secondary antibodies,
detected using the Vectastain Elite peroxidase ABC kit and the ImmPACT DAB kit
(Vector Laboratories). Stained sections were counterstained with haematoxylin.
Antibody dilutions: PBX1 1:50 (Abnova H00005087-M01), Human nuclear antigen
1:25 (Abcam ab191181), Pan-cytokeratin 1:100 (SIGMA C5992). For western blot,
SQLE antibody (SIGMA HPA018038) was used at 1:250 and ERa (Santa Cruz
sc-543) was used at 1:1,000.

Hanging-drop assay. Briefly, cells were trypsinized and counted. In all, 250,000
cells were resuspended in 1 ml of phenol-red or phenol-red-free DMEM with the
relevant concentrations of Estradiol, Fulvestrant and Tamoxifen. Twenty-microlitre
drops were dispensed on to a 10-cm dish lid. Five millilitre of medium were added
to the bottom of the dish to prevent evaporation. The lid was inverted and the
drops were left hanging for 5 days. The newly formed organoids were then
transferred into 10ml Matrigel drops (BD 356237, BD 356234) and moved
to 24- or 48-well plates after which immunofluorescence or real-time monitoring
(respectively) was carried out. Two hundred microlitre of medium with the
relevant concentration of drugs were added to the wells.

Real-time invasion and migration assays. Cell invasion and migration were
assessed in real time using the xCELLigence system CIM-16 wells plates. The
bottom chamber was filled with 160 ml of full medium (phenol-red or phenol-red-
free DMEM with the relevant concentrations of Estradiol, Fulvestrant and
Tamoxifen) and acted as a chemoattractant. The upper chamber was then secured
on top and 30ml of serum-free medium were added to avoid the membrane drying
out. The plate was loaded on the machine cradle and left for 1 h to allow membrane
equilibration. After 1 h, the baseline measurement was taken. Hundred microlitre
of serum-free medium (again phenol-red or phenol-red-free DMEM with the
relevant concentration of Estradiol, Fulvestrant and Tamoxifen) containing 40,000
cells were subsequently added to each well, and left for 30 min at room temperature
to allow for the attachment of the cells. The impedance value for each well was
recorded every 15 min for 20 h for migration experiments and 48 h for invasion and
expressed as Cell Index value. For invasion, the CIM plates were coated with 30 ml
of a 1:40 dilution of Matrigel (BD Biosciences) and allowed to set for 4 h at 37 �C
before proceeding as per the migration experiment. Four wells per condition were
used in each experiment and every experiment was repeated four times.

Chromatin immunoprecipitation (ChIP). Cells were crosslinked with 1%
formaldehyde and processed according to Schmidt et al.55 Briefly, chromatin
extract were sonicated using a Diagenode sonicator using 20 cycles (30 s on and
30 s off) at maximum intensity. Purified chromatin was then immuno
precipitated using 4 mg of K27ac antibodies (Abcam ab4729) per ChIP. Non-
immunoprecipitated chromatin was used as Input control. Chromatin was then
decrosslinked and sonication efficiencies tested on a 1.5% agarose gel. Before the
construction of ChIP-seq libraries (NEB, see Supplementary Methods), we
determined the enrichment using positive and negative controls. We then used
10 ng of IPed chromatin and 10 ng of Input for library preparation.

Bioinformatic analyses. Detailed protocols on Peak Calling, enhancers-promoters
Peak-pairing, Clustering analysis, IPA analysis and RNA-seq differential expression
analysis can be found in the Supplementary Methods.

RT–qPCR and ChIP–qPCR. RT–qPCR and ChIP–qPCR were performed and
analysed as follows. Briefly, reactions were carried on in 10 ml volume containing
5 ml of SYBR mix (ABI 4472918), 0.5 ml of primers (2.5 and 5 mM final
concentration, respectively), 2.5 ml of complementary DNA or DNA and 2 ml of
water. We used a three-step cycle programme with melting analysis. The cycles
were as follow: 10 s at 95 �C, 30 s at 60 �C and 30 s at 72 �C, repeated 40 times7.

SRB and IC50 assay. SRB and IC50 assays were performed as follow: briefly, the
sulphorhodamine B (SRB) assay was used to monitor the effects of statin or
Terbinafine treatment cell on cell proliferation in monolayer cultures. Cells were
seeded in flat-bottomed 96-well plates (3� 103 cells per well). The cells were
allowed to adhere overnight. One plate was assayed at this time point (day 0) and
further plates were assayed at 2-day intervals. The cells were fixed by adding 100 ml
per well of ice-cold 40% (vol/vol) TCA to each well for 60 min. The plates were

washed five times in running tap water and stained with 100ml per well of the SRB
reagent (0.4% wt/vol SRB in 1% (vol/vol) acetic acid) for 30 min. The plates were
washed five times in 1% (vol/vol) acetic acid and allowed to dry overnight. SRB was
solubilized with 100 ml per well 10 mM Tris-base, shaken for 30 min and the optical
density was measured at 492 nm.

Primers. The sequences of primers (RT–qPCR, ChIP–qPCR) are listed in
Supplementary Data 7.
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