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Abstract 

Hypoxia pathways are associated with the pathogenesis of both ischaemic and neoplastic 

diseases. In response to hypoxia the transcription factor hypoxia‐inducible factor (HIF) induces 

the expression of hundreds of genes with diverse functions.  These enable cells to adapt to low 

oxygen availability. To date, pan-genomic analyses of these transcriptional responses have 

focussed on protein-coding genes and microRNAs. However, the role of other classes of non-

coding RNAs, in particular lncRNAs, in the hypoxia response is largely uncharacterised. My 

thesis aimed at improving understanding of the transcriptional regulation of the non-coding 

transcriptome in hypoxia.  I performed an integrated genomic analysis of both non-coding and 

coding transcripts by massively parallel sequencing. This was interfaced with pan-genomic 

analyses of DNAse hypersensitivity and HIF, H3k4me3 and RNApol2 binding in hypoxic cells. 

These analyses have revealed that hypoxia profoundly regulated all RNA classes. snRNAs and 

tRNAs are globally downregulated in hypoxia, whilst miRNAs, mRNAs and lncRNAs are both up- 

and downregulated with an overall trend towards slight upregulation. In addition, a significant 

number of previously non-annotated (and largely hypoxia upregulated) transcripts were 

identified, including novel intergenic transcripts and natural antisense transcripts. HIF bound 

close to genes for mRNAs, miRNAs and lncRNAs that were upregulated by hypoxia, but was 

excluded from binding at genes for RNA classes that showed global downregulation. This 

suggests that HIF acts as a transcriptional activator (but not repressor), of lncRNAs as well as 

mRNAs and miRNAs. Consistent with direct regulation by HIF, many of these hypoxia-inducible, 

HIF-binding lncRNAs were downregulated following HIF knockdown. Analysis of RNApol2 

binding and DNAse HSS signals at HIF transcriptional target genes indicated that HIF-dependent 

transcriptional activation occurs through release of RNApol2 that is pre-bound to open 

promoters of lncRNAs as well as mRNAs. In these datasets, NEAT1 was the most hypoxia-

upregulated, HIF-targeted lncRNA in MCF-7 cells and, despite binding of both HIF-1 and HIF-2 

isoforms at its promoter, was selectively regulated by HIF-2 alone. Furthermore, NEAT1 was 

induced by hypoxia in a wide range of breast cancer cell lines and in hypoxic xenograft models. 

Functionally, NEAT1 is required for the assembly of nuclear paraspeckle structures. Increased 

nuclear paraspeckle formation was observed in hypoxia and was dependent on both NEAT1 and 

HIF-2. Knockdown of hypoxia-induced NEAT1 significantly reduced cell proliferation and 

survival and induced apoptosis.  Finally, high expression of NEAT1 correlated with poor clinical 

outcome in a large cohort of breast cancer patients. These findings extend the role of the 

hypoxic transcriptional response in cancer into the spectrum of non-coding transcripts and 

provide new insights into molecular roles of hypoxia-regulated lncRNAs, which may provide the 

basis for novel therapeutic targets in the future. 
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1 Introduction 

1.1 Breast cancer 

Breast cancer is the most commonly diagnosed cancer in women worldwide. It is the second 

most common cause of cancer deaths in women, after lung cancer. It is reported that one in 

eight women carry an average lifetime risk of developing breast cancer and the risk of dying 

from it is 3.4 % (Libson and Lippman, 2014).  

In 2012, 1,676,000 cases of breast cancer were diagnosed worldwide and more than 500,000 

women died. In Europe, more than 464,000 cases of breast cancer were diagnosed and around 

131,000 died (Cancer Research UK, 2014). In UK for the year 2011, approximately 350 men and 

50,000 women were diagnosed with breast cancer, an average of 130 women per day. 

Moreover, breast cancer killed an average of 32 women every day in the UK, adding up to 

11,700 women for the year 2011 (Cancer Research UK, 2014).  

The UK has the 6th highest breast cancer incidence rate in Europe (Cancer Research UK, 2014). 

Since 1970, breast cancer incidence rates have increased by 72 %, and by 7 % in the last ten 

years. Nevertheless, despite increasing incidence rates, survival rates have been effectively 

improving. Three-quarters of the women diagnosed are now likely to survive for at least 10 

years, twice the rate compared to 40 years ago (Figure 1.1). In 1970s, 5 out of 10 women would 

have survived breast cancer, whereas, today more than 8 out of 10 women are likely to survive 

(Cancer Research UK, 2014).  
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Figure 1.1 Breast cancer incidences and mortality rates for woman in the United 
Kingdom for last 30 years. The image is adapted from (Yeo et al., 2014). 

 

There are number of risk factors associated with breast cancer development, including age, 

geographical variation, family history, breast associated diseases, exposure to radiation, 

lifestyle, oral contraceptives and hormone replacement therapy (Table 1.1). The incidence of 

breast cancer increases with age. For instance, breast cancer incidence is exceptionally low for 

ages 35 and below (3 % of all cases), whereas breast cancer accounts for 22 % of women 

diagnosed below the age of 50. The 50-59 age group has the highest reported incidence of 

breast cancer, comprising 32 % of all the cases (Murawa et al., 2014, Ferlay et al., 2010). 

 Moreover, women that have a family history of a mother, sister or daughter being diagnosed 

with breast cancer carry almost double the risk of developing breast cancer themselves (Cancer 

Research UK, 2014). It is reported that mutations in the breast cancer 1 early onset (BRCA1) 

and breast cancer 2 early onset (BRCA2) genes are highly associated with breast cancer 

(Melchor and Benitez, 2013, Singletary, 2003). These two genes are located on the long arms of 

chromosomes 17 and 13, respectively and encode tumour suppressor proteins. These proteins 

have an important role in DNA damage repair and therefore essential for the stability of DNA in 

the cell (Maxwell and Domchek, 2012). The prevalence of BRCA1 and BRCA2 mutation in 
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inherited breast cancer is 20 - 25 % and 5 – 10 % in all breast cancer cases (Campeau et al., 

2008). Lifestyle risk factors associated with breast cancer development include alcohol 

consumption, diet, weight and smoking (Cancer Research UK, 2014).  

It is clear that breast cancer is a multifactorial disease and is a result of interaction between 

various risk factors such as genetics, environment, lifestyle, and hormonal factors.  

 

Table 1.1 Risk factors associated with breast cancer: 
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1.2 Clinical management of breast cancer 

Breast cancer is a complex and heterogeneous disease encompassing diverse subtypes with 

different clinical, morphological, and biological features. The commonly used phenotypical 

classification of breast cancer subdivides tumours based on the expression of oestrogen 

receptor (ER), progesterone receptor (PR), and the human epidermal growth factor receptor 2 

(HER2) (Libson and Lippman, 2014, Cadoo et al., 2013). 

In recent years, there have been significant advances in molecular profiling of tumours based on 

gene expression (Cancer Genome Atlas, 2012). These advances have revealed five distinct 

molecular subtypes of breast cancer based on gene expression: Luminal A (LA), Luminal B (LB), 

Basal-like (BL), HER2-enriched, and Normal-like (NL) (Figure1.2) (Perou et al., 2000, Sorlie et 

al., 2001). These molecular subtypes reflect all stages of breast cancer from in situ carcinoma to 

metastatic tumours and display clinical phenotypes based on hormonal receptor status of ER 

and HER2 (van 't Veer et al., 2002). For example, Luminal A tumours are characterised as less 

proliferative, with poor chemosensitivity. They are, however, highly sensitive to hormonal 

therapy. On the other hand, luminal B, Basal-like, and HER2-enriched patients are commonly 

resistant to hormonal therapy but sensitive to chemotherapy (Cadoo et al., 2013). Despite the 

advances in molecular profiling and our understanding of underlying genetics of breast cancer, 

a molecular classification system is not widely used in the clinical practice (Sotiriou and Piccart, 

2007). 

Currently the clinical decisions made are based on various clinicopathological factors such as 

histological grade, patients’ age, tumour size, lymph node status, and expression of hormonal 

receptors including ER, PR, and HER2. These factors estimate the prognosis and/or predictive 

outcome hence guiding for adjuvant therapies (chemotherapy, hormonal therapy, and receptor 

inhibitors).  
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Figure 1.2 Major molecular subtypes of breast cancer. Luminal A, luminal B, HER2 

amplified, basal-like and normal like. Luminal-type breast cancers are ER+ and can be targeted 

with hormonal therapies. HER2 breast cancers have overexpressed HER2 with amplification of 

the HER2 gene and can be targeted with the monoclonal antibody trastuzumab. Basal-like breast 

cancers commonly do not express oestrogen or progesterone receptors or overexpress HER2, a 

cancer phenotype often referred to as ‘triple negative’. The image is adapted from (Yeo et al., 

2014). 

 

Hormone receptor status is used for prognostic marker and to predict response to hormonal 

therapies. The majority of breast cancers, about 80%, are reported to be oestrogen receptor 

(ER) positive (Nadji et al., 2005, Yeo et al., 2014). ER positive tumours are generally 

characterised by smaller size, lower grade and negative lymph nodes, as compared to ER 

negative tumours (Cadoo et al., 2013). Anti-oestrogen therapies use two approaches, either by 

modulating the growth of cancer cells by antagonising oestrogen receptors (tamoxifen), or via 

inhibiting the production of oestrogen (aromatase inhibitors). Tamoxifen is commonly used for 

the treatment of ER breast cancer patients. Five years of adjuvant tamoxifen reduces death by 

31 % and relapse by 41 % from breast cancer, and it remains the standard of care for 

premenopausal women. While, aromatase inhibitors have shown improved clinical outcomes 

for postmenopausal women (Yeo et al., 2014). 

The progesterone receptor (PR) gene is regulated by oestrogen; therefore, its expression is used 

as an intact marker for activation of ER pathway. Although it is estimated 40 % of ER positive 
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patients are PR negative(Nadji et al., 2005). As per clinical outcomes, ER positive/PR negative 

patients are commonly less sensitive to tamoxifen treatment compared to ER positive/PR 

positive patients(Rakha et al., 2010).  

The oncogene HER2 is amplified/overexpressed in approximately 20 % of breast cancers (Yeo 

et al., 2014). HER2 overexpressed tumours are characterised by an increase in cell proliferation, 

angiogenesis and invasiveness of tumours and with a decreased rate of apoptosis (Yeo et al., 

2014). HER2 positivity is reported in 13–20 % of invasive breast cancers, and commonly linked 

with younger age, high grade, involvement of lymph node, and non-expression of hormone 

receptors (Dandachi et al., 2002). In addition, HER2 positive tumours have a worse prognosis 

than other breast cancer types (Cadoo et al., 2013). 

Trastuzumab is a humanised monoclonal antibody against extracellular domain of HER2 

receptor. Trastuzumab has shown to improve disease free survival and overall survival of HER2 

positive breast cancer (Hudis, 2007). Recently other drugs targeting HER2 such as lapatinib, 

pertuzumab, and ado-trastuzumab-emtansine have been developed, further improving the 

outcome of HER2 positive breast cancer (Yeo et al., 2014).  

The triple negative breast cancers (TNBCs) are a heterogeneous group of tumours that lack 

expression of ER, PR, and HER2. They represent about 15 % of breast cancer cases overall, with 

relatively high incidence among younger females (Yeo et al., 2014). TNBCs are characterised 

with an aggressive phenotype and poor overall outcome. To date there are not any validated 

targeted therapies for TNBCs, hence chemotherapy remains the standard clinical practice for 

care. According to molecular classification TNBCs overlap with the Basal-like tumours, however, 

these classifications do not always translate to each other, since not all Basal-like tumours have 

the TNBCs feature and not all TNBCs are molecularly Basal-like subtypes (Cadoo et al., 2013, 

Valentin et al., 2012).  

There are a number of physiological and genetic alterations that may aggravate breast cancer 

development, progression, and metastasis. These include loss or overexpression of hormonal 
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receptors, genomic instability, epigenomic aberration, epithelial to mesenchymal transition 

(EMT), response to stress, regulation of non-coding RNAs and changes in microenvironments 

including hypoxia. There have been significant attempts to understand and target these 

alterations and processes to find novel pathways for drug development and improve clinical 

management of cancer.  

 

1.3 The hypoxic microenvironment 

 

1.3.1 Cellular adaptation to hypoxia 

Eukaryotic cells require a constant supply of oxygen to generate energy-rich adenosine 

triphosphate (ATP) molecules. The average ambient oxygen concentration is 21 % O2 (150 mm 

Hg) in air; however, in most mammalian tissues it is around 2 %–9 % O2 (on average 40 mm Hg) 

(Bertout et al., 2008). The normal level of oxygen in tissues (physoxia) differs widely among 

different organs (Hammond et al., 2014). Reduced oxygen delivery leads to alterations in 

cellular oxygen tension (Wilson and Hay, 2011). Hypoxia is defined as a reduction of oxygen 

tension below a normal level in tissues (generally when oxygen concentration is ≤ 2 %, whereas 

severe hypoxia (anoxia) is generally defined as ≤0.01 % O2) (Favaro et al., 2011). 

Cellular oxygen levels fall in a number of physiological conditions including growth, exercise or 

living at high altitude. These cells adapt to function in these microenvironments by increasing 

the oxygen supply from the lungs to the other tissues and/or by reducing oxygen consumption 

within cells (Kaelin and Ratcliffe, 2008). For example, a change from aerobic to anaerobic 

metabolism occurs during the cellular response to hypoxia microenvironments. However, these 

hypoxic cells undergo a broad spectrum of adaptations involving a wide variety of biological 

processes in response to low oxygen tension through coordinated expression of a large number 

of functional genes involved in processes such as differentiation, proliferation, apoptosis and 
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embryonic development. In addition to physiological roles, hypoxia is associated with many 

common pathological conditions such as wound healing, stroke, ischemia, inflammation and 

cancer and hypoxic responses play an important role in the pathogenesis of these diseases 

(Harris, 2002, Kaelin and Ratcliffe, 2008). 

 

1.3.2 Hypoxia and  Hypoxia-inducible factor (HIF) 

The majority of hypoxic transcriptional responses are mediated by a key transcription factor 

known as Hypoxia-Inducible Factor (HIF). Hypoxia regulates both HIF protein stability and its 

transactivating activity such that in low oxygen levels HIF is activated and induces expression of 

its target genes. HIF activation is critical for the initiation of many HIF-dependent signalling 

pathways that are crucial for cellular adaptation and survival in hypoxia involving angiogenesis, 

metabolism regulation, erythropoiesis, autophagy, metastasis, cell survival and proliferation 

(Huang, 2013, Ratcliffe, 2013)  

HIF is a heterodimeric complex consisting of α and a β subunits that bind hypoxia response 

elements (HRE) of target genes in hypoxia (Wang et al., 1995, Webb et al., 2009). There are 

three isoforms of HIF; HIF-1, HIF-2 and HIF-3. All contain HIF-1β and one of the three different 

HIF-α subunits HIF-1α, HIF-2α or HIF-3α, respectively. All subunits are members of the basic 

helix-loop-helix (bHLH), Per-ARNT-Sim (PAS) protein family. The N terminal of both HIF-1α/β 

contains the bHLH DNA-binding domain followed by a PAS domain, which is involved in 

heterodimerisation (Kaelin and Ratcliffe, 2008). HIF-1α is virtually ubiquitous and expressed in 

a wide range of tissues, whereas expression of HIF-2α is limited to specific cell types; for 

example, endothelial cells, cardiomyocytes, mammary cell and hepatocytes (Holmquist-

Mengelbier et al., 2006, Hu et al., 2003). 

The role and function of HIF-3α is not well understood and is complicated by the existence of 

multiple splice variants. Studies have described contrasting roles for HIF-3α, which may 
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synergise with other subunits assisting HIF-1α induction in hypoxic alveolar epithelial cells 

(Zhang et al., 2014, Li et al., 2006), or may act as a negative regulator of hypoxic response by 

altering formation of functional heterodimers with other HIF isoforms(Makino et al., 2001). 

The molecular mechanisms by which oxygen regulates HIF stability and activity are well 

characterised (Semenza, 2014, Ratcliffe, 2013). In the presence of oxygen (normoxia), HIF is 

modified by post-translational hydroxylation of specific proline residues by a family of enzymes 

termed HIF prolyl 4-hydroxylases. The hydroxylation is catalysed by three prolyl hydroxylase 

domain-containing (PHD) proteins of the iron (II) and 2-oxoglutarate (2OG)-dependent 

dioxygenase family known as PHD1, PHD2, and PHD3 (Epstein et al., 2001, Bruick and 

McKnight, 2001). This hydroxylation of HIF occurs at two prolyl residues (Proline 402 and 564 

in HIF-1a; Proline 405 and 531 in HIF-2a), which mediate interactions with the von Hippel-

Lindau (pVHL) E3 ubiquitin ligase complex that targets HIF-α for proteasomal degradation. The 

interaction between hydroxylated residues and VHL E3 triggers rapid proteolysis of HIF-α in 

normoxia. Thus, in the presence of oxygen HIF-α is both inactivated and degraded and the 

expression of HIF target genes is therefore no longer triggered (Figure 1.3) (Ratcliffe, 2013).  

In hypoxia, active HIF-α subunits accumulate and dimerize with HIF-1β. The HIF heterodimer 

then translocates to the nucleus, where it binds to its consensus-binding motif at the hypoxia 

response element (HRE) (core-binding motif is RCGTG (R = A or G), and subsequently recruits 

transcriptional cofactors such as P300 and CBP (Huang, 2013, Ratcliffe, 2013). This results in 

the transcriptional activation of hundreds of HIF target genes that are involved in angiogenesis, 

metabolism, PH regulation, erythropoiesis, cell survival and proliferation (Figure 1.3) (Bertout 

et al., 2008, Semenza, 2014).  
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Figure 1.3 Mechanism of action and regulation of hypoxia inducible factor. In 

present of oxygen (normoxia), HIF-α undergo proly hydroxylation in the presence of ferrous ion 

(FE++) and 2-oxoglutarate (2-OG). The hydroxylated HIF-α is recognised by ubiquitin ligase VHL 

for polyubiquitination (-Ub) and proteasome degradation. In low levels of oxygen (hypoxia), 

HIF-α is stabilised and dimerises with HIF-1β and binds with hypoxia responsive element 

(HRE), which consequently recruits p300/CBP in target genes. There are other mechanisms that 

modulate HIF-α activity in hypoxia; for example, HIF-α binds with a number of interacting 

proteins (IP) that occupy DNA binding elements (DBE) leading to the up/downregulation of a 

number of genes in hypoxia (Tiburcio et al., 2014).  

 

There are several other mechanisms for modulating HIF activity in cells, including factor 

inhibiting HIF-1 (FIH1) regulation, oncogenes, tumour suppressor genes, acetylation, reactive 

oxygen species (ROS), nitric oxide, SUMOylation and non-coding RNAs. These modulatory 

mechanisms add to the complexity of HIF regulation in hypoxia (Majmundar et al., 2010).For 

instance, similar to PHDs the factor inhibiting HIF-1 (FIH1) is an oxygen-dependent asparaginyl 

hydroxylase, belonging to a family of 2-oxoglutarate- and iron(II)-dependent dioxygenases. 

FIH1 modifies Asn803 and block the interaction of the C-terminal transactivation domain (C-
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TAD) of HIF-α with the transcriptional co-activator CBP/p300, therefore, controlling HIF 

activity in cells (Lando et al., 2002, Mahon et al., 2001).  

Mitochondria also participate in oxygen sensing and regulating PHDs. It has been reported that 

under reduced levels of oxygen, mitochondria increases the production of reactive oxygen 

species (ROS), which then inhibit PHD activity and increase the HIF stability (Kaelin, 2005). 

Hypoxia induced oxidants are present in the inner-membrane space of mitochondria and in the 

cytosol. These ROS could potentially regulate PHD activity and thereby HIF in hypoxia (Waypa 

et al., 2010).  

Another mechanism of modulating HIF expression is by Sirtuins. These are a stress-responsive 

family of nicotinamide adenine dinucleotide (NAD+)-dependent histone deacetylases. Sirtuin 

expression has effects on transcription, metabolism and DNA repair (Haigis and Sinclair, 2010). 

In hypoxia, Sirt1 binds with HIF-2α and forms a complex that deacetylates lysine residues in the 

HIF-2α protein, leading to its stabilisation. In addition, Sirt1 binds the Epo promoter to promote 

HIF-2α transcriptional activity in hypoxia (Dioum et al., 2009). In addition, activation of several 

oncogenic signalling pathways such as phosphotidylinositol 3-kinase (PI3K)/AKT/mammalian 

target of rapamycin (mTOR) and mitogen-activated protein kinase (MAPK) pathways stimulate 

HIF-1α and HIF-2α synthesis (Semenza, 2010, Harris, 2002). 

HRE sequences where HIF binds may be located within either promoter or enhancer regions of 

target genes and may lie close to the TSS, within the gene body (in introns or exons), within the 

5’-UTR or 3’-UTR or in intergenic regions in great distances from their transcriptional target. 

However, epigenetic changes such as methylation of the cytosine residue within the HRE or 

structural changes including genetic variants within the HRE may influence HIF binding and 

transcriptional responses (Zagorska and Dulak, 2004, Schodel et al., 2013). 
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Despite the presence of HIF-1α and HIF-2α in mammalian cells and the fact that they have 

similar biochemical properties, regulatory mechanisms, and number of target genes, these 

isoforms have distinct functional roles in mediating the hypoxic transcriptional response (Keith 

et al., 2012, Kaelin and Ratcliffe, 2008). For instance, HIF-1α mediates rapid stabilisation and 

activation of target genes such as glycolytic enzymes, whereas HIF-2α is active in moderate 

levels of hypoxia and its induction is more prolonged (Keith et al., 2012). It is also noted in some 

instances that HIF-1α and HIF-2α utilise opposing mechanisms to regulate cell proliferation, 

differentiation, DNA replication and mitochondrial function (Huang, 2008, Lendahl et al., 2009). 

These non-canonical mechanisms of HIF-1α and HIF-2α regulation require crosstalk with other 

interacting proteins (IPs) that occupy DNA-binding elements (DBE), thereby regulating gene 

expression (Figure 1.3). For example, HIF-1α and HIF-2α control cell-cycle genes in an opposite 

manner; HIF-1α supresses cell-cycle progression by inhibiting c-Myc activity, while HIF-2α has a 

reverse effect (Koshiji et al., 2004, Gordan et al., 2007). Similarly, some DNA repair genes are 

supressed by HIF-1α repression but induced by HIF-2α (Gordan et al., 2007, To et al., 2006, 

Gordan et al., 2008). HIF-1α is involved in blocking cell differentiation via the Notch signalling 

pathway, but at the same time  is involved in regulating embryonic and adult cell proliferation 

by the β-catenin signalling pathway (Gustafsson et al., 2005, Mazumdar et al., 2010, Kaidi et al., 

2007). 

The role of HIF-1α in metabolic adaptation by hypoxia is well established. HIF-1α  increases the 

transcription of many genes involved in glucose transport and glycolysis, such as genes 

encoding aldolase A (ALDOA), phosphoglycerate kinase 1 (PGK1) and lactate dehydrogenase A 

(LDHA) (Majmundar et al., 2010). In normoxic cells, glucose is metabolised to pyruvate, which is 

then converted by pyruvate dehydrogenase to acetyl-CoA for oxidative phosphorylation in the 

tricarboxylic acid (TCA) cycle. Under low level of oxygen, cells decrease oxidative 

phosphorylation in the mitochondria to adopt anaerobic glycolysis by converting pyruvate to 

lactate (Yang et al., 2014a). HIF-1α plays a key role in this process. It decreases oxygen 

consumption in mitochondria by upregulating both pyruvate dehydrogenase kinases 1 and 3 
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(PDK1 and PDK3) (Papandreou et al., 2006, Lu et al., 2008), which then leads to suppression of 

pyruvate dehydrogenase and consequently inhibits pyruvate conversion and flux of acetyl-CoA 

into the TCA cycle. The shift into aerobic glycolysis in hypoxia is not only for bioenergetics but 

also more importantly for biosynthesis of macromolecules that are required for cell adaptation 

and proliferation (Vander Heiden et al., 2009, Cairns et al., 2011). 

Laboratory experiments of hypoxia in mammalian cell cultures have been vital tools to 

investigate hypoxia biology and have significantly improved our understanding about hypoxia/ 

HIF response in cells, both at cellular and molecular levels. Two main approaches have been 

used to induce hypoxia in cell cultures models: use of chemical agents that mimic hypoxia in 

normoxic conditions, such as Cobalt chloride (CoCl2), Deferoxamine mesylate (DFO) and 2-

oxoglutarate analogue dimethyloxalylglycine (DMOG); the second approach uses hypoxic 

chambers that allow  the growth of cells in conditions that accurately maintain and control the 

temperature, oxygen and carbon dioxide. This method includes normal cell culture incubators 

with reduced oxygen levels or hypoxia work stations (connected to a gas control system in a 

chamber with a glove box)(Wu and Yotnda, 2011, Richter et al., 1972).  

The first approach has the advantages of being inexpensive and quick. It allows opening the 

culture plate and flask many times for experimental manipulation in normoxia without affecting 

the "hypoxic condition". These agents induce and or stabilise HIF in normoxic conditions. For 

instance, CoCl2, DFO, DMOG stabilizes HIF-1α by inhibiting prolyl hydroxylase enzymes (Piret et 

al., 2002, Theriault et al., 2012, Jaakkola et al., 2001). The disadvantage of the approach is that 

cells are grown independently of the oxygen level and potentially trigger expression of other 

genes that are drug-specific.  

The second approach has the advantage of not using drugs that mimic hypoxia independently of 

the oxygen tension. The normal hypoxic incubator allows cells to grow in controlled oxygen 

tension. However, not all experiments are feasible, as oxygen re-enters the incubator at each 

opening and thus alters the hypoxic level. Hypoxia workstations allow the experimentation to 
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take place in a continuous hypoxic environment, including changing media and manipulation of 

cells (Atkuri et al., 2007, Wu and Yotnda, 2011).  

The use of different approaches to induce hypoxia and HIF in vitro has profound effects on gene 

expression. Ortiz-Barahona and colleagues performed “meta-analysis” of 19 gene expression 

profiling datasets that were available in the GEO database that were derived from different cells 

exposed to hypoxia or hypoxia mimicking agents (Ortiz-Barahona et al., 2010). They found that 

the number of hypoxia-regulated genes that were common to all 19 datasets was very small, 

with about 24 core hypoxia regulated genes identified in all cell types studied (Ortiz-Barahona 

et al., 2010). These differences may result from use of different approaches to induce hypoxia, 

incubation period and use of different cell-types that activate or repress different genes in 

response to hypoxia. 

It is also to be noted, in addition to HIF, there are a number of other transcription factors such 

as AP1, NFκB, and p53 that have all been reported to be regulated in hypoxia(Renton et al., 

2003, Rupec and Baeuerle, 1995, Kunz and Ibrahim, 2003). 

 

1.4 Hypoxia, HIF and cancer 

Most solid tumours have regions of oxygen deficiency. This is due to a number of factors 

inducing uncontrolled and rapid growth of cancer cells, highly defective architecture of tumour 

blood vessels and interrupted blood rheology leading to alteration in tumour blood flow 

(Hammond et al., 2014).  

Tumour cells are usually characterised by their uncontrolled proliferation and aberrant vessel 

formation. Moreover, their vasculature is often chaotic, spatially disorganised and has poor 

blood flow, leading to inefficient oxygen delivery and significantly lower oxygen tension in 

tumours compared to healthy tissues (Bertout et al., 2008). In hypoxic tumours, oxygen tension 
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averages 10mm Hg that corresponds to 1.5 % oxygen, but can be variable depending on tissues 

(Greijer et al., 2005). Generally, hypoxia is a source of stress for both cancer and normal cells; 

however cancer cells may adapt to these changes by virtue of their genetic and epigenetic 

instability, allowing them to survive and proliferate in hypoxic conditions. These hypoxia 

adaptations can contribute to the malignant phenotype and aggressive tumour behaviour 

(Harris, 2002, Kaelin and Ratcliffe, 2008). It is believed that regional tumour hypoxia occurs and 

develops in early stages of carcinogenesis, even before metastases, and is often detected in non-

invasive tumours (Harris, 2002). 

Several studies have reported that hypoxic tumours are more resistant to anticancer 

treatments, including chemotherapy, radiotherapy and surgery (Brown and Giaccia, 1998, 

Nordsmark et al., 2005). The resistance of hypoxic tumour cell to chemotherapy are the result of 

many factors, including distance from functional vessels, low proliferation rates in hypoxic 

regions of tumours and loss of apoptosis (Hammond et al., 2014). Hypoxia also increases 

cellular radioresistance by triggering changes in both the DNA repair pathway and cell death-

signalling pathways. There is strong evidence that tumour hypoxia is associated with poor 

clinical outcome, even after removing the tumour surgically. This potentially may be explained 

by the role of hypoxia in inducing invasion and metastasis (Brown and Wilson, 2004). 

Among the early studies to show tumour hypoxia, Thomlison and Gray observed that human 

tumour cells undergo greater necrosis when further away from blood vessels and that necrotic 

areas lack capillaries in histological sections (Thomlinson and Gray, 1955). They postulated that 

the rapid growth rate of tumours caused them to outgrow their blood supply and therefore limit 

oxygen diffusion; this is defined as ‘chronic hypoxia’. Conversely, aberrant blood vessels may 

constrict and/or occlude leading to ‘acute hypoxia’. In addition to low oxygen, increased levels 

of free radicals and activation of a number of stress related genes may also be seen and may 

further contribute to tissue damage (Brown and Giaccia, 1998, Wilson and Hay, 2011). 
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Peter Vaupel and colleagues, who measured tumour oxygen levels using oxygen electrodes, 

have showed further evidence for hypoxia in tumours. They found that low oxygen tension in 

tumours was associated with increased metastasis and poor survival in patients suffering from 

squamous tumours of the head and neck, cervical or breast cancers (Hockel et al., 1999, Hockel 

and Vaupel, 2001). Several other studies have also reported that tumour hypoxia is strongly 

associated with poorer prognosis in a large number of cancers (Jubb et al., 2010, Shaida et al., 

2011, Fyles et al., 2002). 

High levels of HIF have been reported in many solid tumours (Semenza, 2009). Moreover, both 

hypoxia and increased levels of HIF are commonly linked to bad prognosis in cancer patients, 

suggesting that HIF increases aggressiveness of cancer cells in vivo (Semenza, 2009). For 

example, immunohistochemical analyses showed overexpressed HIF-1a in many human cancers 

including breast, cervix, brain, oropharynx, ovary, prostate, gastric and lung (Semenza, 2003, 

Kizaka-Kondoh et al., 2009, Ben Lassoued et al., 2013). 

HIF regulate many key aspects of cancer biology inducing cell proliferation and survival, 

angiogenesis, stem cell maintenance, metabolism, epithelial-mesenchymal transition, invasion 

and metastasis (Semenza, 2012b). In laboratory experiments, HIF-α found to enhance cell 

proliferation in different cancer cell types. In mouse cancer models, depletion of HIF-1α, or HIF-

1β significantly impairs tumour growth in vivo (Semenza, 2012b). 

HIF induces cell proliferation and survival through regulation of many growth/survival factors 

in many cancer for example, transforming growth factor-A (TGFA), insulin-like growth factor-2 

(IGF2), vascular endothelial growth factor (VEGF), erythropoietin (EPO), cyclin-dependent 

kinase inhibitor 1A (CDKN1A) and B-cell lymphoma 2 (Bcl2) (Grimshaw, 2007, Feldser et al., 

1999, Szenajch et al., 2010).  

HIF also regulates epithelial–mesenchymal transition by the transcriptional activation of genes 

(ID2, SNAI1, SNAI2, TCF3, ZEB1, ZEB2) that have essential functions in regulating  the 
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expression of E-cadherin, the flexibility  of cytoskeleton and cell-cell adhesion (Esteban et al., 

2006, Krishnamachary et al., 2006). HIF-1α promotes expression of genes (TGFA, VIM) that 

regulate the mesenchymal phenotype(Gunaratnam et al., 2003). 

During metabolic reprogramming, many genes are regulated by HIF in hypoxia, such as Glucose 

transporter1 (GLUT1), GLUT3, Lactate dehydrogenase A (LDHA) and Pyruvate dehydrogenase 

kinase 1 (PDK1) and Carbonic anhydrase 9 (CA9) (Semenza, 2012b). 

During the invasion and metastasis, HIF-1α promotes expression of genes encoding: proteases 

that degrade (CTSC, MMP2, MMP9, MMP14, PLAUR) or remodel (LOX, LOXL2, LOXL4) the tissue 

(Erler and Giaccia, 2006, Wong et al., 2011), motility factors (AMF, MET) and it also upregulates 

(ANGPTL4) proteins that enhance extravasation of cancer cells into metastatic sites (Zhang et 

al., 2012b). These and many other genes are regulated by HIF in hypoxia and play crucial roles 

in cancer progression.  

Adding to hypoxia, there are a number of cancer-associated mutations that trigger and enhance 

HIFa accumulation. For instance, mutations that inactive PTEN or TSC2, or activate PI3Ka or 

AKT1 lead to activation of mTOR, thereby increasing HIF-1α transcription and translation 

(Brugarolas and Kaelin, 2004). Activating mutations in Ras promotes production of ROS 

resulting in HIF1a hydroxylation inhibition (Gerald et al., 2004). On the other hand, inactivating 

mutations in metabolic enzymes such as succinate dehydrogenase or fumarate hydratase 

inhibits HIF hydroxylation (Kaelin and Ratcliffe, 2008, Baldewijns et al., 2010). In addition, 

mutations in VHL alter the ability of pVHL to polyubiquitylate HIF, increasing HIF stability. 

Mutations in VHL are associated with the development of hemangioblastoma and clear cell renal 

carcinoma (Kaelin and Ratcliffe, 2008, Baldewijns et al., 2010). The role of HIF-α in 

tumourigenesis has been well known through studies of pVHL-defective tumours. For example, 

the risk of renal carcinoma development with germline VHL mutations correlates with the level 

to which these mutations activate HIF-α. This is also true for VHL mutations identified in 

sporadic clear cell renal carcinomas (Baldewijns et al., 2010, Kaelin, 2007). In preclinical 
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models, VHL_/_ clear cell renal carcinomas overexpress both HIF-1α and/or HIF-2α. In addition, 

HIF2-α knockdown in VHL_/_ renal carcinoma cells is sufficient to inhibit tumour growth 

(Baldewijns et al., 2010, Kaelin, 2007). These findings suggest that drugs that block HIF or 

downstream HIF targets will be beneficial for treating VHL deficient cancers, for example, VHL_/_ 

clear cell carcinomas. In vitro, molecules such as ascorbic acid and membrane-permeable 2-

oxoglutarate antagonists have shown to supress HIF-α in tumour cells (Knowles et al., 2003, 

Page et al., 2008).  

Hypoxia is one of the key physiological changes differentiating cancer and normal cells and 

therefore constitutes a therapeutic target. There are several drugs that supress HIF-α either 

indirectly, such as mTOR inhibitors, HSP90 inhibitors, and HDAC inhibitors (Kaelin, 2007) or 

directly such as polyamides that block HIF binding at the VEGF promoter (Olenyuk et al., 2004, 

Viger and Dervan, 2006). A list of anticancer agent targeting HIF-1α activity is presented in 

Table 1.2 

There is increasing evidence that hypoxia supresses many key proteins involved in DNA repair 

pathways (Bristow and Hill, 2008). Ataxia telangiectasia and rad3-related (ATR)-mediated 

signalling and ataxia telangiectasia mutated (ATM)-mediated signalling pathways are activated 

in hypoxia and have important functions during hypoxia-induced replication stress and re-

oxygenation (Bencokova et al., 2009, Olcina et al., 2013). Both ATR and ATM are considered as 

potential therapeutic targets in hypoxia. VE-821 and VE-822 are specific inhibitors of cellular 

ATR activity that have recently shown to be sensitive to hypoxia in a range of cancer cells 

(Reaper et al., 2011, Fokas et al., 2012). Notably, critical proteins in homologous recombination 

are repressed in hypoxia, such as Rad51 and BRCA1. These could potentially be targeted by poly 

ADP ribose polymerase (PARP) inhibitors. These inhibitors are highly sensitive to BRCA1 and 

BRCA2 deficient cancer cells, since hypoxia suppresses DNA repair and PARP inhibitors have 

shown increased sensitivity to hypoxic cancer cells (Chan et al., 2010). 
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Many HIF-target genes are translated into proteins that play key roles in cancer development 

and progression, including VEGF, TGFb, SDF-1, CXCR4 and MMP1 (Kaelin, 2007, Kaelin and 

Ratcliffe, 2008). These proteins have been critical for drug development and for clinical use. For 

example, inhibitors for VEGF or its receptor, known as kinase insert domain receptor (KDR) 

have been use in clinic for advanced kidney cancer patients. Two such agents are sorafenib and 

sunitinib (Kaelin, 2007). 

Angiogenesis is a hallmark of cancer and is a compelling therapeutic target for hypoxic tumours. 

Induction of HIF-1α promotes synthesis of the angiogenic factor VEGF, causing vascular 

development that is required for tumour growth, however oxygen tension may suffer due vessel 

malformation. In this case, VEGF inhibition leads to vessel normalisation and increased oxygen 

levels, permitting access of chemotherapeutic drugs and improving sensitivity to radiation 

(Ward et al., 2013). Bevacizumab is a monoclonal antibody targeting VEGF. It increases the 

sensitivity to chemotherapy but does not increase overall survival (Ward et al., 2013, Rakha and 

Chan, 2011). On the other hand, it is reported that long-term Bevacizumab treatment induces 

tumour hypoxia, which may eventually lead to resistance. There have been several attempts to 

use combined therapies with VEGF inhibitors, for example combined blockade of CA9 with 

Bevacizumab to reduce tumour growth (McIntyre et al., 2012) and the use of anti-angiogenic 

agents with Notch inhibitors to reduce breast cancer stem cells (Ward et al., 2013, Grudzien et 

al., 2010).  

There are number of novel compounds designed for targeting HIF-1α. Bortezomib is a 

proteasome inhibitor approved for hematological malignancies that has been found to 

downregulate CA9 in a metastatic colorectal cancer phase II trial (Mackay et al., 2005). PX-478 

is novel compound that blocks HIF-1α transcription and HIF-1α protein expression in a p53- 

independent and pVHL-independent manner (Koh et al., 2008). In addition, YC-1, is a synthetic 

compound that blocks HIF through factor inhibiting HIF (FIH)-dependent inactivation of the 

carboxy-terminal transactivation domain (CAD) of HIF-1α (Li et al., 2008). 
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Table 1.2 List of anticancer agents that modulate HIF-1α activity: 

 

 

 

 

 

 

 

 

 

 

 

Abbreviations: HSP90, heat-shock protein 90; sGC, soluble guanylate cyclase; Trx, thioredoxin-1; 

cGMP, cycline guanosine monophosphate; PIK3, phosphatidylinositol-3-kinase; mTOR, 

mammalian target of rapamycin; MEK, MAP/ERK Kinase; ErbB2, epidermal growth factor 

receptor 2; EGFR, epidermal growth factor receptor; COX2, cyclooxigenase-2. The table is 

redesigned and updated from (Milani and Harris, 2008). 

 

A number of methods have been developed to detect hypoxia in solid cancer (Vaupel and Mayer, 

2007). It is crucial to reliably detect oxygen levels in tumours for prognosis and for evaluating 

resistance to specific treatments. There are direct and indirect methods for measuring tumour 

hypoxia. The Eppendorf polarographic oxygen needle electrode is the most common and direct 

method to measure oxygen levels, however it has many limitations, including its invasiveness, 

non representativity of the whole tumour and the oxygen consumption by the electrodes can 

result in false positive quantification (Favaro et al., 2011, Peters et al., 2010). 

In clinical practise, the measurement of hypoxia utilises endogenous and exogenous markers. 

For example, immunohistochemistry is commonly used for patient biopsies and detects both 

endogenous and exogenous markers of hypoxia. Endogenous markers such as HIF-1α and its 

target genes, including GLUT1, CA9 and VEGF are widely used. Limitation of these endogenous 
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markers is their association with by non-hypoxia-related factors (for example, pH or the 

concentrations of glucose and glutamine)(Favaro et al., 2011).  

Exogenous markers of hypoxia utilise nitroimidazole compounds, such as pimonidazole, 2-(2-

nitro-1H-imidazol-1-yl)-N-(2,2,3,3,3-pentafluoropropyl)-acetamide (EF5)(Varia et al., 1998). 

These markers are administered to patients and interact with proteins in hypoxic conditions to 

form stable adducts which later can be detected by using specific antibodies on tumours (Airley 

et al., 2003). The major limitations of these endogenous and exogenous markers include their 

invasiveness (they require tumour biopsies), the fact that biopsies are not necessarily 

representative of the whole tumour, and the inability to perform multiple evaluations for follow 

up (Favaro et al., 2011, Tatum et al., 2006). 

Recently, new techniques have been developed for imaging hypoxic tumours in clinic (Shao et 

al., 2013, Hammond et al., 2014), for example, the use of nitroimidazole derivatives including 

18F-fluoromisonidazole (18F-MISO) in combination with positron emission tomography 

(PET)(Horsman et al., 2012). While the 18F-MISO-PET technique has several advantages (non-

invasive and permits serial imaging of hypoxia), the accumulation of 18F-MISO in hypoxic 

tumours is moderately low. The Blood oxygen level-dependent magnetic resonance imaging 

(BOLD MRI) has also been used for tumour hypoxia imaging (Hammond et al., 2014). A 

limitation of this method is the fact that it does not quantify oxygen directly and could be 

affected by factors such as blood flow and tumour perfusion (Favaro et al., 2011).  

It is becoming clear in order to enhance our ability to target hypoxic tumour cells and to assess 

their response to therapies, more comprehensive approaches for hypoxic tumour detection are 

required.  
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1.5 Hypoxia and breast cancer 

Although tumour cells can tolerate hypoxic stress and develop multiple ways of adapting and 

surviving limited oxygen levels, severe and prolonged hypoxic conditions can eventually lead to 

necrosis and then to cell death. Indeed, necrotic regions are frequently found in many cancer 

types (Zhong et al., 1999, Tomes et al., 2003). Hypoxic and necrotic regions are found in breast 

cancer (Lundgren et al., 2007). 

Several studies have described hypoxic regions occurring in all stages of breast cancer, from in 

situ carcinomas to both ductal and lobular high-grade invasive carcinomas (Hohenberger et al., 

1998, Cornfield et al., 2004). Generally, breast cancer patients with tumour characteristics such 

as ER negative , PR negative  and node-positive status have higher proportions of anoxic and 

hypoxic areas (Vaupel et al., 2002, Vaupel et al., 2005). Hypoxia is also observed in tumour 

metastasis. Van den Eynden et al. studied hypoxia markers in 60 breast cancer patients and 

found that the presence of hypoxia in the primary tumours correlates with hypoxia markers in 

lymph node metastases (Van den Eynden et al., 2005). These data indicate that the hypoxia 

signature is maintained after tumour cells migrate from their primary organ and move to a new 

environment.  

In addition, many studies have shown that HIF isoforms (HIF-1α or HIF-2α) are adverse 

prognostic factors in breast cancer patients with or without lymph node status (Dales et al., 

2005, Bos et al., 2004, Bachtiary et al., 2003, Helczynska et al., 2008). Using HIF-1α as a marker 

for hypoxia, it is estimated around 25 – 40 % of all invasive breast cancer samples are hypoxic 

(Kronblad et al., 2006, Gruber et al., 2004, Dales et al., 2005, Bos et al., 2003, Wang et al., 2014). 

HIF-1α positivity is commonly associated with increased tumour size, high grade, high 

proliferation, lack of lymph-node metastases and hormone-receptor negativity (Lundgren et al., 

2007, Wang et al., 2014). Moreover, high levels of HIF-1α have been shown to be a predictor for 

breast cancer therapy responses, such as chemotherapy (Generali et al., 2006). On the other 

hand, high levels of HIF-2α have been found in infiltrating ductal carcinomas and were 
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associated with highly metastatic tumours (Giatromanolaki et al., 2006). In other studies, HIF-

2α expression in patients with invasive breast cancer correlates with histological grade and 

Ki67 expression in tumours (Xiang et al., 2012) and is associated with poor outcome and relapse 

(Helczynska et al., 2008). Furthermore, interventional studies using xenograft models of breast 

cancer cells, in which HIF-1α has been deleted, showed a significant reduction in tumour 

progression and metastases in these tumours (Hiraga et al., 2007, Liao et al., 2007). 

In hypoxic tumours, HIF drives the expression of many target genes some of which promote 

tumour growth and progression (Semenza, 2012b). Similarly, HIF regulated non-coding RNAs 

can also predict hypoxic responses in breast cancer, for example, microRNA-210 is a HIF-1α-

regulated small non-coding RNA that is highly induced in hypoxia and is an indicator of poor 

prognosis in breast cancer (Volinia et al., 2012, Hong et al., 2012). 

In breast cancer, evidence suggests that high HIF-1α expression and its targets have been 

associated with worse prognosis (Starmans et al., 2012, Favaro et al., 2011, Wang et al., 2014). 

One important example is carbonic anhydrase (CA9), which is a HIF-1α target gene and present 

on the plasma membrane and functions by hydrating CO2 to form H+ and HCO3- extracellularly 

(Wykoff et al., 2000). The upregulation of CA9 has been associated with aggressive features and 

linked to the reduction of relapse-free survival in breast cancer patients with grade I and II 

tumours (Beketic-Oreskovic et al., 2011, Brennan et al., 2006) and is associated with poor 

clinical outcome in invasive breast carcinomas (Chia et al., 2001, Hussain et al., 2007).  

It is also suggested that high expression of CA9 is a predictive marker for breast cancer 

chemotherapy responses and adjuvant treatments (Span et al., 2007, Betof et al., 2012). In 

addition, high levels of GLUT1 and VEGF (HIF-1α target genes) have also been linked with 

increased risk of recurrence, higher tumour grade and poor prognosis (Linderholm et al., 2000, 

Kang et al., 2002), Chen et al. reported overexpression of HIF-1α and MET were associated 

together in breast cancer, indicating that HIF-1α promotes aggressive breast cancer by inducing 

MET (Chen et al., 2007). Another study showed a strong association between lymphatic 
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microvessel density and expression of HIF-1α and VEGFC in breast cancer. This study proposes 

that HIF-1α could have an effect on tumour-associated lymphangiogenesis, which is a critical 

requirement for breast cancer metastases (Schoppmann et al., 2006). 

Activation of HIF-1α in breast cancer has also been associated with resistance to anticancer 

therapies (Unruh et al., 2003). In a clinical study conducted on 187 breast cancer patients 

treated with either neoadjuvant epirubicin alone or with combined epirubicin and tamoxifen it 

was reported that HIF-1α and CA9 were associated with treatment resistance (Generali et al., 

2006). Another study included 114 breast cancer patients who received aromatase inhibitor. It 

showed that the level of HIF-1α was an independent factor that was significantly linked with 

treatment resistance (Generali et al., 2009). High levels of serum CA9 in metastatic breast 

cancer patients treated with trastuzumab have shown to be associated with reduced 

progression-free survival (Favaro et al., 2011). These studies are in agreement with previous 

evidence that tumours with low CA9 expression are more sensitive to adjuvant endocrine or 

chemotherapy treatment (Favaro et al., 2011, Span et al., 2003). In addition, high levels of 

VEGF have been linked with resistance to both hormonal and chemotherapies for breast cancer 

(Foekens et al., 2001). These reports highlight the significance of assessing tumour hypoxia, not 

only to allow for selection of patients who would more likely profit most from treatments, but 

also to avoid the use of treatments in cases where they might be unfavourable.  

There have been attempts to utilise hypoxia gene expression signatures (expression of multiple 

genes responsive to hypoxia) as markers for detecting hypoxic tumours. These gene signatures 

can potentially improve our understanding of hypoxic responses to a specific therapy and 

mechanisms of resistance in terms of gene regulation (Favaro et al., 2011). Buffa et al. described 

a hypoxia signature based on a meta-analysis derived from head and neck squamous cell 

carcinomas (HNSCCs) and breast cancers. They selected genes that were consistently co-

expressed with the hypoxia from in vitro and in vivo experiments of different cancers that might 

reflect tumour response to hypoxia and suitable for clinical use. They reported that these 
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metagenes are highly clinically relevant to hypoxia in cancers, in particular breast cancer (Buffa 

et al., 2010).  

Since hypoxia is central to the pathology of breast cancer, it is important to understand and 

characterise in-depth mechanisms of tumour hypoxia in breast cancer that may lead to 

determine patient prognosis, optimise treatment and provide better understanding on how to 

target hypoxia and to discover novel therapeutic targets. 

 

1.6 The cancer genome 

Comprehensive analysis of cancer genomes has revealed widespread genomic alterations the 

complexity of which has been highlighted through recent advances in genome-wide analysis. 

These alterations include point mutations, altered methylation, chromosomal rearrangements, 

aberrant genomic structure and changes in gene expression (Cowin et al., 2010). Cancers may 

accumulate a number of such alterations ultimately leading to changes in cancer related genes 

such oncogenes (which drive cancer) and/or tumour suppressor genes (which suppress 

cancer). Profiling the cancer genome has had a profound impact on our understanding of many 

new fundamental genetic mechanisms that derive cancer initiation, progression and 

maintenance and on our management of specific cancers such as melanoma and  breast cancer 

(Alexandrov et al., 2013, (TCGA), 2012, Yu et al., 2012, Ellis et al., 2012). The scope of these 

studies has included activation and suppression of cancer signalling pathways, the effects of 

epigenetic regulation, alteration of the splicing machinery, identification of novel therapeutic 

targets, understanding molecular mechanisms of resistance to targeted therapies, translating 

genome-scale variation into the clinic and discovering a variety of novel molecular diagnostic 

biomarkers (Wang and Wheeler, 2014). Detecting both interpatient heterogeneity and 

intratumoral heterogeneity can facilitate treatment decisions for personalised patient therapy 

leading to improved outcomes (Cowin et al., 2010, Boehm and Hahn, 2011). 
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1.7 The transcriptome 

The transcriptome is the output of the genome that is transcribed into RNA and includes the 

entire set of transcripts in a cell. This consists mainly of ribosomal RNA ’rRNA’ (80–90 %) with 

smaller proportions of 2–4 % messenger RNA (mRNA), 15 % transfer RNA (tRNA) and a small 

fraction of non-coding RNAs (1 %) including small interfering RNA (siRNA), microRNA 

(miRNA), small nuclear/nucleolar RNAs (snoRNAs), piwiRNA (piRNA), natural antisense 

transcripts (NATs), transcription start site-associated RNA (TSSa-RNA) and long non coding 

RNA (lncRNA) (Lindberg and Lundeberg, 2010)  (Figure 1.4). Transcriptome expression varies 

according to a specific cell type, developmental stage or physiological stimulus (Licatalosi and 

Darnell, 2010). Studying the transcriptome is essential for understanding the functional 

elements of the genome, identifying the cellular constituents and understanding how 

transcriptome is involved in development and disease. The aims of transcriptomic analysis are 

to catalogue all types of transcripts in cells, determine the transcriptional boundaries of genes 

(start sites, 5' and 3' ends), identify splicing variants and post-transcriptional modifications and 

to quantify the expression levels of each transcript under different conditions (McGettigan, 

2013, Mutz et al., 2013). 

 

 

 

 

 

Figure 1.4 Percentage for different RNA classes in human transcriptome. 
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Recent transcriptomic analysis by large project such as the Encyclopaedia of DNA Elements 

(ENCODE) project (ENCODE, 2012) has revealed that less than 2 % of the transcriptional output 

of the human genome encodes proteins and around 98 % encodes different classes of non-

coding RNAs, as listed above with potential transcriptional and epigenetic regulatory functions 

(Raz et al., 2011, Kapranov et al., 2010, Djebali et al., 2012). Many of these non-coding 

transcripts are reported to be deregulated in cancers, including breast, colon and prostate 

cancers (Maruyama et al., 2012, Martens-Uzunova et al., 2013, Hauptman and Glavac, 2013). 

However, the function and regulation of many of these non-coding transcripts class in hypoxia 

has not been studied.  

 

1.7.1 Small non-coding RNAs 

Small non-coding RNAs are defined as transcripts that are less than 200 base pairs (bp) in 

length that are not translated into proteins. Small non-coding RNAs include several classes; 

microRNA (miRNA), small nuclear/nucleolar RNAs (snoRNAs), transfer RNA (tRNA) and piwi-

interacting RNA (piRNA). These varied classes of RNAs have an important impact in many 

biological processes (Esteller, 2011, Maute et al., 2014). 

The most widely studied class of small non-coding RNAs are miRNAs, which are around 22 

nucleotides in length and are highly conserved across species. The function of miRNA is to 

mediate post-transcriptional gene silencing by inhibiting the translation of mRNA into proteins 

(He and Hannon, 2004). miRNAs regulate the expression of a number of genes that are involved 

in key processes, including proliferation, differentiation, apoptosis and development (Mendell, 

2005). 

Other classes of small non-coding RNAs are less well characterised.  For instance, piRNAs are 

24–30 bp in length and bind the PIWI subfamily of Argonaute family proteins. Their function is 

mainly linked to the maintenance of genome stability in germline cells (Aravin et al., 2007, 
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Brennecke et al., 2007). snoRNAs are considered as intermediate-size non-coding RNAs with 

lengths ranging from 60 to 300 nt. snoRNAs  are essential for the formation of small nucleolar 

ribonucleoproteins complex (snoRNPs), which are responsible for sequence-specific 2’-O-

methylation and pseudouridylation of ribosomal RNA (Kiss-Laszlo et al., 1996, King et al., 

2003).  

 

1.7.1.1 Hypoxia and small non-coding RNAs 

Several small non-coding RNAs of different types, including miRNAs, snRNAs and piRNAs have 

been reported to be altered in cancer (Stahlhut and Slack, 2013, Nallar and Kalvakolanu, 2013, 

Mei et al., 2013).  However, the role of hypoxia in their dysregulation in these tumours is less 

well studied. Indeed, although hypoxic regulation of miRNAs is widely reported (Gee et al., 

2013, Camps et al., 2014), the effect of hypoxia on tRNAs, snRNAs, and piwiRNAs have not been 

studied before.  

Amongst those studies examining the hypoxic regulation of miRNAs, miR-210, -155, -372/373 

and -10b are most frequently reported to be upregulated (Huang et al., 2009, Bruning et al., 

2011, Crosby et al., 2009), while, miR-20b and miR-200b are commonly reported to be 

downregulated in hypoxia (Chan et al., 2011, Lei et al., 2009).  Some of the hypoxia-induced 

miRNAs such as miR-210, -155, and -373 have been shown to contain HIF binding sites 

indicating direct transcriptional regulation of these miRNAs by HIF (Huang et al., 2009, Bruning 

et al., 2011, Huang et al., 2010). 
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1.7.2 Long non-coding RNAs (lncRNAs) 

lncRNA are defined as non-protein coding transcripts of longer than 200 bp. The human genome 

encodes thousands of lncRNA transcripts (Geisler and Coller, 2013) (The FANTOM consortium, 

2005). Recently, the GENCODE project has published the largest manually curated catalogue of 

lncRNAs in man. The GENCODE-identified 9,640 lncRNAs loci which represent 15,512 

transcripts(Derrien et al., 2012). These lncRNAs showed lack of homology to any protein, 

absence of open reading frames and no high conservation through the majority of their exons. 

16.8 % of lncRNAs are polyadenylated and 13.9 % of lncRNAs have chromatin marks, in 

particular histone 3 lysine 4 trimethylation “H3K4me3” at the promoter and histone 3 lysine 36 

trimethylation “H3K36me3” across the gene body (Mattick, 2009, Derrien et al., 2012).  

ENCODE has classified all the lncRNAs based on their location with respect to protein-coding 

genes to five classes; antisense RNAs, are those which overlap with any exon of protein-coding 

gene on the opposite strand, lincRNAs, are transcribed in an intergenic non-coding loci, sense 

overlapping RNAs, are transcribed within an intron of coding gene on the same strand, sense 

intronic RNAs, are resides within an intron of a coding gene, but does not overlap any exons on 

the same strand, processed transcripts, have no open reading frame (ORF) and cannot be 

classified in any of the other categories because of complexity in their structure (Figure 1.5A). 

Based on this classification, ENCODE lncRNAs data consists of 5,058 lincRNAs, 3,214 antisense 

RNAs, 378 sense intronic RNAs and 930 processed transcripts (Figure 1.5B) (Derrien et al., 

2012). 

Interestingly, ENCODE analyses suggested that lncRNAs are transcribed through pathways 

similar to protein-coding genes including, histone-modification, splicing, and exon/intron 

structure. However, lncRNAs mainly localised in chromatin and nucleus (Derrien et al., 2012, 

Djebali et al., 2012). 
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The majority of lncRNAs are found spliced, accounting for 98 % and bias toward only two exons. 

Around 42 % of lncRNAs have only two exons compared with 6 % of mRNAs (Derrien et al., 

2012). It is also noted that lncRNAs have slightly longer exons and introns compared to protein-

coding genes (median length of exons for lncRNAs 149 bp and for mRNAs 132 bp; median 

length of introns for lncRNAs 2280 bp and for mRNAs 1602 bp). However, because lncRNAs 

have less exons, the overall length of lncRNAs is shorter than mRNAs (median length for 

lncRNAs 592 bp compared with 2453bp for mRNAs) (Derrien et al., 2012, Djebali et al., 2012) 

Several transcription factor-binding sites are present around their promoters (Ulitsky and 

Bartel, 2013, Guttman et al., 2009, Mercer et al., 2009). The function of the majority of lncRNAs 

remains unclear and their biological role has been emerging (Ulitsky and Bartel, 2013, Flintoft, 

2013). Various functions have been proposed; for example, they may act as enhancer marks (De 

Santa et al., 2010), in genome reprogramming (Loewer et al., 2010) and could act in cis to 

activate transcription or in trans to repress transcription (Mercer et al., 2009, Rinn et al., 2007, 

Huarte et al., 2010). 

There is emerging evidence to suggest that lncRNAs play an important role in tumour biology 

(Du et al., 2013, Qiu et al., 2013). Aberrant expression of a number of lncRNAs in cancer has 

been associated with disease progression and reported as an independent predictor for disease 

outcomes. Such dysregulated lncRNAs include the HOX Transcript Antisense RNA (HOTAIR) in 

breast cancer (Gupta et al., 2010) and the Metastasis Associated Lung Adenocarcinoma 

Transcript 1 (MALAT-1) in lung cancer (Ji et al., 2003). 
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Figure 1.5 Annotation of lncRNAs in the human genome. A) lncRNAs are classified 

based on their locations with respect to protein-coding genes. B) Number of lncRNAs based on 

their classification.  
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1.7.2.1 Hypoxia and lncRNAs 

Although the regulation and role of lncRNAs in hypoxia has not been well characterised, during 

the current project a number of studies have reported the function and regulation of specific 

and individual lncRNAs in hypoxia. Yang et al., (2014)  used a bioinformatic analysis to identity 

six lncRNA (LincRNA-p21, lnc-ROR, MALAT1, NEAT1, HOTAIR and A7) that have potential HREs 

within their promoter regions (Yang et al., 2014b). They focused their analysis on LincRNA-p21, 

since it showed the highest induction in Hela cells when exposed to hypoxia (Yang et al., 2014b). 

They reported that lincRNA-p21 is induced by HIF-1α and binds to both HIF-1α and VHL, 

disrupting the VHL-HIF-1α interaction and generating a positive feedback loop that further 

enhances HIF-1α accumulation in hypoxia (Yang et al., 2014b). In addition, they found that 

forced over-expression of lincRNA-p21 promotes tumour growth in xenograft models (Yang et 

al., 2014b). 

Fredin et al. exposed two cancer cell lines (HCT-116 and MCF-7) to 1 % O2 or DMOG for 24 and 

48 hours and found five long non-coding transcripts that were overexpressed and transcribed 

from ultraconserved regions named 'hypoxia-induced noncoding ultraconserved transcripts' 

(HINCUTs) (Ferdin et al., 2013). These transcripts were over expressed in colorectal tumours. 

Expression of HINCUT-1 (c.475) lncRNA, which is transcribed as part of a retained intron of the 

host protein-coding gene, O-linked N-acetylglucosamine transferase (OGT), was selected for 

validation (Ferdin et al., 2013). Knockdown of HINCUT-1 resulted in reduced cell proliferation, 

with G2/M blockade and reduced expression of OGT (host gene) in hypoxia. They also 

demonstrated that HINCUT-1 potentially has enhancer-like functions in normoxia and hypoxia 

(Ferdin et al., 2013). 

 In another study, Young and colleagues demonstrated that lncRNA-Low Expressed in Tumour 

(lincRNA-LET) is expressed at low levels in hepatocellular carcinoma (HCC), colorectal cancers 

and squamous-cell lung cancer tumours compared to their normal tissues (Yang et al., 2013a). 

 In addition, they found that hypoxia suppresses lncRNA-LET expression though activation of 
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histone deacetylase 3 (HDAC3), which decreases histone H3 and H4 acetylation levels around 

the lncRNA-LET promoter region. Moreover, suppression of lncRNA-LET in hypoxia is 

important for the accumulation and stabilisation of nuclear factor 90 (NF90) and HIF-1α, which 

induce invasion (Yang et al., 2013a). Furthermore, lncRNA-LET expression was found inversely 

correlated with CA9 expression in primary HCC tumours, suggesting that lncRNA-LET is 

involved in hypoxia responses in cancer (Yang et al., 2013a). 

Among early studies, Matouk and colleagues showed that imprinted maternally expressed 

transcript (H19) is also a HIF-1α-dependent lncRNA and that its expression increases in HCC 

cell lines and bladder carcinoma cell lines in response to hypoxia (Matouk et al., 2007). They 

reported that suppression of H19 in Hep3B xenograft models resulted in a very significant 

reduction of tumour volumes. In a later study, Matouk et al. showed elevation of H19 expression 

in hypoxia is associated with the status of the p53 tumour suppressor, as cells with p53wt show 

no induction in H19 expression upon hypoxia, whereas the p53null cells exhibited a high degree 

of H19 induced by hypoxia (Matouk et al., 2010). These data indicate lncRNA expression may 

also be dependent on DNA mutation status. 

Although the studies discussed above have been useful in understanding role and regulation of 

specific lncRNA in hypoxia, they have a number of limitations. The use of bioinformatic 

approaches and/or microarray based technologies limits the discovery of potentially hypoxia 

regulated lncRNAs for several reasons: many microarray based technologies frequently lack 

updated lncRNAs probes; many lncRNA are expressed at low abundance and may be difficult to 

detect by microarray; microarray technology has a relatively low dynamic range and often 

underestimates fold-changes; and bioinformatic and microarray analysis don't allow the 

identification of non-annotated hypoxia-specific lncRNAs. Therefore, profiling lncRNAs at the 

genome wide level in hypoxic tumours using technologies such as RNA sequencing will shed 

light on another level of regulation of the hypoxic transcriptome and clinical translation of these 
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hypoxia-associated lncRNAs may assist development of new markers and therapeutic targets in 

cancer. 

 

1.7.3 Natural antisense transcripts 

At a number of genomic loci, overlapping RNA molecules may be transcribed from opposing 

strands of the DNA and are termed natural antisense transcripts (NATs), also known as opposite 

strand transcripts (Faghihi and Wahlestedt, 2009, Werner, 2013). NATs were first discovered in 

bacteria and found to control plasmid numbers (Lacatena and Cesareni, 1981). In the 

mammalian genome both sense and antisense transcripts can be non-coding or coding. The 

commonest pattern in the human genome, however is a non-coding antisense transcript to 

overlap a protein coding sense transcript (Wight and Werner, 2013). Antisense transcripts are 

not evenly distributed across the gene and most commonly overlap one or other end of the 

sense genes.  

The function of antisense transcripts is not well understood. Recent studies indicate a 

regulatory role for natural antisense transcripts at both transcriptional and post-transcriptional 

levels, including epigenetic silencing, regulating expression of sense and neighbouring 

transcripts (Faghihi and Wahlestedt, 2009, Rosok and Sioud, 2004, Wahlestedt, 2006). It is 

proposed that natural antisense transcripts can regulate by either inducing or suppressing 

expression of the sense transcript. The terms co-regulation and anti-regulation are used to 

describe inductive or suppressive effects of NATs, respectively (Figure 1.6). 
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Figure 1.6 Genomic configuration of natural antisense transcripts.Top panels: sense 
transcript is indicated in red, antisense transcript in blue. Bottom panel: NATs can affect the 
expression of the overlapping sense gene in a co-regulation (NAT, sense transcript) or anti-
regulation (NAT, sense transcript) manner. 
 

 

1.7.3.1 Hypoxia and natural antisense transcripts 

The expression of natural antisense transcripts has been found to be altered in several cancers, 

including breast, renal and colon cancer (Kohno et al., 2010, Grigoriadis et al., 2009). In hypoxia, 

a natural antisense transcript of hypoxia-inducible factor 1 (aHIF-1α) has been described 

originating from the 3'-untranslated region and body of the HIF-1α gene in hypoxia (Rossignol 

et al., 2004).  It is proposed that aHIF-1α regulates expression of HIF-1a by destabilising a splice 

variant of HIF-1α mRNA (Uchida et al., 2004, Cayre et al., 2003). This destabilisation exposes the 

AU-rich elements of HIF-1α mRNA where antisense RNA can bind (Uchida et al., 2004, Rossignol 

et al., 2004). In addition, expression of aHIF-1α is associated with poor disease-free survival and 

patient outcome with breast and renal cancer (Cayre et al., 2003, Rossignol et al., 2002). 

However, transcriptome sequencing analyses have shown that many genes overlap with 

antisense transcripts raising the possibility that hypoxic regulation of antisense transcripts is a 
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common phenomenon. Consequently, characterising the hypoxic regulation of these natural 

antisense transcripts at the genome-wide level and their role in regulating sense transcripts will 

potentially shed a light on networks of transcriptional regulation in hypoxia. 

 

1.7.4 Non polyA transcripts 

As well as short RNAs, a number of functional long transcripts (>200 bp in length) are known to 

lack polyA tails, including rRNAs, some lncRNAs and replication dependent histone mRNAs 

(Marzluff et al., 2008, Livyatan et al., 2013).  

In eukaryotic cells, nascent pre-RNAs are subjected to a number of transcriptional and post-

transcriptional modification processes during their maturation. These processes are highly 

regulated(Zhang et al., 2013b). The 3’end maturation of nascent pre-RNAs is essential for RNA 

release from the transcription template and for its function after maturation. However, some 

classes of RNAs, such as replication-dependent histone mRNAs, do not undergo the mutation. 

The 3’end processing of RNApol2 transcribed RNAs involve cleavage and polyadenylation of 

nascent pre-RNAs. The machinery of cleavage/polyadenylation recognises the AAUAAA 

hexanucleotide, along with G/U rich sequences present in nascent pre-mRNAs, leading to 

endonucleolytic cleavage of the pre-RNA by cleavage and polyadenylation specificity factor-37 

(CPSF-73) (Mandel et al., 2006). Then, poly(A) polymerase adds a polyA tail (up to 200 to 250 

adenosines) at  the 3’-end of the transcript (Richard and Manley, 2009). 

However, there is an increasing evidence, that around 70 % of all human genes are subjected to 

alternative cleavage and polyadenylation (Hoque et al., 2013). These alternative cleavage and 

polyadenylation sites result in formation of a range of RNA isoforms with different coding 

potentials and/or 3’ untranslated regions and additionally affect their stability and subcellular 

localisation (Tian and Manley, 2013). Thus, it is become clear that the proper 3’ end processing 

is key to the functionality of a mature RNA (Zhang et al., 2013b).  
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Interestingly, although it is generally believed that replication-dependent histone mRNAs are 

the only cellular mRNAs without polyA tails, a number of recent transcriptome profiling studies 

reported many mature mRNAs with short polyA tails (> 30 bp), non polyA lncRNAs and non 

polyA enhancer RNAs (eRNAs) in human cells (Marzluff et al., 2008, De Santa et al., 2010, 

Memczak et al., 2013). The molecular mechanism and function of the short poly A RNAs still 

remains unclear. There are a number of reported mechanisms by with RNAs are stabilised 

without polyadenylation of 3′ ends, including RNase P cleavage to produce a mature 3′ -end 

(Brown et al., 2012, Wilusz et al., 2012), snoRNP complexes capping at both ends of the 

transcript (Yin et al., 2012), or by creating circular structures to protect them from degradation 

(Memczak et al., 2013, Hansen et al., 2013). 

Recently, the ENCODE project reported that most annotated elements (exons, splice sites, 

transcripts and genes) are similar for both polyadenylated and non-polyadenylated RNAs. In 

addition, a small proportion of ENCODE elements were exclusively found in the non-

polyadenylated RNA fractions (0.4 % of exons, 2.8 % of splice sites, 3.3 % of transcripts and 4.7 

% of genes). Comparing gene expression levels, polyadenylated RNAs span six orders of 

magnitude for (from 10-2 to 104 reads per kilobase per million reads (RPKM)), while non-

polyadenylated RNAs five orders of magnitude (from 10-2 to 103 RPKM) (Djebali et al., 2012). 

In contrast to mRNA expression, relatively little is known about non-polyA transcripts in cancer. 

One possible function of non-polyA transcripts is regulation of the cell cycle through effects on 

replication-dependent histone expression (Yang et al., 2011a). Previous studies have shown that 

a significant proportion of eukaryotic gene transcripts may be non-polyA or bimorphic 

(containing both polyA+ and polyA- transcripts) (Wu et al., 2008, Yang et al., 2011a). In a recent 

study by Zhao et al. transcriptome sequencing identified both polyA+ and polyA- RNA in a panel 

of cancer cell lines including HMEC, MCF-7, NHLF, and A549 (Zhao et al., 2013). Differential 

expression of both polyA+ and polyA- RNAs were found in cancer with many altered non poly A 

mRNAs involved in various cancer related pathways such as cell cycle, apoptosis, and cell death 
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(Zhao et al., 2013), suggesting that many non-poly A mRNAs have key functions and play 

important roles in cancer. However, the link between hypoxia and non-polyA transcripts has not 

been studied previously. Understanding the role of non-polyA transcripts in hypoxic tumours 

could enhance our understanding of new aspects of hypoxia regulation.  

 

1.8 Next-generation sequencing technologies 

In the past decade, rapid advancements in high-throughput sequencing technologies have 

revolutionized our understanding about structural and functional genomics (Koboldt et al., 

2013). These technologies are broadly divided into two main classes, namely next-generation 

sequencing (NGS) also known as second generation sequencing, which includes both 

conventional and desk-top instruments. The second class, known as third generation 

sequencing includes single DNA molecule sequencing technologies (Mardis, 2013). The 

conventional NGS technologies include platforms such as Roche 454 GS FLX, Illumina GA/HiSeq 

and Life Technologies SOLiD/5500 sequencing instruments. The advantages of conventional 

NGS technologies are that they are cost-effective and compatible with large scale sequencing 

studies, for example, whole-genome sequencing (WGS), whole transcriptome sequencing and 

whole-exome sequencing (WES) (Ku et al., 2013). 

The NGS technologies use different chemistries for sequencing. Illumina (GA/ Hiseq/ Miseq) 

exploits reversible terminator chemistry, whereas, Life technologies platforms (SOLiD excluding 

Ion torrent) employ DNA ligase enzyme to mediate sequencing by ligation to synthesise the 

complementary strand of the fragment (Mardis, 2013). The NGS technologies are also known as 

‘massive parallel’ sequencing because of their high throughput, for example, Illumina's 

HiSeq2000 and Life Technologies SOLiD/5500 instruments have the ability to generate more 

than hundred gigabases of data per single run.  
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The Illumina sequencing platforms are widely used and are based on bridge amplification on a 

solid surface known as a flowcell. Single stranded DNA fragments are first attached to a flowcell 

using specific adaptors. These adaptors have complementary sequence to probes on the 

flowcell. The unattached end of the fragment binds and hybridises to other probes on the 

flowcell forming bridge-like structures. Then the templates are subjected to amplification in 

order to produce clusters for sequencing. The sequencing is performed using reverse 

terminator chemistry where the four nucleotides are labelled by different fluorescent colours in 

the sequencing reaction. The sequencing reagents and fluorescent labelled nucleotides are 

added onto the flowcell. At any one time, single fluorescently labelled nucleotides are 

incorporated in the synthesis of the DNA strand per cycle followed by a wash step to remove 

excess reagents. The fluorescent signals are captured by imaging across the whole flowcell. 

These steps are then repeated to complete the sequencing reaction. A single flowcell has more 

than hundred million clusters, which allow for the spontaneous sequencing of vast numbers of 

DNA templates (Mardis, 2013, Metzker, 2010).  

Although NGS sequencing technologies have their advantages in sequencing throughput, there 

are a number of limitations. They require longer run times of several days and amplification 

steps to generate templates for sequencing. For Roche and Life Technology sequencing 

platforms (Roche 454 GS FLX, GS Junior, Life Technologies SOLiD and Ion Torrent) the 

amplification method is based on emulsion PCR solution, while for Illumina platform 

technologies (Illumina GA, Hiseq and Miseq) it is based on bridge amplification on a solid 

surface. It is clear that the amplification steps can result in errors that can cause amplification 

bias. In addition, these technologies require an amplification step during the clustering process, 

which is prone to introduce errors and may result in uneven amplification in the sequencing 

read. Under-sequencing the template can result in incorrect detection and calculation, while 

over-sequencing the template is not cost-effective. Another limitation of NGS technologies is 

base-calling error rates, for instance Life Technologies platforms have the highest accuracy with 
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less than 0.1 % of error rate, whereas Illumina platforms have error rate of 0.5 % to 1.5 % 

(Mardis, 2013, Metzker, 2010).  

Although NGS technologies have a number of limitations, with current advances and 

development in these technologies these limitations are consistently improving. In addition, 

some limitations are overcome by the introduction of single DNA molecule sequencing which 

are performed in real time and omit the requirement of amplification, thereby avoiding or 

reducing the errors resulted by clonal amplification.  

 

1.8.1 Bench-top sequencing technologies 

Recent studies have evaluated the application of NGS technologies as diagnostic tools for 

Mendelian diseases (Koboldt et al., 2013, Ku et al., 2013). The need of sequencing small panels 

of genes in clinical samples for routine clinical utility has led to the development of several 

bench-top NGS platforms such as Roche 454 GS Junior, Ion Proton, Ion Torrent, and Illumina 

Miseq. Since conventional NGS technologies might not be suitable for the targeted gene 

sequencing studies, bench-top platforms have a niche market for clinical diagnosis, where 

targeted gene sequencing is required. 

The throughput of bench-top NGS platforms (Ion Torrent, and Illumina Miseq) range from 10 

Mb to more than 1 Gb and with read lengths ranging from 100 to 200 bp. The Illumina Miseq is 

based on a reversible terminator sequencing technology (as explained above), in contrast the 

Ion Torrent and Ion Proton sequencing are based on post-light sequencing technology.  

The Ion Torrent and Ion Proton sequencing platforms contain a sequencer and a range of 

semiconductor sequencing chips. In these two platforms, the DNA polymerase incorporates a 

nucleotide for synthesis of the complementary strand of the template, resulting in a release of a 

hydrogen ion and a subsequent voltage change. In the case that the nucleotide is not 
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complementary then no change in the voltage will be recorded. Since these technologies (Ion 

Torrent and Ion Proton sequencing) do not require light scan, and cameras as other 

technologies to detect the incorporated nucleotide, these technologies significantly simplify 

overall sequencing process and reduce sequencing time.  

Owing to their throughput and quick turnover time, bench-top platforms have a promising 

future for targeted gene sequencing, for instance as diagnostic tools in clinics. 

 

1.8.2 Single molecule sequencing technologies 

Notwithstanding advancements in next generation technologies that have improved our 

understanding of genomics, single molecule sequencing (the third generation sequencing) is 

emerging with improved aspects of sequencing.  

Compared to NGS technologies, single molecule sequencing has several advantages, including 

quick turnover time, higher throughput, ability to sequence longer read lengths, improved 

consensus accuracy and use of smaller amounts of template. These improvements may be 

utilised in many aspects of genomic studies, such as de novo assembly, detection of haplotypes, 

detection of rare variants and use of smaller amounts for clinical settings (Pushkarev et al., 

2009). There are a handful of commercial single molecule sequencing platforms, for instance, 

Helicos Biosciences also known as true Single Molecule Sequencing (tSMS), Pacific Biosciences 

known as Single Molecule Real Time (SMRT) sequencing, and Oxford Nanopore (Mardis, 2013, 

Schadt et al., 2010).  

The first commercially available single molecule-sequencing instrument is Helicos Biosciences. 

Briefly, the technology is based on extending the individual DNA molecules by attaching it on a 

planar surface using specific primer, fluorescent nucleotide (Virtul Terminator nucleotides), and 

modified DNA polymerase followed by imaging of the DNA molecules (Harris et al., 2008). The 

tSMS technology has been also applied for sequencing direct RNA molecules without the need of 
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converting RNA to cDNA or incorporating ligation and amplification steps (Pushkarev et al., 

2009).  

Pacific Biosciences has developed the first real time sequencing technology that allows the 

direct detection of a single molecule of DNA polymerase as it synthesis the complementary DNA 

strand (Korlach et al., 2010). This Pacific Biosciences sequencing technology has many 

advantages compared to other sequencing platforms. It requires less reagent and sample 

preparation, requires no amplification, less time consumption (scanning and washing steps are 

absent), and longer read length (maximum read length of 10 Kb) (Carneiro et al., 2012, Shin et 

al., 2013).  

Despite the fact that Helicos tSMS and Pacific Biosciences SMRT have a number of potential 

advantages, there are a number of limitations. Both technologies have a high read error rate of 

more than 5 %, dominated by insertions and deletions (Schadt et al., 2010).  

Nanopore-sequencing technologies are based on threading single DNA molecules through a 

nanopore or by positioning DNA molecules in the vicinity of nanopore. The individual 

nucleotides are read as they are run through the nanopore (Ying et al., 2013). These 

technologies rely on passing the DNA molecule or its components through a nano hole and the 

nucleotides are detected by the emission of their electric currents or optical signals. Since 

nanopore sequencing technologies use single unmodified DNA molecule in real time, they have 

the ability to run quickly using very small amounts of DNA material (Ying et al., 2013, Yang et al., 

2013b). While nanopore technologies have a favourable potential in omic sciences they are still 

under development. 
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1.9 Transcriptome technologies 

Several technologies have been developed to study transcriptomes. These are typically 

hybridization or sequence-based methods. Hybridization-based approaches use fluorescently 

labelled complementary DNA (cDNA) conjugated to high-density microarrays; for example, a 

microarray is a high-resolution method that allows mapping of transcribed regions in the 

genome (Bertone et al., 2004). Although hybridization-based approaches are relatively 

inexpensive and could be used for high throughput analysis to interrogate large genomes, these 

methods have a number of limitations. These include a limited dynamic range and a high level of 

background due to cross-hybridization (Shendure, 2008, Russo et al., 2003). In addition, 

complicated normalization methods are required to compare expression analyses from different 

experiments and platforms (Russo et al., 2003). 

In contrast, sequence-based methods use direct cDNA for sequencing. Sanger sequencing was 

initially used to determine cDNA sequences, but this method is expensive and has low 

throughput (Boguski et al., 1994). To overcome some of these limitations, alternative 

sequencing methods were developed using high throughput tag-based approaches to quantify 

gene expression, such as serial analysis of gene expression (SAGE) (Harbers and Carninci, 2005) 

and cap analysis of gene expression (CAGE)(Kodzius et al., 2006). However,  these methods are 

generally based on the expensive Sanger sequencing technology and have limitations in 

distinguishing different isoforms and in mapping the short tags uniquely to the reference 

genome (Wang et al., 2009). These disadvantages limit an accurate expression quantification 

and annotation of transcriptome structure. 

The development of next generation sequencing methods that allow hundreds of millions of 

DNA fragments to be sequenced simultaneously have revolutionised the way genomes are 

analysed and our understanding of genetics (Wang et al., 2009, Ozsolak et al., 2009). The recent 

application of these massively parallel sequencing methods to the analysis of RNA, termed 
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“RNA-Seq” (RNA sequencing), has produced similar changes in the way the transcriptome can 

be studied. 

1.9.1 RNA-seq 

Next generation RNA sequencing “RNA-seq” has significant advantages to existing approaches 

that characterise and quantify the transcriptome. In particular, RNA-seq allows the accurate 

detection and quantification of transcript expression levels, splice-junctions, gene fusions, RNA 

editing, transcript isoforms and allele-specific expression (mutation and single-nucleotide 

polymorphism ‘SNP’ within transcripts) (Wang et al., 2009, Costa et al., 2010, Sanchez-Flores 

and Abreu-Goodger, 2013). This vital information enhances our understanding of transcriptome 

differences in health and disease states. Furthermore, unlike microarray technologies, RNA-seq 

does not require prior knowledge of transcript sequences, so it allows the identification, 

characterisation and quantification of novel transcripts (Costa et al., 2010, Roberts et al., 2011). 

Another important feature of RNA-seq is that it has a larger dynamic range of expression levels 

compared to microarrays (Marguerat and Bahler, 2010, Wilhelm et al., 2010) and is highly 

reproducible for both technical and biological replicates (Marioni et al., 2008, Liu et al., 2014). 

A number of studies have used RNA-seq to determine transcriptome-wide differences in polyA 

RNA and/or miRNAs between normal tissues and different types of breast cancers, both in cell 

lines and in primary tumours (Sinicropi et al., 2012, Horvath et al., 2013). These studies found a 

long list of transcripts that are altered in breast cancer and which may contribute to the 

metabolic and growth aberrations associated with cellular transformation (Sun et al., 2011, Hah 

et al., 2011, Inaki et al., 2011, Craig et al., 2013, Horvath et al., 2013). Other studies have used 

RNA-seq for molecular classification of breast cancer or to study treatment responses in order 

to find transcripts that are associated with clinical outcome (Sun et al., 2011, Wu et al., 2010). 

However, a comprehensive analysis of hypoxic changes in the tumour transcriptome by RNA-

seq has yet to be performed. 
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1.9.2 Challenges and advances in RNA-seq 

Recently, advances in RNA-seq methodologies have allowed comprehensive cataloging of the 

transcriptome, including the uniform detection of transcript coverage, distinction of sense and 

antisense transcripts, sequencing of low amount of RNA and improved detection of splicing 

events (Ozsolak and Milos, 2011, Linnarsson, 2010).  

When the current project started, commercially available RNA-seq methods from Illumina were 

designed either for polyA RNA or for sequencing small RNAs, which together represent only a 

small fraction of the entire transcriptome. These methods are poor at analysing some regulatory 

classes of transcript such as non-polyA RNA, tRNA and lncRNA (which lack poly A). Analysis of 

the whole transcriptome, in a manner that is not limited to polyA-selected RNAs, by coupling 

RNA-seq to the analysis of RNA depleted of abundant  rRNA molecules (5S, 5.8S, 18S and 28S) 

has been reported (Cui et al., 2010, Raz et al., 2011, Kapranov et al., 2010, O'Neil et al., 2013). 

These studies used commercially available kits to selectively deplete large rRNA molecules from 

total RNA. They reported enriched detection of tRNA, non polyA mRNA, pre-processed RNA, 

lncRNA and small regulatory RNA such as miRNA and small RNA transcripts with undefined 

functions (Kapranov et al., 2010, van Dijk et al., 2011, Cui et al., 2010, O'Neil et al., 2013, 

Jenjaroenpun et al., 2013). These findings suggested that “ribo-depleted” RNA-seq allows a 

much more comprehensive identification and quantification of the transcriptome across all 

classes of RNA when compared to polyA RNA-seq. 

Until very recently, another limitation of the commercially available Illumina RNA-seq methods 

has been the inability to determine orientation of the RNA transcript i.e. the DNA strand that 

had been transcribed. Distinguishing strand-specificity for an  RNA molecule substantially 

enhances transcriptome analysis, by allowing for accurate identification of potential antisense 

transcripts with a regulatory role, annotates exact boundaries of overlapping transcribed genes 

and accurately quantifies coding or non-coding sense  and antisense transcripts (Ozsolak and 

Milos, 2011, Parkhomchuk et al., 2009). Recently, several methods have been developed for 
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strand-specific RNA-seq. These methods are generally based on two approaches. One approach 

relies on using distinct adaptors that attach only to either the 5’ or  3’ end of the RNA transcript 

(Levin et al., 2010). These methods convert adapter ligated RNA to a cDNA library, maintaining 

the 5’ end and the 3’ end of the original mRNA molecule (Figure 1.7a).  

A second approach to strand specific RNA-seq is based on chemically modifying either the RNA 

or DNA; examples of RNA modifications include attaching an RNA linker (Lister et al., 2008) or 

bisulfite treating the RNA molecules (He et al., 2008), whereas for DNA modifications these 

include incorporation of deoxyuridine triphosphate “dUTP” instead of thymidine triphosphate 

“dTTP” during second-strand cDNA synthesis followed by digestion with uracil-N-glycosylase of 

the unmarked strand (Parkhomchuk et al., 2009) (Figure 1.7b/c). Other approaches, such as 

reverse transcription on flow cells and computational methods have also been implemented to 

determine the directionality of RNA (Guttman et al., 2010, Mamanova et al., 2010).  

 

 

Figure 1.7 Strand specific RNA-seq approaches. A)  Specific 3’ and 5’ RNA adaptors 
ligation method B) Chemical modification of RNA by bisulfite treatment method C) Chemical 
modification during dUTP during second-strand cDNA synthesis (adapted from (Levin et al., 
2010)). 

 

A comprehensive study was conducted by Levin and colleagues to evaluate seven published 

strand-specific RNA-seq library protocols using polyA-selected RNA from Saccharomyces 

cerevisiae (Levin et al., 2010). They found significant differences in expression profiling, strand 

specificity, sequence coverage and library complexity between the different protocols.  The 
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authors concluded that the dUTP modification in second-strand cDNA method and adaptor 

ligation to RNA (the Illumina pre-released method) were the preferred protocols having  high 

reproducibility and accuracy (Levin et al., 2010).  

Overall, there is a need to standardise methods that allow comprehensive transcriptome 

sequencing. These should allow for identification of the original orientation of transcripts and 

are not limited to specific classes of transcripts. Such a method will provide a true global view of 

transcriptome changes and accurate annotation transcripts. 

 

1.10 Hypoxia Genomics 

1.10.1 Genome-wide analysis of the hypoxia-regulated transcriptome 

Tumour cells utilise a variety of mechanisms to adapt to hypoxic stress.  Hypoxia induces the 

expression of a large number of genes that regulate many biological processes. This includes cell 

proliferation, angiogenesis, metabolism, apoptosis, immortalization and migration (Harris, 

2002). Several studies have reported hypoxia-inducible genes in different types of cancer 

(Favaro et al., 2011). These studies have defined a range of hypoxic gene signatures that are 

linked to poor cancer outcome and to a variety of pathological conditions, such as resistance to 

treatment (Wilson and Hay, 2011, Teicher, 1994, Generali et al., 2009).  

Microarray expression analyses have defined hundreds of hypoxia-induced genes that are 

regulated by the HIF pathways. These include genes with important functions in processes such 

as proliferation, angiogenesis and apoptosis (Favaro et al., 2011, Buffa et al., 2010).  In addition, 

the expression of many other transcription factors is also dependent on HIF, indicating that HIF 

regulates a network of responses in hypoxia. Both HIF-1α and HIF-2α are closely related and 

activate expression of HRE-dependent genes (Gordan et al., 2007, Greijer et al., 2005, Zagorska 

and Dulak, 2004). However, the extent to which HIF has direct or indirect control over gene 
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expression in hypoxia, as well as with other factors that are induced by HIF-regulated genes 

remains unclear.  

In a comprehensive analysis to identify hypoxia regulated genes, Ortiz-Barahona and colleagues, 

performed “meta-analysis” of 19 gene expression profiling datasets that  were available in the 

GEO database which were derived from different cells exposed to hypoxia or hypoxia mimetics 

(Ortiz-Barahona et al., 2010). They found that the number of non-redundant hypoxia-regulated 

genes increased significantly with the number of experiments. Across all 19 datasets, the total 

number of non-redundant hypoxia upregulated genes was 2864 with a further 2929 showing 

hypoxic downregulation. Further analysis revealed the number of hypoxia-regulated genes that 

were common to all 19 datasets is very small, with about 24 core hypoxia regulated genes 

identified in all cell types studied (Ortiz-Barahona et al., 2010). Whilst some of the differences 

observed between the datasets may result from random statistical noise, these differences 

strongly suggest that different cell-types activate or repress different genes in response to 

hypoxia. 

Several other studies have reported the importance of the HIF system as the central mediator of 

transcriptional responses to hypoxia. Elvidge et al. reported microarray expression profiles in 

MCF-7 (breast cancer) cells treated with normoxia, hypoxia (1 % O2) or DMOG 

(dimethyloxalyglycine). These expression analyses revealed that 246 transcripts were 

significantly upregulated and 190 transcripts were significantly downregulated by hypoxia with 

the vast majority also regulated by DMOG in the same manner (Elvidge et al., 2006). Combined 

HIF-1α and HIF-2α siRNA treatments significantly reduced the expression of 141 out of 246 of 

the hypoxia-induced transcripts (Elvidge et al., 2006). Treatment of the hypoxic MCF-7 cells 

with siRNA directed against the HIF-α subunit alone resulted in significant down regulation of 

127 from  246 hypoxia-upregulated genes. However, in marked contrast, HIF-2α siRNA resulted 

in statistically significant downregulation of only 5 of 246 genes in hypoxia. Taken together 
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these results indicate that a large proportion of hypoxia-induced genes are regulated by HIF and 

that in MCF-7 cells, this regulation appears to be mediated predominantly through HIF-1. 

In addition, many studies have profiled the genome-wide hypoxic regulation of microRNAs 

(Kulshreshtha et al., 2007, Hua et al., 2006, Camps et al., 2008, Radovich and Ragoussis, 2013). 

Although these studies have reported a number of hypoxia-regulated miRNAs, there has been 

little overlap in those identified by each study (McCormick et al., 2010). Indeed, only miR-210 

has been robustly induced in hypoxia in all the reported profiling studies. 

Whilst the studies mentioned above have been very useful in identifying hypoxic gene 

signatures and in understanding the transcriptional response to hypoxia at the genome-wide 

level, the microarray-based approaches employed had focused on protein coding genes or 

miRNAs and these represent only part of the transcriptome. The role and regulation of other 

RNA classes, in particular non-coding RNAs and regulatory RNAs such as lncRNA, antisense RNA 

and non-poly A RNA have not been studied previously at the genome-wide level in hypoxia. 

Importantly, these transcripts may have a vital function in hypoxia or play a critical role in its 

regulation. 

 

1.10.2 Genome-wide analysis of HIF binding sites 

The central role of HIF in the hypoxic regulation of gene expression raises important questions 

as to how many of these responses result from direct transcriptional activation by HIF and how 

many are indirect consequences of HIF activation. Several studies have attempted to identify 

direct transcriptional targets of HIF using in silico methods to identify HIF binding sites (Benita 

et al., 2009, Xie et al., 2005). These studies have identified many previously documented HIF-

binding sites and HIF-dependent genes (Benita et al., 2009). Generally, these in silico methods 

use two approaches; de novo prediction of motifs (Gupta and Liu, 2005) or redefined position 

weight matrices (PMW) (Xie et al., 2005). However, both approaches have limitations in 
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defining HIF-binding sites genome-wide. For example, the binding sequence of HIF is very short, 

occurs very frequently and is ubiquitously spread across the human genome resulting in 

unreliable in silico genome-wide prediction. 

Recent advances in the analysis of protein-DNA interactions methods and DNA sequences have 

allowed identification of transcription factor binding sites across the whole genome. Five 

studies have profiled HIF binding across the genome of different cell lines using chromatin 

immunoprecipitation (ChIP) of HIF-1α, HIF-2α, and HIF-1β coupled to either tiled arrays (ChIP-

on-chip) or to high-throughput sequencing (ChIP-seq)(Xia et al., 2009, Tanimoto et al., 2010, 

Schodel et al., 2011, Schodel et al., 2012, Mimura et al., 2012). 

 In summary, the majority of these studies have reported around 500 high-stringency HIF-

binding sites across the genome in each cell line studied, with the exception of Mimura and 

colleagues who used less stringent thresholds when compared with other studies and identified 

575 HIF-1α binding sites in normoxia (when HIF-1α levels are very low) and 2060 HIF-1α 

binding sites in hypoxia (Mimura et al., 2012). 

Schödel and colleagues, mapped HIF-binding sites in a breast cancer cell line (MCF-7) using 

ChIP-seq. Using highly stringent criteria, they identified 400 HIF-1 binding sites (HIF-1α and 

HIF-1β signal) at 356 gene loci and 425 HIF-2 binding sites (HIF-2α and HIF-1β signal) at 357 

gene loci (Schodel et al., 2011). Moreover, they examined relationships between identified 

positions of HIF binding sites and published hypoxia MCF-7 gene expression datasets. HIF-1 and 

HIF-2 binding sites were strongly clustered among the most highly upregulated genes in 

hypoxia. In contrast, they observed no enrichment of HIF-binding sites among hypoxia-

downregulated genes. They proposed that these HIF binding loci may exert a direct control over 

gene expression in response to hypoxia (Schodel et al., 2011). 

In this study, genome-wide analysis revealed that HIF can bind to HREs remote from any 

documented promoter (promoter-distant sites) and can act over long genomic distances to 
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promote transcription of their target genes. Furthermore, these transcriptional targets of HIF 

may not be the closest gene to the binding site. A microarray-based approach analysis may not 

definitively identify a strongly regulated gene in the vicinity of a HIF-binding site. This raises the 

possibility that other nearby transcripts not represented on the microarray, could in fact be 

targets for some of these “orphan” binding sites. 
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1.11 Aim of this study 

The aim of this project is to comprehensively profile the hypoxic transcriptome using next 

generation RNA sequencing (RNA-seq), taking the ER+ MCF-7, breast cancer cells as a model.  

To date there is no published data for hypoxic transcriptome analysis of human cells using RNA-

seq. Since existing expression data in hypoxia has focused on the expression of mRNAs or 

miRNAs, I have extended the analysis to include other classes of RNA that may be regulated by 

hypoxia and/or HIF. MCF-7 cells were chosen because of the presence of existing microarray 

expression data and genome-wide data of HIF binding sites in hypoxia, which will allow 

comparing and validating the findings of the current project. 

Specifically the work performed in this thesis will allow:  

1. Measurement of the regulation of different RNA classes including piwiRNA, tRNA, 

miRNA, snRNA, mRNA and lncRNA  in hypoxia 

2. Identification of hypoxia-regulated natural antisense transcripts and  hypoxia non-

annotated transcripts at the genome wide level 

3. Correlation of HIF-binding sites with different RNA classes 

4. Identification of the HIF-dependent transcriptome, in particular lncRNAs  

5. Investigation of RNApol2 and histone markers with the hypoxic transcriptome 

6. Understanding new mechanisms of the mode of action of RNApol2 in hypoxia 

7. Characterisation of hypoxia-inducible lncRNA and its role in hypoxia tumour biology      

8. Utility of hypoxia inducible lncRNA as a clinicopathological and prognosis marker in 

breast cancer. 
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Outline of thesis 

Chapter 2 of the thesis describes this transcriptome analysis and the development of a bespoke 

“total RNA-seq” method that allows the detection and quantitation in a single run of both small 

and long RNA transcripts in a strand-specific manner irrespective of whether these are poly-

adenylated.  

Chapter 3 profiles the HIF-dependence of these pan-genomic changes in hypoxia by correlating 

RNA-seq data with previously published HIF-α ChIP-seq data in MCF-7 cells from our group. The 

analysis takes into account all classes of transcripts (including previously unannotated 

transcripts) and provides the most comprehensive analysis of HIF transcriptional responses to 

date. Moreover, in an attempt to identify the HIF dependent transcriptome, HIF-1α, HIF-2α and 

combined HIF-1α and HIF-2α siRNAs were transfected in hypoxic MCF-7 cells that were then 

subjected to RNA-seq. 

In Chapter 4, RNA pol2 and histone modification (H3K4me3: marker of active promoter) ChIP-

seq data were integrated with hypoxic transcriptome data (Total RNA-seq), to gain further 

insight into the transcriptional regulation of the coding and non-coding transcriptome, with 

particular emphasis on lncRNAs and non-annotated transcripts. 

Finally, in Chapter 5, I selected one of the most hypoxia-induced HIF-binding and HIF-regulated 

lncRNAs, NEAT1, for further validation and functional analysis. NEAT1 is hypoxia-regulated in a 

wide array of breast cancer cell lines and in vivo models. The hypoxic induction of NEAT1 had 

effects on tumorigenicity and on the formation of nuclear paraspeckle bodies. Finally, tumour 

NEAT1 expression correlated with clinical survival in a large cohort of breast cancer patients. 
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Chapter 2: Transcriptome analysis of MCF-7 cells in hypoxia 

and normoxia using next generation RNA sequencing 
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2.1 Introduction 

Adaptation to altered levels of oxygen is a vital physiological process within cells. As cancers 

grow, they outstrip their blood supply, generating a hypoxic microenvironment. This is a 

common feature of most solid tumours and is associated with an aggressive phenotype 

(Semenza, 2012a).  Hypoxia activates a cascade of key cellular pathways by regulating a number 

of factors including transcriptional and post-transcriptional changes in gene expression, which 

allows cells to survive under hypoxic conditions (Kaelin and Ratcliffe, 2008, Harris, 2002). It is 

estimated that up to 1.5 % of the human genome is transcriptionally activated in response to 

hypoxia (Denko et al., 2003). 

To date, studies that have attempted to characterise the hypoxia transcriptional output have 

used microarray-based technologies. Major findings of these studies were:  

1) The use of different cell types in vitro revealed heterogeneity of the induced genes. This 

may be explained by the specialized role and functions of different cells, which therefore 

show different gene regulation patterns in hypoxia (Denko et al., 2003, Denko et al., 

2000, Koong et al., 2000). 

2) Gene regulation differs between early and prolonged hypoxic incubation (Chi et al., 

2006, Seigneuric et al., 2007). 

3) There is set of core protein coding genes that consistently induced by hypoxia (Favaro et 

al., 2011). 

4) A set of core hypoxia-regulated genes (hypoxia gene signature) could be used to predict 

clinical outcome for several cancer types, including breast cancer, prostate cancer and 

HNCC (Koop et al., 2009, Winter et al., 2007, Kong et al., 2007).   

 

These reports have been valuable for our understanding of the transcriptional response to 

hypoxia, but they have focused largely on protein coding genes and some microRNAs, which 

represent only a small proportion of the total transcriptional output of the cell. 
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Recently, large genome studies and projects such as ENCODE have transformed our perspective 

on regulatory transcriptional networks (Djebali et al., 2012, Kapranov et al., 2007). It is now 

recognised that mRNA forms only part of a much broader transcriptional output that includes 

even greater numbers of RNAs that are not translated to protein (Esteller, 2011). These “non-

coding” RNAs have important regulatory roles that further shape the transcriptional regulation 

of the cell. They include short non-coding RNA (<200 nucleotides) such, miRNA, snRNA, 

piwiRNA, and tRNA as well as long non-coding RNAs (lncRNA) (>200 nucleotides). Little is 

known about the hypoxic regulation of this non-coding transcriptome, beyond microRNAs. 

In this part of work, I have performed a comprehensive profiling of hypoxic transcriptome using 

next generation RNA sequencing technologies, to investigate both the coding and the non-

coding transcriptional landscape in hypoxia. 
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2.2 Exprimental desigen 

Total RNA was isolated from MCF-7 cells grown in normoxia or hypoxic condition (1 % O2 for 24 

hours). It was then subjected to total RNA-seq or polyA selected RNA-seq. The total RNA-seq 

libraries were prepared with two rounds of ribosomal depletion. To assess the percentage of 

ribosomal fractions, libraries were cloned in the Zero Blunt® TOPO® vector and sequenced using 

Sanger sequencing. The optimised total RNA-seq method allows sequencing of both small (< 

200 bp) and long (≥ 200 bp) RNAs and utilizes the strand specific adapters that preserve the 

information from which DNA strand the transcript is produced. The polyA selected RNA-seq 

libraries were prepared based on the Illumina TruSeq protocol. The total RNA-seq and polyA 

selected RNA-seq libraries of MCF-7 cells were sequenced on Illumina GXII or HiSeq 2000. The 

raw data were normalised to the total number of mapped reads and analysed by an in house-

developed analysis pipeline. The pipeline allows detection and calculates the differential 

expression of the different RNA classes in hypoxia. The expression of five different transcripts 

from each snRNA, mRNA and lncRNA class, with median regulation in hypoxia, was measured 

by TaqMan expression analysis in MCF-7 cells grown in hypoxia (1 % O2 for 24 hours) in order 

to confirm the findings of the pipeline. Additionally, the regulation of these transcripts was also 

confirmed with DMOG (500 nm, 24 hours) and HIF-1/2α siRNA treatments in MCF-7 cells. The 

suppression of HIF-1α and HIF-2α subunits was confirmed with western blots in hypoxic MCF-7 

cells (1 % O2 for 24 hours). Induction of several newly reported hypoxia regulated genes in this 

study was confirmed by qPCR in hypoxic MCF-7 cells (1 % O2 for 24 hours). Moreover, 

expression of selected hypoxia regulated miRNAs and non-polyA mRNAs was confirmed by 

qPCR in a panel of breast cancer cell lines grown in normoxia and hypoxia (1 % O2 for 24 hours). 

Regulation of ten most upregulated lncRNAs, non-annotated intergenic and antisense 

transcripts in hypoxia were validated by qPCR in MCF-7 cells. The coding optional calculator 

algorithm (http://cpc.cbi.pku.edu.cn/programs/run_cpc.jsp) was used to evaluate protein-

coding potential for all identified non-annotated intergenic transcripts in hypoxia. The Ingenuity 

http://cpc.cbi.pku.edu.cn/programs/run_cpc.jsp
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Pathway Analysis (IPA) software tool (Version IPA 8.8-3204, 

http://www.ingenuity.com/products/ipa) was used for gene ontology, gene network and 

pathway analysis in hypoxia. All the experiments were performed using three independent 

biological replicates. 
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2.3 Results 

2.3.1 Comprehensive analysis of hypoxia transcriptome  

In this study, the oestrogen  receptor positive (ER+) breast cancer cell line MCF-7 (the acronym 

of Michigan Cancer Foundation-7 (Soule et al., 1973)) was used as a model to profile the 

transcriptome landscape in response to hypoxia (1 % O2) and normoxia (21 % O2). This cell line 

expresses both the HIF-1α and HIF-2α isoforms and was chosen so that results could be cross-

referenced to previous microarray and ChIP-seq studies. Total RNA preparations were depleted 

of ribosomal species and analysed by high-throughput next-generation sequencing (RNA-seq). 

This methodology also identified the strands from which the RNA-species were transcribed and 

allowed a complete and unbiased characterisation of the hypoxic transcriptome. High-

throughput sequencing of more conventional libraries generated from poly-adenylated (poly-A) 

RNA were also analysed for comparison (Figure 2.1A).    

 

2.3.2 Development of in house ribosome-depleted strand specific RNA-seq 

method (Total RNA-seq) 

To maximise the transcriptome resolution of the cell by capturing both small and large polyA 

and non A transcripts in a in strand specific manner, I developed a method for isolating total 

RNA by depleting the cellular ribosomal RNA and subjected them for total RNA sequencing 

(Detailed method development is discussed in methods section, flowchart in (Figure 2.1B)).  

Briefly, isolated total RNA was subjected to DNAse treatment to remove DNA contamination, 

since the presence of DNA could bias sequencing signals later.  Ribosomal fractions are highly 

abundant and account for 90-95  % of the total RNA (Lindberg and Lundeberg, 2010). Because 

rRNAs are not targets for gene expression, the rRNA fraction was depleted by hybridizing the 

total RNA with Locked Nucleic Acid (LNA) probes designed specifically for abundant rRNA 
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molecules (RiboMinus™,Invitrogen).  Depletion of abundant rRNA fractions was confirmed by 

Agilent Bioanalyzer 2100 (Figure 2.1C). Ribosome-depleted RNAs were then chemically 

fragmented (see methods) and isolated using a method optimised to include the small RNA 

fraction. The RNA was then subjected to 5’ phosphorylation to facilitate ligation of strand-

specific adaptors. These adaptors were designed such that the 5’ adapters bound specifically at 

phosphorylated 5’ ends and 3’ adaptor bound at non-phosphorylated 3’ ends, thereby 

conserving information about the original orientation of transcripts.  5’ and 3’ ligated RNA was 

then reverse transcribed for cDNA synthesis and amplified. The final library was purified using 

optimised AMPure beads ratio (1: 10μl) to obtain a cDNA library ranging in size from 75 to 200 

bp (insert size from 20 to180 bp).  

To investigate the effectiveness of rRNA depletion, libraries were prepared after either one or 

two rounds of rRNA depletion and cloned into the Zero Blunt TOPO vector.  Eighty plasmid 

colonies from each library containing inserts were sequenced using standard Dye-terminator 

sequencing (Sanger et al., 1977) and showed a comparable reduction in the rRNA fraction with 

one round of rRNA depletion compared to two rounds (Figure 2.1D). However, in the interests 

of caution two rounds of rRNA depletion were used for this study. 

Hypoxia and normoxia libraries were then forwarded to the Genomic Core services for 

sequencing using Illumina GAIIX (single end, 51 bp length reads). 
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Figure 2.1 Development of total RNA-seq method. A) Total RNA was isolated from MCF-

7 cells after 24 hours of culture in 21 % O2 (normoxia) or 1 % O2 (hypoxia). The total RNA was 

subjected to either ribosome-depletion or polyA selection and subjected to high-throughput 

sequencing. B) Flowchart of the total RNA-seq procedure. C) Agilent bioanalyzer 2100 

electropherogram. (1) Total RNA from hypoxic MCF-7 cells before and (2) after total RNA after 

ribosomal depletion (3) the final purified total RNA-seq library with product size (75-200 bp). 

D) Percentages of different inserts in total RNA-seq library with one and two rounds of 

ribosomal depletion. 80 colonies were sequenced using Sanger sequencing per library.  
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2.3.3 Development of bioinformatic analysis pipeline for total RNA-seq 

Currently RNA-seq analysis tools and packages are designed specifically for either small RNA or 

for polyA RNA analyses. There are no general methods proposed for total RNA-seq analysis that 

unambiguously detect and calculate expression of small and long RNAs. In the absence of such 

methods a number of approaches have been evaluated for optimal RNA detection and 

expression analysis. 

Initially, the raw sequencing data were subjected to adapter sequence trimming using the 

FASTX-tool kit (http://hannonlab.cshl.edu/fastx_toolkit/). After trimming, the data were 

aligned to the human genome assembly (HG19) using TopHat (v.1.2.0) (Trapnell et al., 2009). 

TopHat uses Bowtie (v.1.0.0) (Langmead et al., 2009) as an alignment engine and additionally 

preserves unaligned reads which are called segments. Both aligned and unaligned (segments) 

reads are processed independently. TopHat attempts to align the segments ranging from 100 bp 

to 100 kbp apart from one another and when several segments are aligned to the genome it 

infers and estimates the junction splice sites. This allows TopHat to build an index of splice sites 

in the transcriptome without a priori gene or splice site annotations.  

Reads were mapped with the ‘–bowtie-n’ option and the rest of the parameters were left as 

default. Each library was mapped twice by accepting reads that map either uniquely (unique 

mapping) or in at least 20 positions (multiple mapping). 

After mapping normoxia and hypoxia sequencing data, the Cufflinks package (Trapnell et al., 

2010) was used to assemble aligned reads into the human reference genome model (RefSeq) for 

quantifying the expression levels of genes. Cufflinks measures abundances in Fragments Per Kb 

of exon per Million fragments mapped (FPKM). Then, the Cuffdiff tool was used to calculate the 

differential expression between the normoxia and the hypoxia samples. The Cuffdiff uses a 

statistical model that evaluates the expression changes and assumes that the number of reads 

mapped to each transcript is proportional to their abundance.  
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Although the above analysis provided a list of hypoxia regulated genes, it has a number of 

limitations including a bias towards longer transcripts (including mRNA and lncRNAs) and the 

restricted number of genes in the RefSeq database. The use of cufflinks assembly was 

computationally demanding for the total RNA-seq data, especially because of the low read depth 

of the total RNA-seq. The Cufflinks assembly and Cuffdiff rely on RefSeq databases for 

annotating mapped reads into genes for expression analysis. This analysis is restricted to 

transcripts that are present in the RefSeq database. However, there are a number of regulatory 

RNA classes such piwiRNA and tRNAs that are not annotated in RefSeq. Moreover, the RefSeq 

database lacks the updated annotation of some regulatory RNAs, such as lncRNAs, sn/snoRNAs 

and antisense transcripts, which are continually emerging with large scale genomic projects 

such as the ENCODE project. Since Cufflinks measures the transcript abundances with FPKM 

which is normalised by the length of the transcript, this measurement is not ideal for expression 

analysis of total RNA-seq data which contain both small and long RNAs. 

In an attempt to analyse the global transcriptome changes in hypoxia without being limited to 

the RefSeq annotations, I established an in house total RNA-seq mapping and differential 

expression analysis pipeline that allows analysis of all RNA types together.  

The pipeline allowed sequential mapping of the raw sequencing data to specific RNA databases 

using Bowtie tool (v.1.0.0) (Langmead et al., 2009) and calculated the expression level by 

counting the number of mapped reads to a particular transcript (normalised to the total number 

of mapped reads in each sample). The analysis pipeline was initiated by trimming the adapter 

sequences from the raw dataset using the FASTX-tool kit. After trimming, the data were mapped 

successively across different RNA databases, starting with an rRNA database, to filter any 

ribosomal fractions, and then mapping successively to databases of RNA classes of progressively 

increasing length. The flowchart of the analysis pipeline is explained in Figure 2.2. The first 

round of mapping used stringent criteria (one mismatch in seed length). Reads unmapped after 
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the first round were then re-mapped using less stringent criteria (two mismatches in seed 

length).  

The total reads mapping to each transcript were then counted in each condition and used to 

calculate the differential expression. Finally, any unmapped reads (after the two rounds) were 

used to construct a novel transcript database by comparing and overlapping clusters of tags 

with and without genome annotations using the Cuffcompare tool from the Cufflinks package 

(Trapnell et al., 2010). Using default settings of Cufflinks, unmapped reads were de novo 

assembled in a set of transcripts. These transcripts were filtered with abundance of less than 13 

% of the major transcript in the locus. Then, the Cuffcompare utility was used to compare the de 

novo assembly with the RefSeq database and to merge the transcripts into a combined set of 

annotations. The 5' and 3' exons of transcripts were allowed to vary by up to 200 bp during the 

comparison process. These analyses identified sets of novel transcripts, which were then 

classified as Novel Intergenic Transcripts (NITs) when there was no overlap with any annotated 

transcript and as Novel Antisense Transcripts (NATs) when they overlapped with a known 

transcript but were transcribed from the opposite DNA strand. 

The databases of different RNA classes used in the pipeline were the human protein coding 

mRNA database (University of California, Santa Cruz “UCSC” genome browser), rRNA database 

(from Linda Hughes at Wellcome Trust bioinformatics group), piwiRNA database (National 

Center for Biotechnology Information “NCBI”), microRNA database (mirBase), sn/snoRNA 

database (UCSC genome browser), tRNA database (UCSC genome browser) and long non coding 

RNAs (ENCOD). All the databases were based on the 2009 release (HG19) of the annotated 

human genome and contained chromosomal locations and sequences. 

Two technical replicates of the hypoxic and normoxic conditions were sequenced and were 

combined for analysis to increase depth and coverage of the transcriptome. Excluding reads 

mapping to ribosomal RNAs, 22,842,080 reads mapped to 42,989 transcripts in normoxia and 

21,171,641 reads mapped to 43,169 transcripts in hypoxia. Reads mapped to all categories of 
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RNA in both normoxic and hypoxic MCF-7 cells. In addition, approximately 100 novel 

(intergenic and antisense) transcripts were identified.  

The pipeline was tested with different alignment variables and read thresholds for optimised 

mapping and reliable expression analysis, including unique mapping, alignment with different 

number of mismatches in seed regions, initial mapping with different RNA sizes (longer to 

smaller RNAs and vice versa), mapping with/without rRNA filtrations, different normalisation 

methods (total raw sequencing normalisation, total mapped normalisation, specific class read 

normalisation) and different cut-off of mapped reads in expression analysis. All the steps were 

rigorously tested with statistical and computational analyses. Manual inspection of transcript 

regulation was performed by visualising the data on the UCSC genome custom tracks. 

 

 

 

 

 

 

 

 

 

 

 

 

 



67 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 2.2 Comprehensive profiling of hypoxia transcriptome landscape. Flowchart 

of the pipeline used for ribosome-depleted RNA-seq analysis. The adaptor sequences were 

“trimmed” from the raw sequencing data and the resulting reads were mapped successively to 

databases of different RNA classes (using high-stringency criteria, followed by a second round 

of mapping using slightly lower-stringency criteria). After normalisation, the mapped data was 

used to calculate the differential expression for each RNA species. 
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2.3.4 Correlation between polyA RNA-seq and ribosome-depleted RNA-seq 

The main advantage of ribosome-depleted RNA-seq is that it allows both polyA and non poly-A 

transcripts to be analysed simultaneously. However, many of these non poly-A transcripts, such 

as histone mRNAs and lncRNAs, are very abundant and account for a high proportion of 

sequencing reads in the total RNA-seq.  The sequencing depth across the polyA RNAs may be 

less in total RNA-seq compare to polyA selected RNA-seq. Therefore, to compare the two 

methods directly, polyA selected cDNA libraries (normoxia and hypoxia) were sequenced and 

the transcript abundance and fold-regulation was compared for those RNA-species present in 

both datasets.  

The analysis of the polyA selected normoxia and hypoxia datasets was performed similarly to 

the total RNA-seq by using the same in-house pipeline. For transcripts present in both the polyA 

selected and the ribosome-depleted RNA-seq datasets, a high degree of correlation was 

observed between expression levels in normoxia (R2= 0.701) and hypoxia (R2=0.715) in the two 

methods. In addition, these methods showed some degree of correlation when filtered for 

transcripts with at least 1.5 log2 fold regulation (Figure 2.3). These correlations validate the 

ribosome-depleted RNA-seq methodology (at least with respect to polyA RNA species) and 

provide a basis for extrapolation to non poly-A species of RNA. 
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Figure 2.3 Correlation between polyA RNA-seq and total-RNA-seq. Using transcripts 
present in both PolyA RNA-seq and total-RNA-seq datasets, the expression level assessed by 
polyA RNA-seq was plotted against the transcript level in the total-RNA-seq dataset for A) 
normoxic and B) hypoxic samples. Linear regression shows a high degree of correlation 
between the two types of analysis. (FPKM is fragments per kilobase of exon per million 
fragments mapped) C) Transcripts were then filtered for those showing at least 1.5 fold 
regulation by hypoxia in both the polyA and total- RNA-seq datasets and the two values plotted 
against each other. Log2 fold-change in hypoxia again correlated well between the two types of 
analysis. 
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2.3.5 Extensive regulation of the coding and non-coding transcriptome by hypoxia 

To determine the hypoxic regulation of each RNA across all classes, the fold-change in 

expression after hypoxic exposure was calculated as the normalised ratio of reads mapping to 

the relevant locus in hypoxia, to reads mapping to the sample locus in normoxia. For each 

expressed RNA, the log2-fold-change (log2 FC) for was plotted against the log10-expression level 

and the data is presented by class of RNA (Figure 2.4A). At low expression levels the scatter 

associated with log2-fold-change increased indicating that the estimation of hypoxia regulation 

was poor and potentially unreliable at low transcript abundance. These low-abundance species 

were therefore filtered by applying thresholds to the read number for each transcript (10 reads 

per transcript for small RNA classes - piwiRNA, miRNA, sn/snoRNA and tRNA, and 100 reads 

per transcript for mRNAs and lncRNAs). Using data from these filtered transcripts the median 

fold-change in hypoxia, together with the interquartile and full ranges, were calculated for each 

class of RNA (Figure 2.4B).  

This analysis demonstrates that all classes of RNA are regulated by hypoxia.  The median fold-

change in hypoxia for each class of transcript differed significantly between the different classes 

of RNA (p<0.001, Kruskal-Wallis), with pairwise analysis showing statistically significant 

differences between all groups except between mRNAs and miRNAs (p<0.001, Mann-Whitney U 

test). Both piwiRNAs and tRNAs showed slight downregulation (median log2 FC = -0.72 and -

0.90, respectively), whilst snRNAs exhibited more profound downregulation in hypoxia (median 

log2 FC = -2.05). miRNAs and pcRNAs showed modest upregulation (median log2 FC = 0.48 and 

0.47 respectively). lncRNAs exhibited a slightly greater fold upregulation (median log2 FC = 

0.81) (Figure 2.4C).  
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Figure 2.4 Extensive regulation of transcript abundance by hypoxia. A) Raw data for 
each RNA class plotted as log2 fold-change by hypoxia on the vertical axis versus log10 
expression level on the horizontal axis. Dotted vertical lines denote thresholds for the selection 
of transcripts for further analysis.  For small RNA (piwiRNA, miRNA, snRNA and tRNA) a 
threshold of 10 reads and for mRNA and lncRNA  a threshold of 100 reads in at least one 
condition were used.  B) Box-and-whisker plots of log2 fold-change by hypoxia for filtered 
transcripts in each class of RNA. The vertical dotted line denotes no fold-change. Median 
regulation for each class in hypoxia is shown. Two technical replicates of the hypoxic and 
normoxic conditions were sequenced and were combined for analysis to increase depth and 
coverage of the transcriptome. 

 

 

 

A B

B 

A B 



72 
 

To confirm these findings, representative samples of snRNA, pcRNA and lncRNA transcripts (n= 

5) exhibiting regulation close to the median values were tested by quantitative  real time 

polymerase chain reaction (qPCR). This analysis recapitulated similar differences between 

these RNA classes, consistent with the finding of overall class-specific regulation (Figure 2.5A).  

To determine whether this hypoxic regulation was conferred by a 2-oxoglutarate  (2-OG)-

dependent dioxygenase enzyme such as those responsible for regulating the transcription factor 

HIF, MCF-7 cells were treated with the inhibitory 2-OG analogue DMOG for 24 hours and 

expression levels of the same representative snRNA, mRNA and lncRNA transcripts were again 

analysed by qPCR. CA9 expression significantly increased with DMOG and was used as a control 

to confirm effective DMOG treatment in mimicking hypoxic conditions. This analysis showed a 

comparable pattern of regulation to that observed in hypoxia for all three classes of RNA, with 

upregulation of mRNA and lncRNA transcripts and a reduction of snRNA transcripts (Figure 

2.5B).  

Since the HIF transcription factor is the archetypal example of an oxygen and 2-OG dependent 

pathway, I next determined the dependence of the hypoxia-dependent regulation of mRNAs, 

lncRNAs and snRNAs on the presence of HIF. MCF-7 cells were incubated in hypoxia, following 

treatment with either control siRNA or after combined suppression of HIF-1α and HIF-2α using 

siRNAs to both HIF-α species.  Suppression of HIF-1α and HIF-2α was confirmed by western 

blotting (Figure 2.5C).  Hypoxic mRNA and lncRNA expression was reduced while expression of 

snRNAs was slightly increased (Figure 2.5D) indicating a degree of HIF-dependence. 

In addition to global changes in hypoxia, a number of transcripts in each category showed 

strong upregulation or downregulation, ranging from 15-fold up to 8-fold down (piwiRNA), 

>100-fold up to 30-fold down (miRNA) and 4-fold up to 12-fold down (lncRNA). The top five 

most regulated RNAs from each class are listed in Supplementary table 1.  
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Many differentially expressed mRNAs identified in the total RNA-seq have been previously 

reported to be hypoxia regulated in MCF-7 cells (Elvidge et al., 2006).  For example, protein 

coding genes N-myc downstream regulated 1 (NDRG1), adrenomedullin 3 (BNIP3), vascular 

endothelial growth factor (VEGF) and carbonic anhydrase IX (CA9) were significantly 

upregulated in hypoxia with 4.2, 2.3, 2.1, and 2 (log2) folds, respectively in this study and were 

also reported in previous hypoxia expression studies (Koop et al., 2009, Liu et al., 1995, Chi et 

al., 2006, Turner et al., 2002, Said et al., 2008). This high level of concordance provides further 

validation of the current dataset. 

Microarray technology tends to underestimate fold-change in gene expression when compared 

to RNA-seq and qPCR. It is therefore not surprising that the current analysis has identified 

additional protein coding genes that were significantly upregulated but have not been 

previously reported. These include Thymosin Beta 10, TMSB10 (3.38), poliovirus receptor-

related 4, PVRL4 (3.29), RAB11 family interacting protein, RAB11FIP5 (3.24), Stonin 1, STON1 

(3.24), branched chain ketoacid dehydrogenase kinase, BCKDK (2.8), reticulocalbin 3, EF-hand 

calcium binding domain, RCN3 (2.75), BCL6 corepressor BCOR (2.4) and V-set domain 

containing T cell activation inhibitor 1 VTCN1 (2.37) (Fold change). Induction of these novel 

hypoxically regulated protein genes was confirmed in MCF-7 cells by qPCR (Figure 2.5E). 
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Figure 2.5  qPCR validation of global changes in transcript abundance in hypoxia. 
For each of the RNA classes shown, five transcripts exhibiting hypoxic regulation close to the 
median value were assayed by TaqMan gene expression assays. A) In hypoxia, five snRNAs 
showed significant downregulation, whilst the mean changes of lncRNAs was increased and 
mRNAs was unchanged, which is similar the pipeline analysis. B)DMOG treatment, cells were 
treated with (500 uM) DMOG for 24 hours in normoxia, snRNAs were marginally 

downregulated, whilst mRNA and lncRNAs did not show significant change. C)  Immunoblot of 
protein extract obtained from hypoxic MCF7 cells (1 % O2, 24 hours) treated with 
scrambled control siRNA or with siRNA targeting HIF-1α or HIF-2α. Substantial 
suppression of each HIF-α protein was seen with each HIF-specific siRNA treatment. D) 
HIF knockdown, cells were transfected with both HIF-1α and HIF-2α siRNAs in hypoxic 
condition, mean changes of snRNA was increased, mRNA expression was reduced and lncRNA 
was not affected. All the experiments were performed with three biological replicates for each 
of the five (n=5) transcripts in each class. snRNAs: SNO38, SNO117, SNO60, SNO21, SNO66. 
mRNAs: TCF25, C15orf42, DHX30, ZNF320, RBAK. LncRNAs: TCONS_l2_00027397, 
TCONS_00019713, TCONS_l2_00016774, TCONS_00020202, TCONS_00000020. E) Validation of 
previously unreported hypoxia-regulated protein coding genes in MCF-7 cells by qPCR (* 
p<0.05, **P≤0.005, Student’s t-test, n=3).  
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2.3.6 Small RNA (<200 bp) regulation in hypoxia 

Importantly, several small RNAs classes (snRNAs, tRNAs and piwiRNAs) demonstrated overall 

downregulation, while miRNA showed general upregulation in response to hypoxia. Regulation 

of snRNAs, tRNAs and piwiRNAs in hypoxia has not been studied before. 

2.3.6.1 Hypoxic regulation of snRNAs 

snRNAs have a key role in modification and processing of rRNA  (Matera et al., 2007). rRNAs 

undergo several modifications during their synthesis. These include 2'-O-ribose methylation 

and pseudouridylation (Jady and Kiss, 2000).  Studies have reported that snRNA play an 

essential role in assembling ribonucleoprotein partials that are essential elements of the 

spliceosome in cells. These ribonucleoprotein partials contain modifying enzymes, such as 

methyltransferase and pseudouridine synthase, which direct the appropriate rRNA sequence 

modifications (Jady and Kiss, 2001, Filipowicz and Pogacic, 2002). The majority of snRNAs are 

of two types: C/D snRNA and H/ACA snRNAs. In most cases, these two types are not 

independently transcribed but processed differently from the pre-mRNA (Morrissey and 

Tollervey, 1995).   

Several proteins are essential for snRNA processing and maturation. Fibrillarin 

(methyltransferase), NOP56 ribonucleoprotein and NOP58 ribonucleoprotein form a protein 

complex for maturation of C/D snRNAs, while proteins including dyskerin (DKC1), GAR1 

ribonucleoprotein, NHP2 ribonucleoprotein, and NOP10 ribonucleoprotein are required for 

H/ACA snRNA maturation.  Moreover, an RNA-binding protein NAF1 (nuclear assembly factor 

1) is required to ensure a proper accumulation of H/ACA box snRNAs (Lafontaine and Tollervey, 

1998, Terns and Terns, 2002). 
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Because snRNAs are downregulated in hypoxia, I postulated that generic pathways leading to 

snRNA biogenesis and maturation could be affected or altered in hypoxia.  Indeed, I found that 

genes encoding proteins, which are required for C/D snRNA and H/ACA snRNA maturation, are 

suppressed by hypoxia (Figure 2.6A), indicating that downregulation of snRNAs may indeed 

result from altered maturation in hypoxia.  

Other studies have shown that aberrant expression of snRNAs in cancers can lead to changes in 

cell growth and viability and may be used as potential biomarkers (Mannoor et al., 2012, Chen 

and Zhu, 2013, Dong et al., 2009).  Gee et al. reported that low expression of the snRNA RNU44 

is correlated with aggressive tumour pathology and poor prognosis in breast cancer and in head 

and neck squamous cell carcinoma (Gee et al., 2011).  I found that RNU44 expression was 

significantly downregulated -1.8-fold in response to hypoxia. RNU44 is an intronic gene in the 

growth arrest specific 5 (GAS5) transcript, which is normally upregulated to arrest cell growth 

under stress (Renganathan et al., 2014, Pickard and Williams, 2014). Its downregulation in 

hypoxic MCF-7 breast cancer cells may therefore contribute directly to the aggressive 

phenotype seen in hypoxic breast tumours. 

 

2.3.6.2 Hypoxic regulation of tRNAs 

All tRNAs are downregulated in hypoxia with median expression log2=-0.90. tRNAs are 

transcribed by RNA polymerase III and their maturation and synthesis involves several 

processing enzymes, such as ribonuclease P (RNase P) and tRNA nucleotidyl transferase. The 

promoter regions of tRNAs consist of two separated elements, known as Box A and Box B, 

located downstream of the TSS (Kassavetis et al., 2005).  The General Transcription Factor-IIIC 

(TFIIIC) binds to Box B; this binding allows correct positioning of General Transcription Factor-

IIIB (TFIIIB), also known as Pre-Initiation Complex, which then recruits RNA Pol-III. The DNA, 

TFIIIB and Pol III form a very stable complex, which undergoes many rounds of tRNA 
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transcription. Transcription and elongation start immediately after assembly of the Initiation 

Complex (Andrau and Werner, 2001, Schroder et al., 2003).  

Ernens et al. studied the expression of tRNALeu and tRNATyr in hypoxia and saw a significant 

decrease in levels (Ernens et al., 2006). They also reported a 40 % reduction in levels of Pol III 

transcripts derived from the middle repetitive gene family B2 in hypoxia (Ernens et al., 2006). 

They showed that the inhibition of RNA pol III transcription is due to altered interaction 

between TFIIIB and its regulators c-Myc in hypoxia, which then limits RNA polymerase III 

recruitment.  Both tRNALeu and tRNATyr  were also significantly downregulated  in the current 

study.  

Since RNApol III is suppressed in hypoxia, I hypothesized that the overall downregulation of 

tRNAs observed in hypoxia is due to deregulation of the tRNA synthesis and processing 

machinery.   To test this hypothesis, I examined the expression of genes that are involved in 

tRNA processing and synthesis. These genes include subunits of RNA polymerase III (POLR3A-

K), RNA polymerase III transcription initiation factors (BDP1, BRF1, BRF2), tRNA splicing 

endonucleases (TSEN2,34,54) and general transcription factor IIIC (GTF3C1-5), which are 

required for RNA polymerase III-mediated transcription and tRNA processing enzymes. A large 

proportion of these tRNA synthesis and processing genes were downregulated in hypoxia. 

Further, the hypoxic expression of many of these genes was restored following HIF-1α and/or 

HIF-2α knockdown by siRNA (Figure 2.6B).  Thus, I concluded that downregulation of tRNA in 

hypoxia is due (at least in part) to inhibition of its synthetic and processing pathways by HIF-

dependent mechanisms. 
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2.3.6.3 Hypoxic regulation of microRNAs 

MiRNAs generally showed slightly increased expression in hypoxia compared to normoxia, 

although there was wide variability (median expression log2=0.48). A number of the most 

deregulated miRNAs in our dataset have been previously identified as hypoxia regulated, 

including the two most upregulated, mir-184 and mir-210. Indeed, consistent with my analysis, 

a recent comprehensive study in which small RNAs were profiled in hypoxic MCF-7 (1 % O2) at 

different time points (16, 48, 32 hours) using small RNA-seq showed mir-184 and mir-210 were 

also the most upregulated miRNAs after 48H of hypoxia (Camps et al., 2014).   

Among the most commonly described hypoxia-regulated miRNAs is mir-210, which is reported 

to be a direct transcriptional target of HIF in several cancers (Camps et al., 2008, Kulshreshtha 

et al., 2007). Mir-210 was highly upregulated (3.4 fold) in the current dataset. Several studies 

reported that mir-210 acts by targeting and regulating expression of key genes that are involved 

in pathways such as DNA repair, apoptosis, metabolism and cell cycle and contributes to an 

aggressive tumour phenotype (Favaro et al., 2010, Chan and Loscalzo, 2010, Zhang et al., 2009).  

A recent study has shown that mir-210 decreases Krebs cycle activity and mitochondrial 

function by targeting and supressing iron- sulphur cluster scaffold homolog (ISCU), leading to 

an increase in free radicals and cell survival in hypoxia (Favaro et al., 2010). Consistent with 

this, I found that expression of ISCU was 1.5-fold downregulated in the total RNA-seq analysis. 

In addition, I have undertaken a comparison of miRNA regulation in this study with the findings 

from five previous hypoxia microarray based studies (Kulshreshtha et al., 2007, Hua et al., 2006, 

Hebert et al., 2007, Donker et al., 2007, Guimbellot et al., 2009) (Figure 2.7). Despite significant 

heterogeneity between the published reports, the degree of overlap between the current 

analysis and microarray-based approaches is comparable to that between these previous 

studies. In particular both mir-210 (described in 5/ 5 previous studies) and mir-27 (described 

in 2/5 previous studies) were upregulated in the current study (Figure 2.7).   
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Although a number of previously reported hypoxia regulated miRNAs have been described, 

several new hypoxia regulated miRNAs were also identified in this study. The expression of the 

most hypoxic regulated miRNAs in the current study (miR-184, miR-1, miR-612, miR-100 and 

miR-210) was validated in MCF-7cells and in a panel of breast cancer cell lines (MDA-MB-231, 

T47D, SKBR3 and BT474) grown in hypoxia (1 % O2, 24 hours). All miRNAs tested were 

upregulated in MCF-7 cells. Each miRNA was also upregulated in between 2 and 4 of the four 

additional cell lines (Figure 2.6C). 

These newly identified hypoxia-regulated miRNAs are suggested to have roles in cancer. For 

example, overexpression of miR-184 is reported to play an oncogenic role in several cancers 

including squamous cell carcinoma (SCC), neuroblastoma and head and neck cancer (Liu et al., 

2011, Tivnan et al., 2010, Wong et al., 2009). It is reported that miR-184 acts as an antiapoptotic 

molecule and promotes proliferative processes by regulating c-Myc expression (Foley et al., 

2010, Wong et al., 2008), while miR-1 and miR-100 have both oncogenic and tumour 

suppressing abilities in multiple cancer types and function in a context-dependent manner 

(Singh et al., 2013, Tominaga et al., 2013, Leite et al., 2013, Wang et al., 2013). Regulation of 

these miRNAs in hypoxia could provide new insights into post-transcriptional regulatory 

mechanisms. 
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2.3.6.4 Hypoxic regulation of piwiRNAs 

The role and function piwiRNAs is not well characterised, however, studies have suggested a 

potential role in silencing DNA elements and the maintenance of the DNA integrity (Luteijn and 

Ketting, 2013, Ishizu et al., 2012). These RNAs require argonaute proteins for their function and 

maturation, in particular Argonaute RISC Catalytic Component 3 (AGO3), which is essential for 

their biogenesis (Nagao et al., 2010, Thomson and Lin, 2009).  Like other class of RNAs, 

piwiRNAs are also aberrantly expressed in human cancers (Cheng et al., 2012, Cheng et al., 

2011). I found AGO2, which is important for small RNA function, and AGO3 were -1.2 and -1.1 

(log2) fold downregulated in hypoxia, respectively. This may contribute to the downregulation 

of piwiRNAs in hypoxia. 
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Figure 2.6 Regulation of small RNAs in hypoxia. A) Heat map of mRNA expression which 

encode C/D snRNA and H/ACA snRNA maturation proteins in log2 fold-changes in response to 

hypoxia and HIF-α siRNAs. B) Heat map of mRNA expression which encode tRNA processing 

proteins and RNA Pol III complex in log2 fold-changes in response to hypoxia and HIF-α siRNA. 

C) qPCR analysis of  most upregulated hypoxic regulated miRNAs (1) miR-184, (2) miR-1, (3) 

miR-612, (4) miR-100 and (5) miR-210 in breast cancer cell lines (MCF-7, MDA-MB-231, T47D, 

SKBR3 and BT474). Bars represent fold-change after 24 hours in 1 % O2 hypoxia ± SEM (* p < 

0.02, Student’s t-test, n=3). 
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Figure 2.7 Comparison of hypoxia regulated miRNAs with previous reports. Heat 

map indicating miRNA regulation between studies (Upregulated in red, downregulated in green, 

black is non-regulated or not expressed).  Studies: Kulshreshtha et al. (Kulshreshtha et al., 

2007) - colon and breast cancer cells, 0.2 % O2, 8–48 h; Hua et al. (Hua et al., 2006)  - 

nasopharyngeal carcinoma cells, DFOM treatment, 20 h; Hebert et al. (Hebert et al., 2007) - 

head and neck squamous carcinoma cells, 1 % O2, 1 h or 5 % O2, 8 h; Donker et al. (Donker et 

al., 2007) - primary human cytotrophoblasts, 1 % O2, 48 h; Guimbellot et al. (Guimbellot et 

al., 2009) - colon cells, liquid–liquid interface. 
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2.3.7 Long RNA (>200 bp) regulation in hypoxia 

2.3.7.1 Regulation of non-polyA transcripts in hypoxia 

The standard polyA-selected RNA-seq library preparation begins with positive selection of 

polyA RNAs, whereas the total RNA-seq method isolates both polyA and non-polyA transcripts. 

In this study, a number of replication-dependent histone non-polyA mRNAs including 

HIST1H1D, HIST1H3J, HIST1H3C and HIST1H3I were detected and found to be downregulated 

in hypoxia. These transcripts were only detected in the total RNA-seq analysis, and not in the 

polyA-selected RNA-seq dataset (Figure 2.8 A-B). Expression of specific non-polyA histone 

mRNAs (HIST1H1D, HIST1H3J and HIST1H3C) was validated by qPCR in MCF-7 cells and in a 

panel of breast cancer cell lines. This analysis revealed that the expression of all three non-

polyA mRNAs was suppressed by hypoxia in the majority of  breast cancer cell lines including 

ZR-571, T47D, MCF-7 and BT474 (Figure 2.8C). Conversely, SKBR3 cells (ER-, HER++) showed 

significant upregulation of all three non-polyA histone mRNAs. In conclusion regulation of non-

polyA histone mRNAs by hypoxia is a frequent occurrence and is likely to have an important 

role in epigenetic and transcriptional regulation. 
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Figure 2.8 Hypoxic regulation of non-polyA mRNAs.  Snap-shot of the UCSC genome 

browser (http://genome.ucsc.edu/) at non polyA histone mRNA loci, A) HIST1H3C  and B) 

HIST1H3J  in polyA RNA-seq (top tracks) and total RNA-seq (bottom tracks) in MCF-7 cells. 

Histone non polyA mRNAs were only detected in total RNA-seq dataset and were 

downregulated in hypoxia. C) Expression non-polyA histone mRNAs (1) HIST1H1D, (2) 

HIST1H3J and (3) HIST1H3C were validated in a panel of breast cancer cell lines grown in 

hypoxia. Non-polyA histone mRNAs were commonly downregulated in hypoxic breast cancer, 

with the exception of SKBR3 and MDA-MB-231. (* p<0.05,  Student’s t-test, n=3). 
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2.3.7.2 Regulation of lncRNAs by hypoxia 

The recently released ENCODE  (v.17) lncRNA database, containing 21,630 lncRNA transcripts 

was used to map the sequencing datasets using an in house pipeline to identify hypoxia-

regulated lncRNAs. However, the majority of these transcripts are not well characterised (a 

large numbers of transcripts are transcribed from overlapping loci (Figure 2.9A) and lack a 

well-defined TSS).  This could potentially bias the mapping and expression analysis.  Thus, I 

created an lncRNA-containing locus (LCL) database by combining the exons of lncRNA 

transcripts that are transcribed from the same overlapping region and in the same orientation, 

creating a meta lncRNA transcript database.  This identified 6,437 distinct lncRNA containing 

loci with putative TSSs that were then used for the mapping and analysis. Of these loci, 6,235 

expressed a lncRNA with a minimum of 100 reads in at least one condition (normoxia or 

hypoxia or both).  Differential analysis demonstrated that lncRNAs are upregulated in hypoxia 

compared to other RNA classes (Median log2 fold-change = 0.81). Expression of the 10 most 

upregulated lncRNAs was validated by qPCR in MCF-7 cells and confirmed their regulation by 

hypoxia (Figure 2.9B).      

Widespread hypoxic regulation of lncRNAs has not been described previously. The majority of 

lncRNA transcripts are functionally uncharacterised. However, the most upregulated lncRNA is 

NEAT1 (4.1-fold), which is an architectural component of interchromatin paraspeckles that 

regulate the expression of Adenosine to Inosine (A-to-I) edited RNAs through nuclear retention 

(Clemson et al., 2009, Chen and Carmichael, 2009). In addition, the second most upregulated 

lncRNA, metastasis associated lung adenocarcinoma transcript 1 (MALAT1) was induced by 3.6-

fold in hypoxic cells. MALAT1 is frequently reported to be upregulated in solid tumours and is 

associated with metastasis and tumour recurrence (Gutschner et al., 2013, Xu et al., 2011). 

Several studies have shown that increased expression of MALAT1 enhances cellular 

proliferation in vitro and tumour growth in vivo (Han et al., 2013, Tripathi et al., 2013). It is 

suggested that MALAT1 may regulate pre-mRNA splicing factors including serine arginine 

dipeptide-containing SR family splicing factors (Tripathi et al., 2010, Polymenidou et al., 2011) 
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and may also regulate some key transcription factors, such as E2F1, in cancer (Yang et al., 

2011b). Another lncRNA known as imprinted maternally expressed transcript (H19) was also 

upregulated (2.8-fold) in hypoxia.  The H19 transcript has been reported to be hypoxia-

regulated and has been shown to have oncogenic properties both in vitro and in vivo (Matouk et 

al., 2007, Yang et al., 2012). These workers reported that hypoxic induction of H19 only occurs 

in the absence of a functional p53, or in the presence of mutated p53 (Matouk et al., 2010). The 

hypoxic regulation of lncRNAs in cancer likely reflects a previously unknown aspect of hypoxia 

biology in cancer. 
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Figure 2.9 Hypoxia regulation of lncRNAs. A) Two examples of lncRNAs locus having 
multipliable transcript annotations with same transcriptional orientation. For analysis, exons of 
such kind of transcripts were combined to a single lncRNA to create lncRNA containing locus 
(LCL) database B) qPCR validation of top 10 hypoxia upregulated lncRNAs in MCF-7 cells in 
hypoxia. All the experiments were performed with three biological replicates (* p<0.05, ** 
p<0.005 Student’s t-test, n=3). 
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2.3.8 Correlation between lncRNA and protein coding RNA transcription 

lncRNAs can transcriptionally regulate the expression of protein coding genes either in cis 

(these effects are limited to the chromosome from which lncRNAs are transcribed) or in trans 

(these affect genes on other chromosomes) (Sotillo and Thomas-Tikhonenko, 2011, Ulitsky and 

Bartel, 2013). The process by which the transcription of lncRNAs mediates silencing or 

repression of other genes is known as ‘transcriptional interference’ (TI) (Hartzog and Martens, 

2009, Shearwin et al., 2005).  An important example of this process is silencing of the whole X-

chromosome in cis by the Xist lncRNA (Herzing et al., 1997). Similarly, HOTTIP is another cis-

acting lncRNA, which is expressed in the HOXA cluster and activates transcription of flanking 

genes (Wang et al., 2011).   

To evaluate whether hypoxia-regulated lncRNAs might be acting in cis to regulate flanking 

protein coding genes in MCF-7 cells, the log2 fold-change in expression of each lncRNA was 

correlated with the log2 fold-change in expression of the closest expressed protein coding gene 

(Figure 2.10A). Data were also censured for lncRNA-mRNA pairs that were within 1 kb of each 

other (Figure 2.10B). Most upregulated lncRNAs were associated with upregulated mRNAs, 

which likely reflects the observation that both classes of RNA showed slight upregulation in the 

analyses. Overall there was no discernable correlation between hypoxic regulation of a lncRNA 

and its nearest mRNA neighbour, nor was there any discernable change in scatter to suggest a 

pattern of both up and downregulation of neighbouring mRNAs. 
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Figure 2.10 Correlation between lncRNA and protein coding RNA transcription. 
Correlation plot between log2 expression of lncRNAs against A) the closest expressed protein 
coding genes and B) against protein coding genes within 1 kb of lncRNAs. Linear regression was 
represented in both plots and R-square was calculated. 
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2.3.9 Hypoxic induction of non-annotated intergenic and antisense transcripts  

A proportion of sequence reads did not map to an annotated transcript of any class. To define 

whether these reads represented previously non-annotated transcripts they were first 

examined for contiguity using the Cufflinks transcriptome assembly algorithm 

(http://cufflinks.cbcb.umd.edu). Use of uniquely mapped data with a threshold minimum 

coverage of 100 reads in at least one condition identified 102 novel RNA transcripts. To confirm 

these were transcripts that had not been detected previously, I compared the chromosomal 

location of these novel transcripts with other transcriptome assemblies, such as Ensembl, UCSC, 

and ENCODE datasets. I found that 11 of these transcripts were detected in one or more of the 

additional databases but not in the RefSeq database. 

The remaining 91 novel RNA transcripts had a median length of 9,988 bp (range 269 to 382,549 

bp) and many were upregulated in hypoxia (Supplementary tables 2 & 3).  In keeping with 

their assignment as bona fide non-annotated transcripts, reference to UCSC data 

(http://genome.ucsc.edu/cgi-bin/hgTrackUi?hgsid=336849981&g= cpgIslandExt) revealed that 

50 (55 %) have a CpG Island within 1000 bp of the putative promoter. Furthermore, all 91 

transcripts were also detected in the independently derived polyA-selected RNA-seq dataset, 

indicating that these transcripts are polyadenylated.  Of the 91 previously non-annotated 

transcripts, 37 did not overlap with any annotated RefSeq gene, and were therefore classified as 

non-annotated intergenic transcripts (Supplementary tables 2). Examples of non-annotated 

intergenic transcripts are shown in Figure 2.11A.  

In silico analysis was conducted to evaluate the protein coding potential of these transcripts 

using a Coding Potential Calculator (CPC) algorithm, which has been previously used to 

distinguish coding from non-coding transcripts with high accuracy (Kong et al., 2007, Flockhart 

et al., 2012). The algorithm provides a numerical score for a given transcript, which indicates its 

protein coding potential (a positive score indicates a likely coding transcript and a negative or 

low score indicates a likely low-coding or non-coding transcript). As controls for the 
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methodology, five known protein-coding transcripts were evaluated and all gave highly positive 

CPC scores with this algorithm. In addition, five well-annotated non-coding RNAs yielded low or 

negative scores (Table 2.1).  I then evaluated the CPC score of the previously unannotated 

intergenic transcripts. All had low or negative CPC scores comparable to the well-annotated 

non-coding RNAs, indicating that these transcripts are likely lncRNAs (Supplementary table 

2). qPCR of the most strongly hypoxia upregulated non-annotated intergenic transcripts 

confirmed both expression and hypoxic induction in MCF-7 cells (Figure 2.11C). 

The remaining 54 previously unannotated transcripts all overlapped with a previously 

documented RNA, but were expressed from the opposite DNA strand and were therefore 

defined as non-annotated antisense transcripts (NATS) (Supplementary table 3). Examples of 

these non-annotated antisense transcripts are shown in Figure 2.11B. These transcripts mainly 

overlap with either the 3’ or the 5’ end of the sense genes. However, a few (n=10) transcripts 

spanned the entire sense gene. Three of these NATs have been previously reported in other cell 

types, including antisense transcripts at the homeobox C11 (HOXC11) locus, the homeobox C13 

(HOXC13) locus and at the HIF-1a locus itself (Uchida et al., 2004, Rinn et al., 2007, Mainguy et 

al., 2007). Expression of the top 10 most upregulated NATs was confirmed by qPCR and showed 

a high concordant with the RNA-seq expression (Figure 2.11D).  
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Figure 2.11 Hypoxia regulation of non-annotated intergenic and antisense 
transcripts in MCF-7 cells. A) Snapshot of the UCSC genome browser showing an example of 
a non-annotated intergenic transcript, that is transcribed from the negative DNA strand and is 
induced in hypoxic MCF-7 cells. B) Snapshot of the UCSC genome browser showing an example 
of a non-annotated antisense transcript which is transcribed from the 3’ end of the coiled-coil 
domain containing 170 (CCDC170) gene locus in MCF-7 cells. C) qPCR validation of the 10 most 
hypoxia-upregulated non-annotated intergenic transcripts in MCF-7 cells. D) qPCR validation of 
the 10 most hypoxia-upregulated non-annotated antisense  transcripts in MCF-7 cells. ”a” before 
gene symbol indicates antisense transcript of the given gene. All qPCR experiments were 
performed with three biological replicates(* p < 0.05, **p<0.005 Student’s t-test, n=3). 
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Table 2.1 CPC scores for the well-known protein coding RNAs and lncRNAs:  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Gene name Gene ID Class CPC score 

ALDOC NM_005165 Coding 8.12 

NDRG1 NM_001258433 Coding 6.57 

CA9 NM_001216 Coding 5.14 

FOSB NM_001114171 Coding 3.49 

VEGFA NM_001171623 Coding 3.03 

MALAT1 NR_002819 Non-Coding 0.35 

XIST NR_001564 Non-Coding -0.95 

GAS5 NR_002578 Non-Coding -1.02 

PCA3 NR_015342 Non-Coding -1.12 

HOTAIR NR_003716 Non-Coding -1.19 
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2.3.10 Effect of hypoxic antisense transcripts in cis  

As for other lncRNAs, naturally occurring antisense transcripts may act in cis to regulate the 

expression of the sense transcript at the same gene locus (Morris, 2009, Faghihi and 

Wahlestedt, 2009). Total RNA-seq analysis identified 54 antisense transcripts with minimum 

100 reads in either condition in MCF-7cells. These transcripts overlap either 3’ or 5’ end of 

sense genes (25 transcripts overlap 5’ end of sense gene, 22 transcripts overlap 3’end of sense 

genes and 7 transcripts overlap meddle part of sense genes).  Interestingly, the majority of the 

detected non-annotated antisense transcripts were upregulated  by hypoxia, hypoxic induction 

being commonly associated either with counter-regulation (n=16) for example, HIF-1α, TBX2, 

CELSR2 or with co-regulation of the overlapping sense transcript (n=23)  for example SPAG4 

(Figure 2.12). Thus, hypoxia-induced antisense transcripts are allied to both induction and 

repression in cis, further adding to hypoxic regulation of the transcriptome. 
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Figure 2.12 Co- and anti-regulation of overlapping sense and antisense 
transcripts.  Ribosomal depleted directional RNA-seq tracks illustrating co-regulation of sense 
and antisense transcripts at  A) sperm associated antigen 4 (SPAG4), and counter-regulation at 
B) cadherin, EGF LAG seven-pass G-type receptor 2 (CELSR2)  C) HIF-1α and D) T-box 2 (TBX2). 
The arrow under each gene symbol represents the strand from which each RNA is transcribed. 
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2.3.11 Pathway analysis and gene ontology  

For pathway and gene ontology analyses I focused on hypoxia-regulated mRNAs, since many 

small and long non-coding RNAs are poorly documented in the databases upon which such 

analyses rely. 

The functions of the 200 most hypoxia-upregulated mRNAs were annotated using the Ingenuity 

Pathways Analysis software tool (Version IPA 8.8-3204) 

http://www.ingenuity.com/products/ipa. As expected from previous analyses of hypoxia 

pathways, large numbers of hypoxia-upregulated genes are involved in cancer, cellular growth, 

proliferation and cell death functions (P <0.05) (Figure 2.13A). Canonical pathways of hypoxia-

upregulated genes were then examined. Key hypoxia related pathways that were statistically 

over-represented included HIF-1α signalling, Notch signalling, p53 signalling, Estrogen-

dependent breast cancer signalling, arginine and proline metabolism and the endothelin-1 

signalling pathway (P value <0.05) (Figure 2.13B). Network analysis identified 4 major 

networks, the largest containing 63 focus molecules with major nodes centered on HIF-1α, 

ERK1/2, TGFB1, MYC, SP1 and FOS indicating interactions between hypoxic regulation and 

these pathways. 
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Figure 2.13 Functional annotation of hypoxia regulated genes.  A) Top 16 functional 
categories that contain the largest number of hypoxia upregulated mRNA. B) Hypoxia 
upregulated mRNAs were examined for functional pathway analysis. The top 23 pathways 
containing most number of upregulated genes (P<0.05) are shown. The analysis was done by 
using the Ingenuity Pathways Analysis (IPA) software.  
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2.4 Discussion 

In this chapter of the thesis I applied next generation RNA-seq technologies including polyA 

selected RNA-seq and strand specific ribosome-depleted RNA-seq (total RNA-seq) on the 

Illumina platform for comprehensive hypoxia transcriptome analysis. The numbers of uniquely 

mapable reads using in-house pipeline are similar to other total RNA-seq studies reported in the 

literature (O'Neil et al., 2013, Chen and Duan, 2011, Costa et al., 2011, Cui et al., 2010). There 

was a high degree of concordance in transcript detection when the standard polyA RNA-seq was 

compared with the total RNA-seq. However, total RNA-seq has benefits over polyA-selected 

RNA-seq in identifying different RNA classes such as small RNAs, and non-polyA mRNAs and 

lncRNAs as well as polyA RNAs and provides the most extensive survey of genes induced by 

hypoxia to date.   

 Although the total RNA-seq method has significant potential advantages, some limitations were 

encountered. For example, a proportion of rRNA sequences were detected even after two 

rounds of ribosomal depletion. Since these are not analysed in the expression studies they dilute 

the sequencing depth across the classes of RNA of interest. Low sequencing depth is particularly 

important when trying to determine the abundance and regulation of low expressed transcripts 

such as antisense transcripts and lncRNAs, as well as when studying post-transcriptional 

processing of RNAs, such as splicing or A-to-I editing.  Increasing the total number of sequencing 

reads can compensate for this effect to an extent. Indeed, in the current study each sample was 

sequenced in two lanes of an Illumina GXII sequencer and the reads were combined from both 

sequencing runs to increase the depth. However, this approach does incur increased cost. 

Another limitation of total RNA-seq is that there are as yet no established analysis tools that 

allow the unambiguous identification of different types of RNA of all classes (short and long 

RNAs) and measure their expression independently. Consequently, I established a 

computational pipeline, which allows reads to be mapped sequentially to databases of different 
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classes of RNA, together with subsequent quantification of the expression levels of each type of 

RNA. This pipeline maps sequentially to classes of RNA of increasing size. However, where short 

transcripts are embedded in longer “host genes” (e.g. miRNAs) it can be difficult to determine 

unambiguously whether a given read derived from the short “mature” RNA or from a longer 

“immature” form. For this reason, separate experiments to isolate short or long RNAs, which can 

then be sequenced separately, may provide better distinction between processed and 

unprocessed forms of RNA. 

Using the in-house pipeline analysis on hypoxic and normoxic MCF-7 sequencing data a range of 

RNA classes were detected including piwiRNA, sn/snoRNA, tRNA, miRNA, lncRNA and protein 

coding RNA and showed class-specific hypoxic regulation.  Expression of small RNAs such as 

piwiRNA, sn/snoRNA and tRNA showed overall downregulation, while miRNA, lncRNA and 

mRNA demonstrated overall upregulation in hypoxia. These results suggest that hypoxia 

induces widespread changes in transcriptome expression, beyond those previously described 

for mRNA and miRNA (Favaro et al., 2011, Kulshreshtha et al., 2007). 

Many hypoxia-regulated mRNAs identified in this study, such as CA9, VEGF, ENO2 and NDGR1 

have been reported in several microarray based studies (Chi et al., 2006, Seigneuric et al., 2007, 

Winter et al., 2007, Buffa et al., 2010, Conesa-Zamora et al., 2013). In addition, the current study 

has detected a number of novel hypoxia induced protein genes, which were not reported to be 

hypoxia regulated, for example TMSB10, PVRL4, RAB11FIP5, STON1, BCKDK, and RCN3. This 

increased sensitivity may reflect the generally greater dynamic range and fold-induction seen in 

RNA-seq studies compared to microarray analyses. 

Functional pan-genomic pathway analysis of hypoxia-regulated mRNA transcripts has revealed 

functions linked to cancer, cellular growth, proliferation and cell death with significant numbers 

of these genes affecting key tumourigenesis pathways such as notch, p53 and oestrogen-

dependent breast cancer signalling pathways. For example, among the newly identified hypoxia-

regulated mRNAs, thymosin β10 (TMSB10) is an intracellular G-actin-sequestering protein that 
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regulates actin dynamics and cell motility (Sanders et al., 1992). Elevated TMSB10 expression is 

correlated with cell proliferation, angiogenesis and metastasis in various tumour types such as 

pancreatic, colon, breast and gastric cancer (Santelli et al., 1999, Sribenja et al., 2009). Poliovirus 

receptor-related 4 (PVRL4) is a member of the nectin family and is also a cell adhesion 

molecule. High PVRL4 expression is associated with poor outcome in many types of cancer, 

including breast cancer (Fabre-Lafay et al., 2007), NSCLC (Takano et al., 2009) and ovarian 

cancer (Derycke et al., 2010). The function and role of these and other newly identified hypoxia-

regulated protein-coding genes may provide better understanding of the relationship between 

hypoxia biology and tumourigenesis and aid the identification of novel therapeutic targets.  

The current study has shown that snRNAs, tRNAs and piwiRNAs are downregulated in hypoxia. 

The transcriptional regulation of these RNA classes has not been previously studied in hypoxia.  

I hypothesised that the downregulation of these small RNAs could due to alteration in 

processing and machinery of these RNA under hypoxic conditions. Indeed, I found that tRNA 

synthesis machinery, which is controlled by RNA Pol III, and tRNA transcription factors, was 

significantly downregulated in hypoxia.  Previous studies have shown that RNA Pol III is 

repressed in hypoxia . However, the current study reports genome-wide expression of tRNA 

transcripts in hypoxia that is only possible through sequencing based technology. Alteration of 

tRNA expression could potentially have a profound effect on codon usage and protein synthesis 

in hypoxia.   

In addition, the majority of piwiRNAs and snRNAs were also downregulated in hypoxia. This 

may be explained by the observed downregulation of their maturation and biogenesis proteins 

in hypoxia, including argonaute proteins (AGO3) for piwiRNAs and ribonucleoprotein 

complexes for snRNAs.   
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A number of microarray-based pan-genomic analyses have reported regulation of the miRNA in 

response to hypoxia. These studies have used a range of different cell types, hypoxic conditions 

and profiling platforms and have exhibited a high degree of heterogeneity in the response. For 

instance, in a systematic review of the hypoxic regulation of miRNAs (McCormick et al., 2010), 

only 23/103 (22 %) were regulated in more than one study with 9 of these (9 %) regulated in 

opposing rather than congruent directions. Nevertheless, I have analysed the data in the light of 

previous pan-genomic analyses of the miRNA response to hypoxia (Kulshreshtha et al., 2007, 

Hua et al., 2006, Hebert et al., 2007, Donker et al., 2007, Guimbellot et al., 2009), to identify 

commonly hypoxia regulated miRNAs. The data shows similar levels of overlap with each of 

these previously published studies as was observed between the studies (Table 2.1).  In 

addition, the current study has identified a number of new hypoxia-regulated miRNAs, such 

miR-184, miR-1 and miR-100, that have been reported to have tumourigenic properties in 

cancer (Tivnan et al., 2010, Wong et al., 2009, Singh et al., 2013, Koberle et al., 2013, Tominaga 

et al., 2013). 

One of the advantages of total RNA-seq is the detection of hypoxia-regulated non-polyA RNAs. 

Expression of replication dependent histone (H1D, H3C and H3J) non-polyA mRNAs were 

evaluated and showed significant downregulation in hypoxic MCF-7 cells and a number of 

breast cancer cell lines, suggesting that the non-polyA class of mRNAs may respond differently 

in hypoxia potentially adding another layer of transcriptional complexity to the hypoxic 

response.  Recently, it was reported that H1D, H3C and H3J were preferentially expressed in 

undifferentiated stem cells and in reprogrammed cells, however, their expression significantly 

decreased upon differentiation (Yang et al., 2011a). The changes in histone mRNAs expression 

suggests that chromatin status and structure may be altered in hypoxia. 
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lncRNAs comprise a class of RNA that was previously not known to be widely regulated by 

hypoxia. Recent ENCODE data has identified a large number of these transcripts that are 

transcribed in multiple cell types and regulated by a variety of conditions and stresses (Derrien 

et al., 2012). However, the function of the majority of these transcripts remains unclear and 

their biological role has been widely debated in the literature (Ulitsky and Bartel, 2013, Batista 

and Chang, 2013). A number of studies have proposed potential functions; for example, they can 

act as enhancer marks (De Santa et al., 2010), can trigger genome reprogramming (Loewer et 

al., 2010) and can act in cis to activate transcription, or in trans to repress transcription (Rinn et 

al., 2007, Huarte et al., 2010). Although ENCODE provides the most updated and comprehensive 

dataset for lncRNAs, this database has a number of limitations. For example, multiple 

transcripts are annotated at the same genomic locus with different exonic structures (potential 

isoforms) and poorly defined TSSs. Thus, I created a “lncRNA containing locus” (LCL) database 

by combining transcript exons, which are transcribed from the same genomic locus to build a 

unique lncRNA meta-database with defined TSSs. I found that a large number of lncRNAs (502) 

were upregulated by more than 1.5-fold and 33 lncRNAs were downregulated by more than 1.3-

fold in hypoxia. 

Several well-described lncRNAs such as NEAT1, MALAT1 and H19 were among the most 

hypoxia-upregulated lncRNAs. To date there have been a limited number studies, which have 

reported regulation of lncRNAs in hypoxia, although none of these studies examined the pan-

genomic regulation of lncRNAs. Matouk and colleagues showed that H19 lncRNA is abundantly 

expressed in hepatocellular carcinoma and in a panel of human tumour cell lines. Furthermore, 

they found that the hypoxic regulation of H19 expression in HCC and bladder carcinoma cell 

lines was dependent on HIF-1α (Matouk et al., 2007). They reported that knockdown of H19 in 

Hep3B xenografts in CD-1 nude mice resulted in a significant (82 %) reduction of tumour 

volumes (Matouk et al., 2007). In another study, Matouk et al. showed that elevation of H19 

expression in hypoxia is associated with the status of the p53 tumour suppressor, as cells with 

p53wt show no induction in H19 expression in hypoxia. In contrast, p53null cells exhibited a high 
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degree of H19 induction by hypoxia (Matouk et al., 2010). These studies together with the 

current study, which identifies a number of new hypoxia regulated lncRNAs, provide a potential 

novel molecular mechanism that integrates lncRNAs and the hypoxic stress response in cancer. 

The role and function of NEAT1 and MALAT1 in cancer is discussed in more detail in a later 

chapter. 

lncRNAs can transcriptionally regulate expression of protein coding genes in cis (Zhang et al., 

2012a, Wutz, 2011). However, analysis of hypoxia regulated lncRNAs show no significant 

correlation between lncRNA level and expression of the closest expressed protein-coding genes 

even when censured for protein-coding genes within 1kb. However, there are few exceptions 

where upregulated lncRNAs are anti-regulated with protein coding genes (downregulated), 

suggesting that few hypoxia regulated lncRNAs may act in cis to regulate the expression. 

Nevertheless, confirmation of these hypotheses would require extensive interventional studies, 

each as knockdown and/or overexpression hypoxia-regulated lncRNAs to determine their effect 

on neighbouring protein-coding genes directly and is this proposed as a future project to 

identify cis acting lncRNAs in hypoxia. 

Finally, a proportion of reads did not map to databases of any RNA class. These reads were 

mapped uniquely and in contiguity to the genome with minimum threshold coverage of 100 

reads in at least one condition, to detect non-annotated transcripts with high confidence.    This 

analysis identified 91 novel RNA transcripts, which have not been reported in any databases. 

The presence of CpG Islands close to the putative promoters of 50 % of these transcripts and 

their observation in multiple datasets, suggests that these are bone fide transcripts.  

In silico analysis confirmed that all previously unannotated transcripts had a low or negative 

CPC score, suggesting that they belong to the lncRNAs class. These transcripts were divided into 

two types depending on their chromosomal location and orientation; (1) non-annotated 

intergenic transcripts, (2) non-annotated antisense transcripts (NATS). Among the list of 

antisense transcripts, I found antisense HIF-1α transcript (aHIF-1α) that was upregulated (2.1-
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fold) in hypoxia, whilst the sense transcript was downregulated. Identification and regulation of 

aHIF-1α has been previously reported. The antisense transcript is transcribed from the 3’-

untranslated region of the sense HIF-1α mRNA and is highly expressed in many cancers 

(Bertozzi et al., 2011, Thrash-Bingham and Tartof, 1999, Cayre et al., 2003). It is suggested that 

the aHIF-1α transcript acts in cis to regulate expression of the sense HIF-1α mRNA (Uchida et 

al., 2004). Several reports support the notion that naturally occurring antisense transcripts may 

act in cis to regulate expression of the sense transcript at the given gene locus in this way 

(Morris, 2009). Thus, hypoxia-induced antisense transcripts are allied to both induction and 

repression in cis, adding further complexity to hypoxic transcriptional regulation. The role of 

antisense in hypoxia can be further investigated by supressing its expression in hypoxia or by 

overexpressing its expression in normoxia and evaluating the expression of sense gene both at 

the RNA and protein level. Suppression of antisense can be performed using short interference 

RNA (siRNA) if the antisense is cytoplasmic or suppression by antisense oligonucleotides if the 

antisense is localise in nucleus.  Effect of antisense transcript suppression can be evaluated on 

oncogenesis by a number of assays such as on cell proliferation, apoptosis, cell survival, tumour 

growth in cancer xenograft models.   

Overall this section provides the most comprehensive cataloguing of the hypoxia-regulated 

transcriptome to date, reporting class-specific patterns of regulation in hypoxia that were not 

previously recognised, such as downregulation of many piwiRNAs, snRNAs and tRNAs, and 

upregulation of many lncRNA and extends the range of hypoxia-regulated mRNAs. This work 

also identifies a number of previously non-annotated transcripts that are regulated by hypoxia. 
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Chapter 3: HIF-dependent transcriptional regulation of the 

non-coding transcriptome in hypoxia 
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3.1 Introduction 

Reduction in the level of oxygen (hypoxia) induces profound changes in the transcriptional 

activity of the cell, resulting in major modifications that alter its metabolic state and reduce 

oxygen consumption, as well as attempts to restore oxygen delivery. Hypoxia-Inducible Factors 

(HIFs) play a major role in mediating this transcriptional response to hypoxia by controlling the 

expression of hundreds of genes involved in oxygen-sensitive pathways. In addition to these 

physiological roles, altered expression of HIF is also linked to the pathogenesis of a wide range 

of common diseases, including ischemic conditions such as cardiovascular and cerebrovascular 

disease, inflammatory conditions, anaemia and cancer (Semenza, 2012a).   

There are two main isoforms of the HIF-α subunit, HIF-1α and HIF-2α. The HIF-1β subunit is 

constitutively expressed, while the HIF-1α and HIF-2α subunits are highly regulated by oxygen. 

In the presence of oxygen the α-subunits are hydroxylated, facilitating binding of von Hippel-

Lindau protein (pVHL), which is part of an E3-ubiquitin ligase complex that ubiquitinates HIF-

1α and HIF-2α leading to their rapid degradation. Hypoxia inhibits this hydroxylation, 

protecting HIF-1α and HIF-2α from pVHL-dependent degradation by the ubiquitin-proteasome 

pathway and allowing them to dimerize with HIF-1β. This dimerized HIF complex then binds 

Hypoxia Response Elements (HREs) on genomic DNA, leading to transactivation of HIF target 

genes (Kaelin and Ratcliffe, 2008). 

To date, a number of approaches have been used to identify the pan-genomic transcriptional 

response to HIF, most frequently by genome-wide expression profiling using microarrays (Hu et 

al., 2003, Elvidge et al., 2006, Warnecke et al., 2008, Dekervel et al., 2014, Irigoyen et al., 2007, 

Mense et al., 2006, Tang et al., 2012, Lee et al., 2010, Lu et al., 2010, Ortiz-Barahona et al., 2010). 

These studies have identified a wide range of HIF regulated genes, which are important for 

hypoxia survival (e.g. VEGF, CA9, and ALDO). The majority of these genes are regulated by HIF-

1α. However, HIF-2α levels remain elevated longer than HIF-1α and it is thought that HIF-2 
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plays a more substantial role later in hypoxic exposure (Koh and Powis, 2012, Ratcliffe, 2007). 

Nevertheless, in these studies a high proportion of the genes that are transcriptionally regulated 

by hypoxia, are regulated by direct interventions on the HIF pathway, indicating that HIF is the 

major transcriptional regulator of the response to hypoxia. However, these expression studies 

are not able to distinguish between direct and indirect transcriptional targets of HIF. 

One approach to distinguish directly from indirectly regulated genes is to use bioinformatic 

analysis of their promoter regions to identify HREs from the known consensus motif (Pugh et 

al., 1991, Pescador et al., 2005). Binding of HIF at individual sites can then be determined by 

Chromatin Immunoprecipitation (ChIP) and combined with reporter gene assays to test the 

function of potential HIF binding sites. However, these approaches can examine only one 

potential HIF-binding site at a time and it is now known that actual HIF-binding sites frequently 

lie at considerable distance from the transcriptional start site (TSS), with only a minority lying 

within the promoter. Therefore, more recent attempts to determine direct HIF transcriptional 

targets have employed more systematic approaches to identify HIF-binding sites using 

Chromatin Immunoprecipitation coupled with hybridization to ‘ tiled ’ arrays (ChIP on chip) or 

with massively parallel DNA sequencing (ChIP-seq)(Park, 2009, Mole et al., 2009, Schodel et al., 

2011, Mimura et al., 2012, Tanimoto et al., 2010).  

To date, there have been relatively few pan-genomic analyses of HIF binding sites using ChIP-

seq (Schodel et al., 2012, Schodel et al., 2011, Tanimoto et al., 2010, Mimura et al., 2012). Most of 

these studies have identified approximately 500 high-stringent HIF binding sites across the 

genome in each cell line studied. However, Mimura and colleagues performed HIF ChIP-seq on 

human umbilical vein endothelial cells (HUVEC) cells in normoxia and hypoxia. They used less 

stringent thresholds compared to other studies and defined 575 binding sites in normoxia and 

2060 binding sites in hypoxia for HIF-1(Mimura et al., 2012). Conversely, Xia et al. used highly 

stringent thresholds to define HIF binding sites based on the presence of an HRE in the 

sequence data (Xia and Kung, 2009, Xia et al., 2009), whereas, Schödel et al. defined the HIF 
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binding sites based on previously published HIF ChIP-on-chip data set and on the overlap 

between HIF-α and HIF-β binding (Xia et al., 2009, Mole et al., 2009, Schodel et al., 2011). It is 

estimated that these high stringency criteria may exclude approximately 50 % of the binding 

sites, suggesting that less stringent criteria may identify as many as 1,000 HIF binding sites in 

hypoxic MCF-7 cells (Schodel et al., 2013). These numbers are comparable with the binding sites 

identified for other transcription factors, such as p53 in HCT116 colorectal cancer and FOXP3 in 

T-cells (Zheng et al., 2007, Wei et al., 2006). 

Generally, a HIF-regulated gene has been classified as a direct transcriptional target if it is 

adjacent to a HIF-binding site. However, this likely underestimates the number of direct 

transcriptional targets, as HIF does not necessarily regulate the closest or even a nearby gene. In 

addition, ChIP-seq and ChIP-chip analyses performed to date have only been correlated with 

expression analyses using microarrays, which are inherently focused on protein-coding genes.  

In this chapter, I have correlated my total RNA-seq analysis, describing the hypoxic regulation of 

all classes of RNA, with a previously published ChIP-seq dataset (Schodel et al., 2011). In 

addition, I performed polyA RNA-seq of hypoxic cells treated with siRNA to each of the HIF-α 

isoforms to determine HIF-dependent regulation of polyA mRNA and lncRNA transcripts. 
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3.2 Exprimental desigen  

The raw ChIP-seq data of HIF-1α, HIF-2α and HIF-1β were downloaded from the GEO database 

and were mapped against the recent human genome assembly (HG19) using Bowtie V 

1.0.0(Langmead et al., 2009). The CisGenome software (Ji et al., 2008) was used for peak calling 

of HIFs in MCF-7 cells. The association between HIF-binding and regulation by hypoxia across 

different classes of RNA was performed using Gene Set Enrichment Analysis (GSEA) 

(Subramanian et al., 2005). In addition, HIF-1α, HIF-2α and combined HIF-1/2α knockdown was 

performed in hypoxic MCF-7 cells (1 % O2 for 24 hours). Total RNA was isolated from individual 

knockdowns and subjected to polyA selected RNA-seq using lllumina TruSeq protocol. The 

libraries were sequenced on Illumina HiSeq 2000. The raw sequencing data were mapped to 

human genome assembly (HG19) and analysed using in house pipeline as described in the 

previous chapter. The Ingenuity Pathway Analysis (IPA) software tool (Version IPA 8.8-3204, 

http://www.ingenuity.com/products/ipa) was used for gene ontology, gene network and 

pathway analysis for transcript downregulated with combined HIF-1/2α siRNA. HIF dependent 

lncRNA MALAT1 regulation was validated in 11 breast cancer cell lines in hypoxia using qPCR. 

In addition, expression of MALAT1 was evaluated in MCF-7 cells at different hypoxia time points 

(1 % O2 for 16, 24, 32, 48 hours), after DMOG treatment (500 nM, 24 hours) and HIF siRNAs by 

qPCR. Furthermore, two HIF dependent antisense transcripts (aSPAG4 and aCELACR2) were 

selected for validation. The expression of antisense and its overlapping sense transcript (for the 

aSPAG4, SPAG4 and aCELACR2, CELACR2 transcripts) were measured by qPCR in a panel of 

breast cancer cell lines grown in hypoxic condition (1 % O2 for 24 hours). In addition, using 

qPCR their expression was evaluated at different hypoxia time points (1 % O2 for 16, 24, 32, 48 

hours) and with HIF siRNAs in MCF-7 cells. The 3’ Rapid Amplification of cDNA Ends (RACE) 

PCR was performed for both aSPAG4 and aCELACR2 to identify the transcript length and the 

exonic structure of the transcripts. Moreover, to identify the cellular localisation of aSPAG4 and 

aCELACR2, cytoplasmic and nuclear fractions of MCF-7 cells grown in hypoxia (1 % O2 for 24 
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hours) and normoxia were fractionated and subjected to protein and total RNA isolation. 

Western blot for GAPDH (cytoplasmic marker) and histone H3 (nuclear marker) was performed 

in both fractions to ensure effective isolation of each fraction. Expression of aSPAG4, SPAG4, 

aCELACR2 and CELACR2 were measured by qPCR in cytoplasmic and nuclear fractions of MCF-7 

cells in normoxia and hypoxia. Finally, RNA fluorescence in situ hybridization (RNA FISH) was 

performed against aSPAG4, aCELACR2 and RPL11 (control probe) in MCF-7 cells in normoxia 

and hypoxia (1 % O2 for 24 hours). All the experiments were performed in three independent 

biological replicates.  
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3.3 Results 

3.3.1 Defining HIF binding in hypoxic MCF-7 cells 

To define HIF binding sites in MCF-7 cells across the genome, I used previously published ChIP-

seq data for HIF-1α, HIF-2α and HIF-1β that has been well validated in MCF-7 cells (Schodel et 

al., 2011). Since this data was originally mapped to the NCBI build 36 of the human genome (HG 

18), I re-analysed the raw sequencing data for each ChIP and remapped them (using Bowtie 

Version 1.0.0) (Langmead et al., 2009) to the NCBI build 37 of the human genome (HG19), which 

had been used for the RNA-seq analysis. Subsequent analysis including peak finding was 

performed using the CisGenome software (Ji et al., 2008) using a similar pipeline as Schödel et 

al.  Since HIF-1α and HIF-2α subunits bind hypoxia response elements (HREs) as a heterodimer 

with HIF-1β subunits, the binding sites  were defined by an estimated false discovery rate 

(FDR<0.05) and  were filtered for the presence of both HIF-α and HIF-1β to define highly 

stringent HIF-1 and HIF-2 binding sites. 

I then analysed which classes of RNA were bound by HIF. Each HIF binding site was annotated 

according to the closest active promoter (defined as the promoter of a gene with an expressed 

transcript). The binding sites were then classified according to the class of transcript to which 

this gene belonged. The number of HIF-binding transcripts of each class broadly mirrored the 

total number of transcripts belonging to that class (Figure 3.1A). Although the numbers in 

many classes were too small to permit statistical analysis, some patterns were observed. In 

particular, no HIF binding was observed in the vicinity of classes of RNA that showed global 

downregulation (piwiRNAs, snRNAs and tRNAs), suggesting that they are unlikely to be directly 

regulated by HIF. In contrast, HIF-binding was observed adjacent to both mRNAs and lncRNAs 

(Figure 3.1A) with HIF-2 binding a slightly higher proportion of lncRNAs than HIF-1. HIF 

binding was also annotated at a number of miRNA gene loci. However, this may be an 
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underestimate, since miRNAs are frequently “embedded” within host transcripts, the promoter 

of which may lie closer to the HIF-binding site than the miRNA. 

Previous analysis had indicated that approximately 60 % of HIF-1 binding sites and 80 % of 

HIF-2 binding sites lie more than 2.5-kb from the nearest promoter (Schodel et al., 2011). 

However, this work used only the promoters of protein-coding genes and did not take into 

account the possibility that the binding site was close to the promoter of non-coding transcripts. 

I therefore repeated the analysis using the promoter (TSS) of all transcribed genes (coding, non-

coding and non-annotated) identified by total RNA-seq. Despite the inclusion of these additional 

genes, the majority of HIF-1 and HIF-2 binding sites (50 % and 70 % respectively) were still 

found to lie in excess of 2.5-kb from the promoter of the nearest expressed transcript (Figure 

3.1B-C), confirming previous findings that HIF frequently binds promoter-distant enhancers. 
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Figure 3.1 HIF-binding upregulates both the coding and non-coding 

transcriptome. A) The proportion of HIF-1α and HIF-2α binding sites that are closest to 

transcribed loci of each RNA class. Raw number of  HIF-1α binding sites in different RNA classes  

(piwiRNA 1/150, miRNA 3/176, mRNA 282/16846, lncRNA 61/6235, NIT 6/54, NAT 2/44)  and 

taw number of HIF-2α binding sites for each RNA claess (piwiRNA 1/150, miRNA 4/176, tRNA 

1/552, mRNA 208/16846, lncRNA 77/6235, NIT 9/54, NAT 1/44).The distribution of B) HIF-1α 

and C) HIF-2α binding sites around the transcriptional start site of the nearest expressed gene 

irrespective of class (black bars). The grey bars in B-C show the distribution when only active 

mRNA genes are used (analogous to previous analyses (Schodel et al., 2011)). 
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3.3.2 Correlation of HIF binding sites with gene expression 

To assess the functional role of HIF in the regulation of different classes of RNA by hypoxia, I 

looked for an association between HIF-binding and regulation by hypoxia across different 

classes of RNA using Gene Set Enrichment Analysis (GSEA) (Subramanian et al., 2005). All 

expressed transcripts were pooled and ranked according to their hypoxic induction. HIF-

binding transcripts were defined as the closest expressed transcript to a HIF-binding site using 

their promoters as above. HIF-binding transcripts (HIF-1 or HIF-2) were strongly enriched 

amongst hypoxia-upregulated transcripts but not amongst hypoxia-downregulated transcripts 

(Figure 3.2A). This is consistent with previous analyses (limited to protein-coding genes) and 

indicates that HIF is functioning solely as a transcriptional enhancer and not as a repressor.  

Not surprisingly, given their global downregulation in hypoxia and their lack of HIF binding, 

snRNAs, tRNAs and piwiRNAs were not present in the “core-enrichment” group of HIF-binding 

hypoxia-inducible transcripts, which contained only transcripts belonging to mRNA, lncRNA, 

and miRNA classes. When HIF-binding mRNAs, lncRNAs and miRNAs were analysed separately, 

both HIF-binding mRNAs and lncRNAs showed enrichment amongst the hypoxia-upregulated 

genes (Figure 3.2B-C), although the number of HIF-binding miRNAs was too small to permit 

meaningful analysis (Figure 3.2D). Taken together, these analyses provide a functional link 

between HIF-binding and hypoxic gene regulation at both mRNA and lncRNA gene loci, pointing 

to a major new role for HIF in the transcriptional regulation of lncRNAs. 
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Figure 3.2 Gene Set Enrichment Analysis for HIF binding sites against fold-

regulation by hypoxia of different RNA class. The GSEA of HIF-1α and HIF-2α against A) 

all transcripts B) mRNA, C) lncRNA D) miRNA. All expressed transcripts were ranked from most 

upregulated on the left (red) to most downregulated on the right (blue) according to the log2 

fold-change in transcript abundance in hypoxia. A vertical black bar denotes each HIF-binding 

gene. The green line denotes a running metric with a positive score for each HIF-binding gene 

and a negative score for each non-binding transcript, weighted by the proportion of HIF-binding 

genes and by log2 fold-change. The positive deflection towards the left of each graph denotes 

enrichment of HIF-binding genes amongst the most upregulated transcripts. The negative 

gradient across the remainder of the graph denotes an excess of non-binding genes (and hence a 

lack HIF binding) amongst the non-regulated and downregulated genes. Similar patterns were 

observed for both HIF-1 and HIF-2 binding genes. 
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3.3.3 HIF-dependent regulation of the coding and long non-coding transcriptome 

Given that HIF plays a key role in transcriptional regulation in hypoxia and that HIF-bound 

lncRNA loci are preferentially upregulated in hypoxia, I next examined the extent to which these 

transcripts were regulated by HIF itself by suppressing HIF expression. Rather than repeating 

the RNA-seq analysis of all classes of RNA, I focussed on mRNAs and a subset of lncRNAs using 

RNA-seq analysis of polyA-selected RNA, which allowed greater sequencing depth of these 

transcripts for the same number of total reads. HIF-1α, HIF-2α, or combined HIF-1/2α 

suppression in hypoxic (1 % hypoxia) MCF-7 cells was achieved using siRNAs and compared 

with a scrambled control siRNA. These siRNAs have been previously validated and tested for off 

target effects (Elvidge et al., 2006). 

Poly-adenylated RNA was isolated from total RNA and the resultant cDNA libraries were 

subjected to RNA-sequencing (paired-end, length: 51/100 bp) using the Illumina HiSeq 2000 

platform. The data were mapped using an in-house pipeline (as described in Chapter 2) and the 

differential expression of each expressed transcript was calculated for each siRNA treatment 

compared to scrambled controls. Differential expression analysis was performed using the 

edgeR package (Robinson et al., 2010). Applying a threshold FDR < 0.05 and fold-change ≥ 1.5 

identified 702 genes that were upregulated and 579 genes that were downregulated by HIF-1α 

siRNA, 732 genes that were upregulated and 509 genes that were downregulated by HIF-2α 

siRNA and 831 genes that were upregulated and 544 genes that were downregulated by 

combined HIF-1α and HIF-2α siRNA.  The range of changes induced by HIF knockdown varied 

from 735-fold upregulation to 94-fold downregulation (Figure 3.3A). 

Since this is the first analysis, by RNA-seq, of both the coding and the non-coding transcriptional 

response to HIF, I compared my results to the expression microarray findings of Elvidge et al. 

who used the same MCF-7 cells and siRNAs to study mRNAs alone (Elvidge et al., 2006). In 

contrast to my findings, they reported that only 127 mRNAs were suppressed by HIF-1α siRNA 

and that just 5 mRNAs were suppressed by HIF-2α siRNA. However, all differentially-expressed 
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genes identified by Elvidge et al. were regulated in the RNA-seq analysis, but with a greater 

estimated fold-change. Taken together, this suggests that RNA-seq is more sensitive in 

identifying differentially regulated genes, possibly as a result of a greater dynamic range. It also 

indicates a greater functional role for HIF-2α in MCF-7 cells than that described by Elvidge et al. 

2006. 

Given the greater number of differentially-expressed mRNAs identified by the RNA-seq 

approach, I performed gene function and canonical pathway analysis based on the genes that 

responded to combined HIF-1α and HIF-2α siRNAs to determine whether novel pathways or 

functions could be identified. However, mRNA transcripts downregulated by HIF siRNA (i.e. 

upregulated by HIF) had functions that had mostly been described previously, in particular 

genes related to cancer, cell death, cellular growth and proliferation, with enrichment in key 

cancer pathways, including EGF, ERK/MAP, renal cell carcinoma, TGF-beta and VEGF signalling 

pathways (P<0.05) (Figure 3.3B). Overall, this analysis provides the most comprehensive 

description of the response of the HIF- dependent transcriptome to date.  
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Figure 3.3 Differentially-expressed transcripts in hypoxic MCF-7 following HIF-1α, 

HIF-2α and HIF-1/2α siRNA. A) The number of up- and downregulated transcripts 

following the indicated HIF siRNA transfection in hypoxic MCF-7 cells. B) Pathway analysis for 

the top 100 downregulated genes after combined HIF-1/2α siRNA. The 16 most significantly 

enriched pathways (P<0.05) are shown. Analysed using Ingenuity Pathways Analysis software 

tool (Version IPA 8.8-3204) http://www.ingenuity.com/products/ipa. 
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I next used the polyA RNA-seq to examine the HIF-dependent regulation of the enriched group 

of HIF-binding, hypoxia-regulated lncRNAs. Approximately 25 % of all lncRNA transcripts that 

were detected in the ribosome-depleted total RNA-seq were also detected in the polyA RNA-seq 

analysis. Of these, 46 were HIF-binding lncRNAs. Figure 3.4A portrays the results of HIF-α 

siRNA interventions on these 46 HIF-binding lncRNA transcripts detected in this dataset. As 

described above, the heatmap confirms upregulation of the majority of these lncRNAs by 

hypoxia. In addition, many show subsequent downregulation by HIF-1α siRNA, HIF-2α siRNA or 

both, confirming the expected HIF dependence of the hypoxic induction of these genes. 

Furthermore, GSEA of HIF-binding lncRNAs shows significant enrichment amongst lncRNAs 

downregulated by HIF-1α, HIF-2α or combined siRNAs (Figure 3.4 B-D). Notably, the two most 

hypoxia-upregulated HIF-binding and HIF-regulated lncRNAs were NEAT1 and MALAT1. 

Analysis of RNA-seq and ChIP-seq tracks demonstrating the hypoxia and HIF-dependent 

regulation, together with the HIF-binding sites at these loci are illustrated in Figure 3.4E-F. 

Taken together, these datasets identify a set of lncRNAs with proximate HIF-binding together 

with hypoxia and HIF-dependent regulation, which define lncRNAs as a new group of HIF target 

genes. Furthermore, since the polyA RNA-seq analysis identifies only 25 % of the lncRNA 

transcriptome, the likely number of lncRNAs directly regulated by HIF is likely to be 

considerably higher than those described. 
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Figure 3.4 Direct transcriptional regulation of lncRNAs by HIF. A) Heat map showing 
fold regulation by hypoxia and subsequent fold-change following suppression of the indicated 
HIF subunit by siRNA for the subset of lncRNAs that are both adjacent to a HIF binding site and 
are detected in the polyA RNA-seq analyses. B) Gene Set Enrichment Analysis showing 
enrichment of lncRNAs adjacent to HIF-binding sites amongst those downregulated by 
combined HIF-1α and HIF-2α siRNAs in hypoxia. The same analysis was repeated for C) HIF-1α 
siRNA and D) HIF-2α siRNA alone. RNA-seq and HIF ChIP-seq genome browser tracks for the 
two most hypoxia-upregulated HIF-binding lncRNAs E) MALAT1 and F) NEAT1. 
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3.3.4 MALAT1 is a HIF regulated lncRNA 

The previous analysis identified NEAT1 and MALAT1 as the two most highly regulated lncRNAs 

that are directly induced by HIF in hypoxia. In Chapter 5 I will focus on a detailed functional 

analysis of the HIF-dependent regulation of NEAT1. However, here I confirm the pan-genomic 

findings at the MALAT1 locus using gene-specific techniques. Elevated expression of MALAT1 

has been reported in number of cancers (Xu et al., 2011, Gutschner et al., 2013). However, its 

regulation in hypoxia has not been investigated. I therefore screened a panel of breast cancer 

cells representing different breast cancer sub-types (ER+, ER- and triple receptor negative) for 

hypoxic regulation of MALAT1. Statistically significant hypoxic upregulation of MALAT1 was 

seen in the majority (8/11) of the cell lines studied (Figure 3.5A). The highest induction was 

observed in MCF-7 and ZR-75-1 cells, with mean fold-increases in hypoxia of 2.4 and 2.3, 

respectively. In addition, analysis in MCF-7 cells following different durations of 1 % hypoxia 

(16, 24, 32 and 48H), showed significant increases in MALAT1 expression at 24, 32 and 48H 

when compared to normoxic levels (Figure 3.5B). Statistical analysis showed no significant 

further increase in MALAT1 induction after 24 hours (ANOVA P-value= 0.80). 

HIF is downregulated by a family of 2-oxoglutarate-dependent dioxygenases and I therefore 

determined whether inhibition of these enzymes would induce MALAT1 expression. MCF-7 cells 

were treated with dimethyloxalylglycine (DMOG) (500 nM, 24 hours) in normoxia. Expression 

of the known HIF-regulated gene, carbonic anhydrase IX (CA9), was measured as a positive 

control to confirm effectiveness of the inhibitor. In addition, MALAT1 expression was 

significantly induced in MCF-7 cells (2 fold, P=0.001), suggesting that MALAT1 is regulated by a 

2-oxoglutarate-dependent process (Figure 3.5C). PolyA RNA-seq analysis at the MALAT1 locus 

showed downregulation of MALAT1 RNA following either HIF-1α knockdown or HIF-2α 

knockdown (Figure 3.4D). These findings were confirmed by qPCR, and showed significant 

MALAT1 downregulation after HIF-1α siRNA (>50 %, p=0.001), while HIF-2α siRNA induced a 

more minor reduction of MALAT1 level that did not reach statistical significance (Figure 3.5E). 
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Figure 3.5 Regulation of MALAT1 in hypoxia.  QPCR analyses A) MALAT1 expression in a 

panel of breast cancer cell lines grown in normoxia and hypoxia (1 % O2 for 24 hours). The 

majority of cell lines showed upregulation of MALAT1 when exposed to hypoxia. B) Expression 

of MALAT1 at different hypoxia time points (16, 24, 32 and 48 hours) in MCF-7. C) CA9 and 

MALAT1 are significantly upregulated in MCF-7 after DMOG treatment D) MALAT1 expression 

was significantly reduced upon HIF-1α siRNA and showed slight decrease with HIF-2α 

knockdown. (*p≤0.04, **p≤0.009, Student’s t-test, n=3). 
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3.3.5 Transcriptional regulation of non-annotated transcripts by HIF 

The ribosome-depleted total RNA-seq analysis of hypoxic and normoxic MCF-7 cells identified 

37 non-annotated intergenic transcripts and 54 non-annotated antisense transcripts (In Chapter 

2).  All of these transcripts were also detected in the polyA RNA-seq experiments, indicating that 

they were all poly-adenylated. I next examined the regulation of these transcripts following 

treatment with HIF-α siRNA.  Heat maps of non-annotated intergenic transcripts and antisense 

transcripts show that, while induction of some of the non-annotated antisense transcripts 

required HIF, the large majority of the hypoxia-induced non-annotated intergenic transcripts 

were downregulated by either HIF siRNA (Figure 3.6A-B). These data suggests that many of 

these non-annotated transcripts are directly or indirectly regulated by HIF and thus many of 

these genes have not been previously identified in databases derived from normoxic cells. 
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Figure 3.6 Transcriptional regulation of non-annotated transcripts by HIF. Heat 
maps showing fold regulation (log2) by hypoxia and by the indicated HIF siRNA for A) Non-
annotated antisense transcripts B) Non-annotated intergenic transcripts. Large numbers of 
hypoxia-induced transcripts were downregulated following HIF siRNA.  
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3.3.6 aSPAG4 and aCELACR2 are hypoxia antisense transcripts 

Two of the most highly induced non-annotated antisense transcripts in hypoxia that had 

neighbouring HIF-binding sites and were regulated by HIF were aSPAG4 and aCELSR2. These 

were therefore selected for further characterisation.  RNA-seq analysis showed that both 

aSPAG4 were co-regulated with the sense gene SPAG4 (both are hypoxia-upregulated), while 

induction of aCELSR2 was counter-regulated with the sense CELSR2 gene in hypoxia.  

Both antisense transcripts were detected in the ribosome-depleted, total RNA-seq and the polyA 

RNA-seq datasets, confirming they are polyadenylated transcripts. 3’ Rapid Amplification of 

cDNA Ends (RACE) PCR coupled with Sanger sequencing was used to examine the exonic 

structure and length of the transcripts. A series of primers were designed across the bodies of 

the two transcripts that were predicted by the RNA-seq analyses. This revealed that both 

aSPAG4 and aCELSR2 contain a single large exon which for aSPAG4 is 11,395 bp in length and 

for aCELSR2 is 7,543 bp long. 

I next examined the hypoxic regulation of both the antisense and sense transcripts for each gene 

in a panel of breast cancer cell lines. Statistically significant hypoxic induction of both SPAG4 

and aSPAG4 was observed in all breast cancer cell lines studied (Figure 3.7A). Conversely, 

aCELSR2 was detected in only 4 cell lines, whereas, CELSR2 was expressed in all the examined 

cell lines. The four cell lines with detectable aCELSR2 all showed hypoxic induction of the 

aCELSR2 with concomitant downregulation of the sense transcript, whilst the cell lines without 

aCELSR2 did not show downregulation of the sense transcript (Figure 3.7B). 

In addition, hypoxic induction of aSPAG4, aCELSR2 was measured in MCF-7 cells following 

differing durations of hypoxia. Both antisense transcripts were significantly induced after 16 

hours of hypoxia and essentially maximal by 24 hours with sustained levels thereafter (Figure 

3.7C-D).  
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Figure 3.7 Regulation of aSPAG4 and aCELACR2 by hypoxia. Expression of antisense 
and sense transcripts in a panel of breast cancer cell lines grown in normoxia and hypoxia was 
measured by qPCR for A) SPAG4 and aSPAG4 and B) CELSR2 and aCELSR2. C) SPAG4 and 
aSPAG4 and D) CELSR2 and aCELSR2 expression in MCF-7 cells following differing durations of 
hypoxia. (*p≤0.04, **p≤0.006 ***p≤0.0005, Student’s t-test, n=3).  
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3.3.7 aSPAG4 and aCELACR2 are HIF-1 dependent antisense transcripts 

Inspection of the HIF ChIP-seq tracks at the SPAG4 and CELSR2 loci revealed that both 

transcripts have HIF binding sites (Figure 3.8A-B). Furthermore, inspection of the polyA RNA-

seq analyses of hypoxic MCF-7 cells treated with HIF siRNAs also showed that the hypoxic 

induction of the two antisense transcripts was dependent upon HIF. This was confirmed by 

qPCR analysis of aSPAG4 and aCELSR2 levels in hypoxic MFC-7 cells treated with siRNAs to 

suppress the individual HIF subunits. Both aSPAG4 and SPAG4 were significantly 

downregulated (4-fold and 3.8-fold respectively) in HIF-1α siRNA transfected cells, whereas, 

HIF-2α knockdown showed no effects on their expression (Figure 3.8C). Similarly, expression 

of aCELSR2 was significantly downregulated 3-fold by HIF-1α knockdown, whilst CELSR2 

expression was slightly increased (1.8-fold) by HIF-1α knockdown (Figure 3.8D). HIF-2α 

knockdown again induced no significant change in aCELSR2 or CELSR2 expression. The above 

findings indicate that aSPAG4, SPAG4, aCELSR2 and CELSR2 are all HIF-1 regulated transcripts. 

However, from the current analyses it is not possible to determine whether all are direct 

transcriptional targets of HIF-1 or whether HIF-transcriptional activation of the antisense 

transcript regulates the sense transcript in cis at each locus or vice versa.  
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Figure 3.8 aSPAG4 and aCELACR2 are HIF dependent antisense transcripts. 
Snapshot of ribosome-depleted strand-specific RNA-seq tracks using the UCSC genome browser 
at the A) aSPAG4 and B) aCELSR loci, showing increased expression of both antisense 
transcripts in hypoxic MCF-7.  qPCR was performed following knockdown of the indicated HIF 
isoform by siRNA in hypoxic MCF-7 cells C) SPAG4 and aSPAG4 expression were both 
significantly downregulated by HIF-1α knockdown but not by HIF-2α suppression, suggesting 
that both SPAG4 and aSPAG4 are HIF-1α dependent, D) aCELACR2 was downregulated and 
CELSR2 expression was upregulated following HIF-1α knockdown, but were unaffected by HIF-
2α suppression, again suggesting that both aCELSR2 and CELSR2 are also HIF-1α dependent 
(*p=0.02, **p=0.008 ***p=0.0006, Student’s t-test, n=3).  
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3.3.8 Cellular localisation and coding potential of aSPAG4 and aCELACR2 

While coding mRNAs are predominantly cytoplasmic in location, non-coding RNAs are 

frequently nuclear in their localisation, consistent with a regulatory role in transcription. I 

therefore examined the cellular localisation of aSPAG4 and aCELSR2. Cytoplasmic and nuclear 

fractions were isolated from MCF-7 cells after incubating in normoxia and in hypoxia (1 % O2 

for 24 hours). To ensure effective isolation, immunoblotting was performed on each fraction for 

the cytoplasmic marker Glyceraldehyde 3-phosphate dehydrogenase (GAPDH) and the nuclear 

marker histone H3 (Figure 3.9A).  qPCR analysis of cytoplasmic and nuclear fraction revealed 

that both aSPAG4 and aCELSR2 are exclusively nuclear transcripts (Figure 3.9B-C). In addition, 

RNA fluorescent in situ hybridization (FISH) was performed on MCF-7 cells using probes 

designed against aSPAG4 and aCELSR2. Analysis confirmed hypoxic induction of both 

transcripts in the cell nucleus (Figure 3.10).   

Both antisense transcripts are localised in the nucleus, suggesting that they are not translated 

into proteins. It is thus highly probable that they belong to the long non-coding RNA class of 

transcripts.  In silico analysis using protein translation tools such as ExPASy was used to 

evaluate the protein coding potential of aSPAG4 and aCELSR2. All possible translation frames 

for each transcript contain multiple stop codons inconsistent with translation of a meaningful 

peptide. Furthermore, negative coding potential calculator (CPC) scores were obtained for both 

transcripts (aSPAG4 = -0.98 and aCELSR2 =-1.25) and are summarised in Table 3.1. The cellular 

localization and different in silico analyses strongly suggest that aSPAG4 and aCELSR2 are long 

non-coding, antisense transcripts, which are regulated by HIF in hypoxia. 
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Figure 3.9 Cellular localisation of aSPAG4 and aCELACR2 in hypoxia. A) Immunoblot 
of nuclear and cytoplasm extracts from hypoxic MCF7 cells. To ensure affective isolation, 
immunoblotting was performed on isolated fractions with GAPDH (cytoplasmic marker) and 
histone H3 (nuclear marker) antibodies to confirm effective isolation of fractions. qPCR was 
performed on nuclear and cytoplasmic fractions from MCF-7 cells grown in hypoxia (1 % O2 for 
24 hours) and in normoxia B) Expression of SPAG4 gene was detected in both fractions and 
enriched in the cytoplasm, whereas, aSPAG4 was only detected in nuclear fractions in hypoxia. 
Similarly C) CELSR2 gene was detected in both fraction and was down regulated in hypoxia, 
whereas, aCELSR2 was induced in hypoxia and only detected in nuclear fractions ( ***p<0.0005, 
Student’s t-test, n=3). 
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Figure 3.10 RNA FISH for aSPAG4 and aCELSR2 in MCF-7 cells.  RNA FISH probes were 
designed against aSPAG4 and aCELSR2 transcripts and hybridized to MCF-7 cells in normoxia 
and hypoxia (1 % O2 for 24 hours). RPL11 probe was used as control and unchanged in 
normoxia and hypoxia. The transcripts were only detected in hypoxia and confirm their nuclear 
localisation.  aSPAG4 probe (red signal), aCELSR2 probe (pink signal)  and RPL11 control RNA 
probe (green signal).   Below bar charts showing  average signals of  aSPAG4 and aCELSR2 per 
cell in hypoxia and normoxia (***p<0.0005,****p<0.00005 Student’s t-test, n=3). 
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Table 3.1 Summary of in silico analysis of two selected antisense transcripts 

detected in hypoxic MCF-7 cells: 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Features 
aSPAG4 aCELSR2 

Chromosomal location chr20:34,196,650-34,207,240 chr1:109788620;109796162 

Strand - strand - strand 

Transcript size 11395 bp 7543 bp 

Number of exons One  large exon One  large exon 

Coding potential (ExPASy tool) NO coding frames NO coding frames 

Coding potential (CPC score) -0.98 -1.25 

3' Tail Poly A Poly A 

Transcript localisation Nucleus Nucleus 

Expression of original gene  in 

hypoxia 
Upregulated Downregulated 

Position to original gene 5’ of original gene 5’ of original gene 

HIF binding sites HIF-1α and HIF-2α HIF-1α and HIF-2α 

siRNA HIFs (Downregulation) HIF-1a and HIF-1/2α siRNA HIF-1α siRNA 
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3.4 Discussion 

This chapter focused on the correlation between HIF-binding sites across the genome (derived 

from previous ChIP-seq date) and expression analysis of the coding and non-coding 

transcriptome by ribosome-depleted strand-specific total RNA-seq and polyA RNA-seq. This 

included RNA-seq data from MCF-7 cells incubated in normoxia or hypoxia, or in hypoxia 

following suppression of HIF-1α, HIF-2α or combined HIF-1/2α by siRNA. It has allowed, for the 

first time, a pan-genomic analysis of the role of the HIF transcription factor in the regulation of 

all classes of RNA. 

The HIF-1α, HIF-2α and HIF-1β ChIP-seq datasets have been previously published (Schodel et 

al., 2011) and correlated with microarray analyses of mRNA regulation in hypoxia. In the 

current study, the HIF ChIP-seq raw data were remapped and analysed based on human 

genome HG19. This was the reference genome used for the RNA-seq analysis, since it contains a 

more comprehensive annotation of the genome than HG18.  Since HIF-α binds chromatin as a 

HIF-α/β heterodimer, HIF-1α and HIF-2α binding sites were filtered for the presence of HIF-1β 

signal to define a set of high-stringency sites as per Schoedel et al. 2010. Using these criteria, 

500 HIF-1 or HIF-2 binding sites were annotated across the genome. 

Previous studies reported that HIF-α binding sites were observed hundreds of kilobases distant 

from any documented mRNA promoter region. However, it was possible that these “promoter-

distant” binding sites lay close to a non-coding or previously non-annotated gene. Indeed, 

several studies have reported HIF binding at specific noncoding genes, such as microRNAs 

(Blick et al., 2013, McCormick et al., 2013). However, to date there is no reported genome wide 

association of HIF-binding sites with different non-coding RNA classes. I therefore reanalysed 

the relationship between HIF-binding sites and promoters using all active transcriptional start 

sites identified in my ribosome-depleted strand-specific total RNA-seq datasets. Whilst some of 

the HIF-binding sites that were distant from an mRNA promoter were bound close to a non-
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coding or non-annotated transcripts, many were not. The majority of HIF-1 and HIF-2 binding 

sites were still found to lie in excess of 2.5-kb from the nearest active promoter irrespective of 

the class of gene. In particular, HIF-2 binding sites were generally more distant from any active 

promoter than were HIF-1 binding sites. This analysis further supports the hypothesis that HIF 

(and HIF-2 in particular) has an important role in long-range transcriptional regulation 

(Schodel et al., 2013). 

Previous work has shown an association between the gene closest to a HIF-binding site and its 

functional regulation by hypoxia and by HIF, irrespective of its distance from the binding site 

(Schoedel et al., 2010). I therefore postulated that if HIF were involved in the transcriptional 

regulation of specific classes of RNA, then at least some of these would be the closest gene to a 

HIF-binding site. Importantly, non-coding RNAs of the piwiRNA, snRNA and tRNA classes were 

virtually never the closest transcript to a HIF-binding site. Furthermore, these classes of RNA 

were globally downregulated in hypoxia. This suggests that they are unlikely to be direct 

transcriptional targets of HIF. In contrast, HIF-binding was enriched in the vicinity of both 

mRNAs and lncRNAs. Furthermore, mRNAs and lncRNAs that were closest to HIF-binding sites 

were likely to be upregulated suggesting that HIF directly enhances (but does not repress) the 

expression of both these classes of RNA. In addition, HIF binding was also observed close to 

miRNAs and non-annotated transcripts. Whilst some of these were again upregulated by 

hypoxia, the numbers were too small to statistically correlate with gene expression. Together, 

these data indicates that mRNAs, lncRNAs, miRNAs and some of the previously non-annotated 

transcripts can all be directly activated by the HIF transcription factor, providing new insights 

into its role in the response to hypoxia. 

 Previous work has shown that, although HIF-1 and HIF-2 binding sites overlap greatly, there 

are unique patterns of binding. These manifest as clear functional differences between the genes 

closest to binding sites of each isoform as defined by gene ontology and pathway analyses. For 

instance, HIF-1 predominantly binds and regulates genes involved in carbohydrate metabolism, 
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while HIF-2 predominantly binds genes involved in stem cell pluripotency (Covello et al., 2006, 

Schodel et al., 2011). In my analyses, HIF-2 bound close to lncRNAs more frequently than HIF-1 

binding sites, indicating a potentially new isoform-specific function in regulation of the non-

coding transcriptome. 

To determine the extent to which genes are regulated by HIF-1, HIF-2 or both isoforms, polyA 

RNA-seq was performed on hypoxic MCF-7 cells, after HIF-1α, HIF-2α and combined HIF-1/2α 

knockdown.  This approach detected many more HIF-regulated mRNA genes and in particular, 

HIF-2 regulated genes, than a previous microarray analysis including all of the previously 

described genes (Elvidge et al., 2006). In addition, it detected about 25 % of the lncRNA 

transcriptome. Polyadenylated lncRNAs whose gene loci bound HIF were regulated by both HIF-

1 and HIF-2 isoforms, although the numbers were too small to permit a statistical analysis of 

any differences. Nevertheless, it does confirm that the large majority of hypoxia-regulated, HIF-

binding lncRNAs that were examined are also regulated by HIF. 

These analyses revealed that MALAT1 is one of the most highly induced lncRNAs in hypoxia and 

is a HIF target lncRNA (HIF binding and HIF regulation). High expression of MALAT1 has been 

reported in number of cancers including non-small cell lung, colorectal and prostate cancers 

(Weber et al., 2013, Ji et al., 2013, Ren et al., 2013) and is associated with metastasis and 

recurrence (Gutschner et al., 2013, Xu et al., 2011). It has also been reported that MALAT1 

regulates pre-mRNA splicing factors, including serine arginine dipeptide-containing SR family 

splicing factors (Tripathi et al., 2010, Polymenidou et al., 2011). Increased expression of 

MALAT1 enhances tumour proliferation and growth both in vitro and in vivo (Han et al., 2013, 

Tripathi et al., 2013). In the current study, expression analysis in a panel of breast cancer cell 

lines showed widespread induction of MALAT1 in hypoxia. Moreover, treatment with DMOG 

and knockdown of HIF isoforms confirmed that MALAT1 is a predominantly HIF-1 regulated 

lncRNA. Overall, these finding suggest that MALAT1 induction is regulated by HIF-1 and is 
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common when breast cancer cells are exposed to hypoxia. Further investigation is required to 

understand the functional role of MALAT1 in hypoxia in these cells. 

In addition to lncRNAs, a number of previously non-annotated transcripts, including antisense 

RNAs, also bound HIF and were regulated by both hypoxia and by HIF. Antisense transcripts 

have been proposed to have potential roles in regulating gene expression in cis. Two HIF-

binding and HIF-regulated antisense transcripts that demonstrated concurrent regulation of the 

overlapping sense transcript (aSPAG4 and aCELSR2) were selected for further validation. 

SPAG4 is a SUN domain-containing protein (Tzur et al., 2006, Razafsky and Hodzic, 2009) and 

was initially identified as a testis-specific protein, localised to microtubule-containing spermatid 

structures (Shao et al., 1999, Tarnasky et al., 1998). Recent studies reported that suppression of 

SPAG4 reduces the cellular proliferation of cancer cells and is a potential prognostic marker in 

renal cell cancer (RCC) (Shoji et al., 2013). Moreover, SPAG4 knockdown reduces the invasion 

and overexpression leads to increase in migration capability of RCC cells in vitro (Knaup et al., 

2013). A number of studies have reported hypoxic induction of SPAG4 in multiple cell lines 

(Knaup et al., 2013, Shoji et al., 2013, Knowles et al., 2010).  In addition to confirming this 

finding, the current study also identified a previously non-annotated antisense transcript 

(aSPAG4) transcribed from the negative strand and overlapping the 5’ end of the SPAG4 gene. 

Both aSPAG4 and SPAG4 were upregulated by hypoxia in all the breast cancer cell lines studied. 

Furthermore, the expression of both the sense and antisense transcript in hypoxia is dependent 

on HIF-1α. In silico analysis together with the cellular localisation of aSPAG4 indicates that 

aSPAG4 is likely a nuclear long non-coding RNA. However, whether SPAG4 and aSPAG4 are both 

transcriptionally regulated by HIF directly or whether one transcript regulates the other in cis 

remains to be determined.  

In contrast to the situation for SPAG4 and aSPAG4, the antisense transcript, aCELSR2, is induced 

in hypoxia whilst the sense CELSR2 transcript is reduced.  Low or absent expression of CELSR2 

has been reported previously in breast cancer (Huang et al., 2005). In my experiments, aCELSR2 
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transcript is expressed in limited breast cell lines. However, those cell lines in which aCELSR2 

was detected all showed increased expression in hypoxia with concomitantly reduced 

expression of CELSR2. The suppression of individual HIF-α isoforms in hypoxia showed that the 

aCELSR2 transcript is HIF-1α-dependent. Interestingly, suppression of aCELSR2 by HIF-1α 

knockdown is associated with increased expression of CELSR2, suggesting that aCELSR2 may 

suppress CELSR2 expression in cis. Whether this contributes to the suppression of CELSR2 

observed in breast cancer requires further evaluation.  

Overall, this section provides the most comprehensive characterisation of the HIF-dependent 

transcriptional response to hypoxia to date by integrating HIF-binding sites (ChIP-seq), 

ribosome-depleted, strand-specific, total RNA-seq analysis of the hypoxia-regulated 

transcriptome analysis and polyA RNA-seq analysis of the HIF siRNA-dependent transcriptome. 

These findings indicate a major role for HIF in the direct transcriptional regulation of mRNA and 

non-coding RNAs, including lncRNA, antisense RNA and miRNA in response to hypoxia. 
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Chapter 4: Correlation of epigenetic markers and RNApol2 

with hypoxia transcriptome 
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4.1 Introduction 

Genome-wide analyses of histone modifications and RNA polymerase activity have been made 

possible by pan-genomic projects such as ENCODE and by advances in next generation 

sequencing technologies. These have revealed new insights into the epigenetic features of 

regulatory elements of active and inactive genes in different cell types under different 

conditions. Changes in epigenetic features do not alter DNA sequences, but rather result in 

modifications that control and regulate gene expression in cells by several mechanisms, 

including nucleosome modelling, histone modification, DNA methylation and regulation by non-

coding RNA (Dawson and Kouzarides, 2012). Histone modifications include acetylation, 

methylation, phosphorylation and ubiquitination (Li et al., 2007), which occur on specific amino 

acids in the tails of various histones and are associated with altered gene expression. For 

instance, acetylation is generally a marker of gene activation, whereas deacetylation is a marker 

of transcription repression.  Alternately, methylation of specific amino acids of histone tails can 

lead to different effects on transcription. For example, histone 3 lysine 4 methylation (H3K4me, 

me2 and me3) is a marker of gene activation, whereas histone 3 lysine 9 methylation (H3K9me2 

and me3) and H3K27me3 are markers of transcription repression (Li et al., 2007, Tsai and Wu, 

2013). 

It has been reported that a number of chromatin reprogramming events such histone 

methylation, acetylation or deacetylation occur in hypoxia and contribute to transcriptional 

regulation (Johnson and Barton, 2007). These modifications may lead to the recruitment of 

transcription factors or histone re-modellers, such as histone acetyltransferases (HATs), histone 

deacetylases (HDACs) and histone methyltransferases (HMTs), which are crucial for 

transcriptional regulation (Johnson and Barton, 2007).  In addition, some of these modifying 

enzymes are regulated by HIF itself, including the Jumonji-domain-containing proteins (JMJD1A, 

JMJD2B and JMJD2C), which decrease demethylation of histone tails, histone methyltransferases 

(MLL5) and histone acetyltransferases (SAP30) (Beyer et al., 2008, Krieg et al., 2010, Pollard et 
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al., 2008, Xia et al., 2009). Several studies have described bulk changes in histone marks such as 

histone 3 lysine 4 trimethylation H3K4me3, H3K9me2, H3K36me3 and H3K27me3 around 

promoters of hypoxia-regulated genes (Johnson et al., 2008, Zhou et al., 2010, Xia et al., 2009, 

Tsai and Wu, 2013). For example, Johnson et al. reported changes in chromatin modifications 

including an increase in H3K4me3 levels and a decrease in H3K27me3 levels around promoters 

of hypoxia-regulated genes (Johnson et al., 2008).  

On the other hand, little is known about the molecular mechanisms of RNA polymerase 

(RNApol2) activity in hypoxia. A recent study by Galbraith and colleagues reported that 

promoters of hypoxia-inducible genes carry proximally-paused RNApol2 in normoxia and that 

HIF-1α stabilisation in hypoxia induces binding of CDK8 to its target genes and interaction with 

CDK8 mediator, which in turn stimulates release of the paused RNApol2 (Galbraith et al., 2013). 

In this chapter I have correlated RNApol2 and histone modification (H3K4me3) ChIP-seq data in 

hypoxia and normoxia (raw data provided by Dr David Mole) with my hypoxic transcriptome 

data from the total RNA-seq experiment. I have identified patterns of RNApol2 and H3K4me3 

signals around the promoters of transcripts and correlated these with their regulation by 

hypoxia and/or by HIF. In particular, I have identified the distribution of RNApol2 across the 

genome in hypoxia and extended the analysis of these markers both to the lncRNAs class of RNA 

and to previously non-annotated transcripts, since all the previous reports have focused on 

mRNAs.   These analyses provide further insights into our understanding of the transcriptional 

regulation of non-coding RNAs through the control of RNApol2 and histone modification by HIF. 
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4.2 Exprimental desigen  

The regulation of different classes of RNA by hypoxia obtained from the total RNAs-seq was 

correlated with ChIP-seq of RNApol2, H3K4me3 and DNAse I hypersensitive sites derived from 

MCF-7 cells in hypoxia (1 % O2 for 24 hours) and normoxia. Dr. David Mole and his lab provided 

the raw ChIP-seq data for RNApol2 and H3K4me3. DNAse I hypersensitive sites data were 

obtained from ENCODE v.7. All the raw data were mapped in the human genome assembly 

(HG19) using Bowtie v.1.0.0 (Langmead et al., 2009). First, RNApol2 and H3K4me3 signals were 

correlated at transcription start sites (TSS) of 100 silent, intermediate and highly expressed 

transcripts in hypoxia. Then, RNApol2, H3K4me3 markers assessed around putative TSS of all 

non–annotated transcripts and similar analyses were performed after dividing non-annotated 

transcripts into non-annotated intergenic transcripts and antisense transcripts. Furthermore, 

the distribution of RNApol2, H3K4me3 and DNAse I hypersensitive sites was assessed at the TSS 

of the 100 most upregulated, downregulated and non-regulated transcripts by hypoxia. Similar 

analysis was performed for HIF dependent and non-HIF dependent upregulated transcripts in 

hypoxia. The traveling ratio of RNApol2 was calculated in normoxia and hypoxia. Finally, 

RNApol2 and H3K4me3 signals were assessed at the TSS of the individual RNA classes including 

mRNA, lncRNAs and miRNAs.  
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4.3 Results 

4.3.1 Correlation of RNApol2 and histone ChIP-seq signals with gene expression 

To gain mechanistic insights into the transcriptional regulation of the genome, in particular the 

non-coding transcriptome, I correlated my ribosome-depleted, strand-specific total RNA-seq 

data with pre-existing RNApol2 and H3K4me3 ChIP-seq (MTAB‐1994) and DNAse 

hypersensitivity (ENCODE) datasets from MCF-7 cells incubated in normoxia and hypoxia. The 

raw data was mapped to NCBI build 37 (HG19) of the human genome as described in the 

method section. 

As a preliminary check on data integrity, I selected the transcriptional start sites of 100 silent 

genes, 100 genes of intermediate expression level and the 100 most highly expressed genes.  

This selection was irrespective of gene class, although the vast majority were mRNAs and 

lncRNAs. Plotting the average distribution of signal for each set of 100 genes for RNApol2 and 

H3K4me3 (Figure 4.1A) showed similar spatial distributions and correlations with gene 

expression to those previously described (Barski et al., 2007) (Figure 4.1B). Similar results 

were seen for both the normoxic and hypoxic datasets. 
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Figure 4.1 Distribution of RNApol2 and H3K4me3 signals around TSS of genes 
separated based on their expression levels. A) Marker distribution around TSS +/- 5 kb 
of 100 genes with high expression (red) or medium expression (green) or silent genes (blue) in 
normoxia. Signal patterns were similar to B) Distribution of same markers correlated with 
absolute gene expression in lymphocytes (Adapted from Barski et al., 2007).  
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4.3.2 RNApol2 and histone modifications of non-annotated transcripts 

Total RNA-seq identified a number of previously non-annotated transcripts in MCF-7 cells. As an 

independent check, I first interrogated the RNApol2 and H3K4me3 ChIP-seq signals at the 

transcriptional start site of each of these putative RNAs. As anticipated, each of these promoter-

associated marks was increased at the TSS when averaged across all of the newly identified 

transcripts (Figure 4.2A-B). Similar patterns were observed when these transcripts were 

subdivided into intergenic and antisense transcripts, providing independent corroborative 

evidence for the newly described transcripts (Figure 4.2C). Examples of tracks at a non-

annotated intergenic transcript (Figure 4.3) and at an antisense transcript of HIF-1α (aHIF-1α) 

are shown (Figure 4.4). RNApol2 and H3K4me3 peaks were observed at both ends of HIF-1α 

transcript. Peak at the 5’ end of HIF-1α correspond to the original transcript, while peak at 3’ 

end of the transcript correspond to the antisense transcript (Figure 4.4).  
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Figure 4.2 RNApol2 and H3K4me3 signals averaged over the putative TSS regions 
of previously non-annotated transcripts identified in the total RNA-seq. ChIP-seq 
signals for the promoter associated marks, A) RNApol2 and B) H3K4me3 at the putative TSS of 
non-annotated transcripts. C) Distribution of RNApol2 and H3K4me3 signals at TSS of all 
detected non-annotated intergenic transcripts and antisense transcripts in hypoxia and 
normoxia. Both class of transcripts showed slight increase in markers were obscured in hypoxia 
(blue) and normoxic (red). 
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Figure 4.3 Integration of HIF, RNA Pol2, H3K4me3 ChIP-seq and polyA and total-
RNA-seq data at non-annotated intergenic transcript locus. All the data were 
uploaded at the UCSC genome browser. Snapshot of HIF regulated non-annotated intergenic 
transcript showed increase in H3K4me3 level and run-through of RNApol2 in hypoxia. The 
transcripts was detected in different polyA RNA-seq datasets and was downregulated with HIF-
1α siRNA, indicating that non-annotated  intergenic transcript is HIF-1α-dependent.   
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Figure 4.4 Integration of HIF, RNA Pol2, H3K4me3 ChIP-seq and polyA and total-
RNA-seq data at antisense transcript of HIF-1α. All the data were uploaded at the UCSC 
genome browser. Snapshot of antisense transcripts of HIF-1α showed increase in H3K4me3 
level and run-through of RNApol2 in hypoxia. The transcript was detected in different polyA 
RNA-seq datasets and was downregulated with HIF-1α siRNA, suggesting that antisense 
transcript is HIF-1α-dependent.   
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4.3.3 RNApol2 and H3K4me3 changes in hypoxia 

From the total RNA-seq data I next identified the 100 most hypoxia-upregulated and 

downregulated transcripts irrespective of class. Plotting the average signal for the 100 most 

upregulated genes revealed distinct patterns for each RNApol2, H3K4me3 and DNAse 

hypersensitivity mark. Specifically, a strong DNAse hypersensitivity signal was observed at the 

TSS of these hypoxia-upregulated genes even in normoxia, with no significant further increase 

in hypoxia (Figure 4.5A). Similarly, RNApol2 was already bound at the promoter in normoxic 

cells, again with no significant increase in RNApol2 signal at the TSS in hypoxia. The peak of 

RNApol2 signal was observed 40-45 bp downstream of the TSS, consistent with promoter-

proximal pausing of RNApol. In contradistinction, RNApol2 signals downstream of the TSS (i.e. 

across the body of the gene) were increased in hypoxia at                                                                                                                                                                                                                                                                                                                                                                                                                                                   

hypoxia-upregulated genes. This is consistent with the release of paused promoter-proximal 

RNApol2 to effect increased transcription (Figure 4.5B). Actively transcribing RNApol2 can 

recruit histone methyl transferase activity that trimethylates H3K4 either directly (Ng et al., 

2003) or through p300 (Tang et al., 2013). The distribution of H3K4me3 was very similar to 

that of RNApol2, with little change in signals at the promoter in hypoxia, but an increase 

downstream of the transcriptional start site, consistent with the above hypothesis (Figure 

4.5C). 

 

 

 

 

 

 

 

 



149 
 

 

 
 
 
 
 
 
 
 
 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 4.5 Distribution of RNApol2, H3K4me3 and DNAse hypersensitivity around 
the TSS of the 100 most hypoxia-upregulated transcripts of all classes. Mean 
distribution of normoxic (red) and hypoxic (blue) A) DNAse1 hypersensitivity and B) RNApol2 
binding at the 100 transcripts most upregulated by hypoxia. The inset shows expanded view at 
the TSS. The same plots for C) H3K4me3 (FPKM = fragments per kilobase per million reads). 
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No significant changes were seen in any of these signals averaged over 100 non-regulated genes 

(Figure 4.6A). Interestingly, no significant changes observed either, when signals were 

averaged over the 100 most hypoxia-downregulated genes (Figure 4.6B). 

 
 
  

 

 

 
 
 
Figure 4.6 Distribution of RNApol2and H3K4me3signals at TSS of top 100 non-
regulated and downregulated genes in hypoxia.  There were no changes in markers in 
either A) Non-regulated or B) Downregulated genes in hypoxic MCF-7 cells. Hypoxia (blue); 
normoxia (red).  
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4.3.4 Promoter-paused and de novo recruited RNApol2 in hypoxia 

In the previous analysis, changes in RNApol2 and H3K4me3 signal were limited to hypoxia-

upregulated genes and not observed at non-regulated or downregulated genes. Similarly, GSEA 

analysis has shown that HIF-binding is also restricted to hypoxia-induced genes. I therefore 

examined whether the changes in RNApol2 and H3K4me3 binding were a feature of HIF-binding 

genes or simply of hypoxia-upregulated genes. I divided hypoxia-inducible genes into those that 

bound HIF (a high stringency peak within 100 kb of the promoter) or genes that had no 

evidence of HIF-binding (no peak within 1 MB). The groups were then matched for fold-

induction in gene expression by hypoxia. Changes in RNApol2 and H3K4me3 signals were 

observed for genes that bound HIF (Figure 4.7 A-C), but importantly no changes were observed 

at hypoxia-upregulated genes that did not bind HIF (Figure 4.7 B-D). This strongly suggests 

that HIF-binding effects transcriptional activation by releasing paused, promoter-proximal 

RNApol2, with concomitant methylation of H3K4 downstream from the TSS. An example of 

RNApol2 releasing in hypoxia from a promoter of HIF-dependent lncRNA, is the NEAT1 locus 

(Figure 4.7 E). 
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Figure 4.7 Hypoxic regulation of RNApol2 and H3K4me3 at HIF-binding and non-
binding gene loci upregulated by hypoxia. mRNAs upregulated by hypoxia were 
classified according to HIF-binding status. Transcripts closest to and within 100 kb of a high-
stringency HIF binding site were defined as HIF-binding. Transcripts with no discernable HIF 
ChIP-seq signal within 1 Mb of the promoter were defined as non-binding. Matched pairs of 
upregulated transcripts from each group were selected to have equivalent fold-regulation. 
Shown are normoxic (red) and hypoxic (blue) signal for A) RNApol2 and B) H3K4me3 averaged 
over HIF-binding transcripts and C) and D) the same plots for non-binding loci. E) RNA-seq and 
ChIP-seq tracks illustrating increase releasing of RNApol2 in hypoxia at the HIF dependent 
lncRNA. The present data is adapted from (Choudhry et al., 2014). 
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In addition, close inspection of the travelling ratio of RNApol2 was calculated across HIF genes 

in normoxia and hypoxia (Figure 4.8 A-B). Analysis identified a small subset of HIF target genes 

that showed de novo recruitment of promoter RNApol2 in hypoxia, suggesting transcriptional 

regulation of HIF dependent genes by recruitment of de novo RNApol2. An example of de novo 

RNApol2 recruitment of HIF genes is the Adrenomedullin (ADM) gene (Figure 4.8 C).  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 4.8 De novo recruitment of promoter RNApol2 in hypoxia. Travelling ratio of 
RNApol2 (number of reads across the body of the gene / number of reads at promoter (-150 bp 
to +250 bp)) for the most upregulated HIF-binding transcripts in A) Normoxia and B) Hypoxia. 
FPKM = fragments per kb per million reads. C) RNA-seq and ChIP-seq tracks illustrating de novo 
recruitment of RNApol2, despite constitutive DNAse1 hypersensitivity. 
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4.3.5 RNApol2 and histone changes at lncRNAs 

The above findings are similar to those reported at protein-coding gene loci alone (Schoedel – 

personal communication and Galbraith). This is not surprising, since a large proportion of the 

genes included in each dataset were themselves protein-coding genes. To determine whether 

similar changes were observed at non-coding gene loci as well as protein-coding loci, I first 

categorised each gene according to RNA class. I then examined RNApol2 and H3K4me3 ChIP-

seq signals at the 100 most hypoxia-upregulated and downregulated mRNA and lncRNA gene 

loci.  

Broadly comparable changes were seen for both RNApol2 and H3K4me3 signals at hypoxia-

induced mRNA and lncRNA loci Figure 4.9, although changes were less at lncRNAs, possibly 

reflecting a slightly lower hypoxic induction of RNA expression in this class. Again, no significant 

changes were seen at hypoxia-downregulated loci of either class. These data indicate that HIF 

regulates transcriptional activation through similar mechanisms at both protein-coding and 

long non-coding gene loci and, by extension to the work of Galbraith et al. that this occurs 

predominantly by release of pre-bound, paused, promoter-proximal RNApol2. 
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Figure 4.9 Distribution of RNApol2 and H3K4me3 around TSS of the 100 most 
hypoxia-upregulated lncRNAs and mRNAs. Mean distribution of normoxic (red) and 
hypoxic (blue) RNApol2 and H3K4me3 reads of the 100 transcripts most up/downregulated 
lncRNAs and mRNAs in hypoxia. 
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4.3.6 RNApol2 and histone changes at other non-coding RNAs  

Marker analyses of other classes of non-coding RNAs including piwiRNAs, tRNA, snRNA and a 

small number of lncRNAs did not permit meaningful interruption as they are transcribed via 

RNA polymerase III (RNApol3) (White, 2008, Dieci et al., 2007). On the other hand, RNApol2 

and H3K4me3 signals were analysed for hypoxia-regulated miRNAs, since the majority of 

miRNAs are embedded and transcribed from their host genes. Thus, marker analyses were 

performed around host genes that contain hypoxia regulated miRNAs. Signals were highly noisy 

for miRNA host genes, due to low number of these genes and the possibility that host genes may 

regulate differently from miRNAs in hypoxia (Figure 4.10 A-C).  

Figure 4.10 Distribution of RNApol2 and H3K4me3 around TSS of hypoxia 
regulated miRNAs. Mean distribution of normoxic (red) and hypoxic (blue) RNApol2 and 
H3K4me3 reads around host genes which contain hypoxia regulated miRNAs. A) The first panel 
shows marker signals around all the host genes that contain hypoxia regulated miRNAs. B) The 
second panel of makers for host genes that contain upregulated micRNAs. Although the data is 
noisy, RNApol2 and H3K4me3 signals are slightly higher in hypoxia compared to normoxia. C) 
The third panel for host genes that contain downregulated miRNAs showed no differences.  
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4.3.7 RNApol2 and histone modifications of transcripts altered with HIF siRNAs 

Finally, I examined the RNApol2 and H3K4me3 changes of up/downregulated transcripts with 

HIF siRNA sequencing.  Since combined HIF-1/2α siRNAs in hypoxia have general suppressive 

effects on both HIF isoforms, the top hundred up and downregulated genes with combined HIF-

1/2α siRNAs knockdown were used for the marker analysis. 

As expected, genes downregulated with HIF siRNA showed increased levels of RNApol2 and 

H3K4me3 signals through the gene body, indicating that these genes were transcriptionally 

active and upregulated in hypoxia (Figure 4.11A). Genes that were upregulated by HIF siRNA 

showed no changes in RNApol2 and H3K4me3 levels in hypoxia. They showed similar marker 

patterns to downregulated genes in hypoxia (Figure 4.11B). Overall, these analyses show the 

expected reciprocal changes of markers when genes were altered by HIF siRNA compared to 

genes regulated by hypoxia. 
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Figure 4.11 Distribution of RNApol2 and H3K4me3 signal around TSS of the 100 
transcripts most up/downregulated by HIF siRNA respective of class of RNA.  100 
mot A) Downregulated B) Upregulated transcripts with HIF-1/2α siRNA. Mean distribution of 
normoxic (red) and hypoxic (blue) RNApol2 and H3K4me3 reads of the 100 transcripts most 
up/downregulated with HIF-1/2α siRNAs in hypoxia.  
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4.4 Discussion 

In this chapter I correlated ChIP-seq signals of RNApol2 and epigenetic markers of active 

promoters (H3K4me3 and DNAse hypersensitivity) with hypoxic regulation of the coding and 

non-coding transcriptome determined by total RNA-seq in MCF-7 cells. This analysis revealed 

that the majority of hypoxia-regulated genes have RNApol2 and H3K4me3 already bound close 

to the promoter in normoxic cells, in correlation with basal levels of gene expression. This 

finding is consistent with previous work by Barski et al. 2007, which Freported a correlation 

between gene expression and RNApol2 and H3K4me3 signals in lymphocytes (Barski et al., 

2007). 

These findings are also consistence with a number of previous studies that examined the effect 

of hypoxia on RNApol2 and histone marks. For instance, Tanimoto et al. investigated RNApol2 

and the number histone markers (H3K4me3, H3AC and H3K27me3) in hypoxic DLD-1 and TIG-

3 cells (Tanimoto et al., 2010), while Xia et al. examined the levels of RNApol2 and H3K4me3 in 

hypoxic HepG2 and U87 cells (Xia and Kung, 2009).  These studies and others have concluded 

that the presence of RNApol2 and H3K4me3 at gene promoters in normoxia correlates with 

hypoxic induction of transcripts and that HIF-regulated genes recruit RNApol2 to promoters 

with open chromatin configuration (Tanimoto et al., 2010, Xia and Kung, 2009, Semenza et al., 

1991). However, although no change was observed in DNAse hypersensitivity signals, this 

technique cannot distinguish individual nucleosome positions, so it is possible that individual 

nucleosome positioning may change in hypoxia (Zentner and Henikoff, 2012). 

Interestingly, examination of RNApol2 and H3K4me3 signals at the most hypoxia-upregulated 

transcripts of any class showed no increase in RNApol2 at the promoter in hypoxia, while an 

increase was observed in RNApol2 signals across the gene body. Previous reports indicate that 

active RNApol2 can recruit histone methyltransferase activity to genes either directly (Ng et al., 

2003) or through p300 and leads to increased trimethylation H3K4 within the body of the gene 
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(Tang et al., 2013). My analyses of H3K4me3 signals at the most hypoxia-upregulated genes 

again showed no increase of bound H3Kme3 at the TSS but were consistent with the above 

studies. Furthermore, the changes in H3K4me3 levels in hypoxia observed in the current study 

were also in agreement with previous work by Tchou-Wong et al. in A549 cells treated with 

nickel to induce a pseudo-hypoxic response (Tchou-Wong et al., 2011). They reported the most 

upregulated genes with nickel treatment were highly concordant with HIF-upregulated genes in 

hypoxia. In addition, they reported increased broadening of H3K4me3 markers around the 

genes increased by nickel treatment (Tchou-Wong et al., 2011), which is consistent with 

findings of the current study. Importantly, hypoxia-downregulated genes did not show the 

reverse changes in RNApol2 and H3k4me3 levels, suggesting different mechanisms in 

regulating expression of downregulated genes in hypoxia. 

A significant hypoxic increase in RNApol2 signals along the gene body was observed at direct 

HIF transcriptional targets; however, this was not observed for genes upregulated by hypoxia 

without evidence of HIF binding. Although the exception rather than the rule, close inspection of 

the travelling ratio of RNApol2 across HIF genes identified a small subset of HIF target genes 

that showed de novo recruitment of promoter RNApol2 in hypoxia, hinting at gene-specific 

functions of HIF in recruiting RNApol2 de novo. This has been described for other transcription 

factors such as IRF3 and NFκB, both of which can release paused RNApol2 and recruit de novo 

RNApol2 (Freaney et al., 2013). 

After dissecting the lncRNAs class from the transcriptome, analyses of markers showed similar 

patterns  as entire transcriptome regulation in hypoxia (increased run through in gene body of 

RNApol2 and broadening of H3K4me3 in hypoxia), suggesting that lncRNAs have similar 

mechanisms of transcription activation to mRNAs in hypoxia. Strong peaks of RNApol2 and 

H3K4me3 signals were also detected at the putative transcriptional start sites of both non-

annotated intergenic transcripts and antisense transcripts in normoxia, confirming the presence 

of these transcripts and their common mechanisms of transcription. 
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In summary, the analysis of markers and their integration with the hypoxia transcriptome in 

this section supports a model of HIF-dependent transcription. In normoxia, the majority of 

direct HIF target genes display an open chromatin conformation with the presence of H3K4me3 

and paused RNApol2 (Galbraith et al., 2013, Mole et al., 2009, Schodel et al., 2011), while in 

hypoxia, HIF-α isoforms dimerize with HIF-1β and bind to the HREs of their target genes, which 

then recruits several co-activators. These include acetyl-transferases, p300 and Cyclin-

dependent kinase 8 “CDK8” mediator, as well as the Super Elongation Complex (SEC), which 

contains AFF4 and positive transcription elongation factor b “P-TEFb” (Bedford et al., 2010, 

Ruas et al., 2010, Galbraith et al., 2013). Formation of this complex results in an increase of 

histone acetylation and bromodomain protein “BRD4” binding, which then triggers CDK8-

Mediator along with the SEC to release paused RNApol2 and its elongation (Galbraith et al., 

2013, Dengler et al., 2013). However, some direct HIF target genes showed exceptions to the 

proposed model, where RNApol2 was not present in normoxia and was only recruited de novo 

in hypoxia, providing a new mechanism of transcription in hypoxia. 
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Chapter 5: The expression of NEAT1, an hypoxia-regulated 

lncRNA, is associated with the clinical outcome of breast 

cancer  
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5.1 Introduction 

Recent genomic analyses suggest that approximately 22,000 protein-coding genes are encoded 

by about 2 % of the genome. The majority of the remaining transcribed genome (accounting for 

approximately 34,000 transcripts) consists of non-coding RNAs (Carninci et al., 2005, Djebali et 

al., 2012). These non-coding RNAs may be broadly separated, based on their length, into small 

non-coding RNAs (<200 bp) and long non-coding RNA (>200 bp). There is accumulating 

evidence that long non-coding RNAs (lncRNA) have functional, and regulatory roles in health 

and disease (Mercer et al., 2009, Batista and Chang, 2013, Du et al., 2013) and in particular, 

during tumourgenesis (Eddy, 2001, Esteller, 2011, Stefani and Slack, 2008).  

To date, studies of the non-coding RNA response to hypoxia have largely focused on microRNAs, 

typically composed of very short non-coding sequences of around 22 bp (Kulshreshtha et al., 

2008, Camps et al., 2008), whilst (with a few exceptions) the role and regulation of lncRNAs in 

hypoxia remains largely unstudied. Matouk et al. have shown that imprinted maternally 

expressed transcript (H19), an lncRNA, is upregulated in Hepatocellular carcinoma (HCC) and 

bladder carcinoma cell lines in response to hypoxia and that this hypoxic regulation was 

dependent on HIF-1α (Matouk et al., 2007). Conversely, the lncRNA Low Expression in Tumour 

(lncRNA-LET) is commonly downregulated in a number of cancers including hepatocellular, 

colorectal and squamous-cell lung carcinomas (Yang et al., 2013a). This hypoxic suppression of 

lncRNA-LET enhances the accumulation and stability of HIF-1α mRNA under hypoxic 

conditions.  Functionally, downregulation of lncRNA-LET promotes HCC metastasis (Yang et al., 

2013a). 

In previous Chapters, I characterised the hypoxic regulation of a large number of lncRNAs 

through transcriptional profiling of MCF-7 breast cancer cells cultured in hypoxic (24 hours, 1 

% O2) or in normoxic conditions (21 % O2) using next generation RNA-sequencing. This 

identified a large number of lncRNAs that are induced in hypoxia and whose induction is 
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dependent on HIF. The most hypoxia-upregulated lncRNA in this dataset was Nuclear Enriched 

Abundant Transcript 1 (NEAT1). NEAT1 is a non-coding RNA that is expressed in the nucleus. It 

has two isoforms that are transcribed from a single promoter, a polyadenylated short transcript, 

which is 3.7 kb in length, and a longer non-polyadenylated transcript (Guru et al., 1997, Sasaki 

et al., 2009).  NEAT1 is an essential architectural component that is required for the formation 

and maintenance of “paraspeckles”.  These are nuclear-specific structures that lie in close 

proximity to nuclear “speckles” (Sasaki et al., 2009, Chen and Carmichael, 2009, Clemson et al., 

2009).  Paraspeckles  bodies are amongst the most recently identified nuclear bodies and were 

first described in 2002 (Fox et al., 2002). These bodies contain three main Drosophila Behaviour 

and Human Splicing (DBHS) proteins, including Paraspeckle Component 1 (PSPC1), Non-POU 

Domain Containing Octamer Binding (NONO or p54nrb) and Splicing Factor 

Proline/Gluatamine-Rich (SFPQ or PSF) (Fox et al., 2002, Nakagawa and Hirose, 2012). They are 

approximately 360 nm in diameter, and occur at between 2 and 20 foci in each cell (Fox et al., 

2002). They are restricted to mammalian nuclei and found in both cultured cell lines and 

primary cultures (Bond and Fox, 2009) with except for embryonic stem cells (Chen and 

Carmichael, 2009).Recently, increased NEAT1 expression and paraspeckles body formation 

have been reported during myotube differentiation and in a variety of pathological conditions 

including intrauterine growth restriction disorders and viral infection (Gremlich et al., 2013, 

Zhang et al., 2013a, Sunwoo et al., 2009). However, the role and regulation of NEAT1 in cancer 

and during hypoxia is not been determined.  

The current chapter focuses on analysis of the hypoxic regulation of NEAT1 in breast cancer 

cells subjected to culture in normoxia or hypoxia. I then evaluated the effect of NEAT1 

knockdown on cell proliferation, survival and apoptosis. Finally, the clinical relevance of NEAT1 

was examined in a large cohort of breast cancer patients (Curtis et al., 2012). This chapter 

provides novel insights into the role of lncRNAs in the hypoxic microenvironment of solid 

tumours in general, and breast cancer in particular.  
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5.2 Exprimetnal desigen  

In this chapter, NEAT1 lncRNA regulation was measured by qPCR in 11 breast cancer cell lines 

grown in normoxia and hypoxia (1 % O2 for 24 hours). Expression of NEAT1 was also evaluated 

by qPCR in MCF-7 and ZR-75-1 cells at different hypoxia points (1 % O2 for 16, 24, 32, 48 hours) 

and with DMOG treatment (500 nM, 24 hours). In addition, NEAT1 expression in cytoplasmic 

and nuclear fractions of MCF-7 cells grown in hypoxia (1 % O2 for 24 hours) and normoxia was 

evaluated by qPCR. RNA fluorescence in situ hybridization (RNA FISH) was performed against 

NEAT1 and RPL11 (control probe) in MCF-7 and ZR-75-1 cells in normoxia and hypoxia in order 

to define NEAT1 cellular localisation. HIF-1α and HIF-2α siRNAs were transfected in MCF-7 and 

ZR-75-1 cells in hypoxia  (1 % O2 for 24 hours) and NEAT1 expression was measured by qPCR 

and RNA FISH. Next, NEAT1 levels were evaluated in MCF-7, MDA-MB-231 and MDA-MB-468 

xenograft models treated with Bevacizumab or with PBS in control groups. The xenograft 

tumours were obtained from Prof. Adrian Harris lab at the WIMM. Total RNA was isolated from 

treated and control groups and was used to measure CA9 (control hypoxia gene) and NEAT1 

expression by qPCR. Furthermore, total protein expression of paraspeckles proteins (PSPC1 and 

NONO) was measured in MCF-7 by western blot in normoxia and hypoxia (1 % O2 for 24 hours). 

Immunostaining for PSPC1, NONO and SFPQ proteins was performed in normoxia and hypoxia 

in MCF-7 and ZR-75-1 cells. Two different antisense oligonucleotides (ASO) targeting NEAT1 

and a control scrambled ASO were designed to supress NEAT1 expression in MCF-7 and ZR-75-

1 cells. After ASOs transfection with Lipofectamine® RNAiMAX in the cells, the NEAT1 

expression was measured by qPCR to confirm effective knockdown. Following individual 

NEAT1, HIF-1α and HIF-2α knockdowns in hypoxic MCF-7 cells (1 % O2 for 24 hours), the 

paraspeckles proteins were immunostained to evaluate the dependence of paraspeckles body 

formation on the NEAT1 transcript and the HIF regulation. To study the role NEAT1 on 

tumourigenesis, NEAT1 knockdown was performed on MCF-7 and ZR-75-1 cells in normoxia 

and hypoxia (1 % O2 for 24 hours) and subjected to cell proliferation and clonogenic assays. 
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Furthermore, effect of NEAT1 knockdown on apoptosis was measured by the Caspase 3/7 

activity and by theFACS analysis for annexin V stained cells in MCF-7 and ZR-75-1 cells. The 

Cancer Genome Atlas (TCGA) data (http://www.cbioportal.org/public-portal/) was used to 

screen somatic alteration harbouring NEAT1 and paraspeckle protein coding genes in a range of 

cancer types. Finally, NEAT1 and paraspeckle protein coding gene expression were evaluated in 

previously published expression data of a large cohort of breast cancer (n=200) (Curtis et al., 

2012) for their association with clinical outcome and with clinicopathological features of breast 

cancer. 
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5.3 Results  

5.3.1 Genome features of NEAT1 loci in hypoxic MCF-7 cells 

To examine the transcriptional features across the NEAT1 locus in normoxia and in hypoxia, I 

used the “pile-up” tracks derived from the RNA-seq and ChIP-seq datasets (HIF-binding, RNA 

polymerase II and histone marker H3K4me3) in MCF-7 cells. Reads were mapped to Human 

(HG19) reference genome using Bowtie and viewed using the USCS genome browser. 

 A significant increase in the expression (RNA-seq signals) of NEAT1 (both short and long 

transcripts) was observed in hypoxia compare to normoxia (Figure 5.1A).  Consistent with the 

findings at other HIF-regulated genes, no change in RNA Pol II binding was observed at the 

transcription start site (TSS) of NEAT1. However, a clear increase in RNA Pol II binding across 

the NEAT1 transcript body was observed in hypoxia commensurate with the increased 

expression level. In addition, the observed H3K4me3 peak (a marker of promoter activity) 

increased in breadth at the NEAT1 TSS in hypoxia compared to normoxia. The increased run-

through of RNA Pol II across the NEAT1 gene body and the broadening of the H3K4me3 peak at 

the TSS both suggest increased transcription of NEAT1 during hypoxia. Furthermore, analysis of 

the HIF-1α, HIF-2α and HIF-1β ChIP-seq tracks identified binding peaks for all three isoforms 

within the promoter region of NEAT1 (Figure 5.1A). 
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5.3.2 NEAT1 expression in a panel of hypoxic breast cancer cell lines 

To evaluate whether NEAT1 regulation in response to hypoxia is specific to MCF-7 cells or is a 

general feature of breast cancer cells, an extended panel of additional breast cancer cell lines 

was studied. These exhibited different breast cancer genotypes (ER+ and HER2- cell lines “ZR-

75-1, MCF-7, T47D, BT474”, ER- and HER+ cell lines “MDA-MB-453, SKBR3” and triple negative 

breast cancer cell lines “ MDA-MB-468, MDA-MB-231, DU4475, BT549, BT20”). All the cell lines 

were grown in normoxia and hypoxia 1 % O2 for 24 hours and experiments were performed 

with three biological replicates.  NEAT1 expression was upregulated in the majority of breast 

cancer cell lines when grown in hypoxia (Figure 5.1B).  ZR-75-1 and MCF-7 cells showed the 

most profound upregulation with 3.5- and 3.1-fold upregulation, respectively (P value<0.005). 

These two cell lines were selected for subsequent experiments.  

Using both MCF-7 and ZR-75-1 cells, I next evaluated NEAT1 expression at different time points 

(16, 24, 32, 48 hours) after hypoxic incubation at 1 % O2. The expression of NEAT1 was induced 

at the earliest time point (16 hours) and was maximal (and sustained) by 24 hours, with no 

further induction thereafter (Figure 5.1C). 
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5.3.3 NEAT1 expression is induced by the HIF hydroxylase inhibitor, 

dimethyloxalylglycine (DMOG) 

As outlined in the introduction, HIF is regulated primarily through stability of its alpha subunits 

and through their transactivating activity. This in turn is governed by oxygen-dependent 

hydroxylation of specific amino-acids in HIF by HIF hydroxylase enzymes. In addition to oxygen 

these require 2-oxoglutarate (2-OG) and can be inhibited by small molecule mimetics of 2-OG 

such as dimethyloxalylglycine (DMOG) leading to activation of the HIF-transcriptional response 

in normoxia. I therefore determined whether DMOG could induce the expression of NEAT1 in 

normoxia.  

MCF-7 and ZR-75-1 cells were treated with DMOG (500 nM, 24 hours) in normoxia. The 

expression of NEAT1 was measured after treatment with DMOG or a sterile nucleic acid free 

water  for control. The expression of a known HIF-target gene, carbonic anhydrase IX (CA9), 

was measured as a positive control. CA9 expression was significantly induced by DMOG in both 

MCF-7 cells (5.4 fold) and ZR-75-1 cells (6.1 fold) confirming the effectiveness of the DMOG 

treatment (Figure 5.1D).  NEAT1 was also significantly upregulated in MCF-7 cells (2.8-fold, p = 

0.006) and in ZR-75-1 cells (3.2 fold p = 0.003) following treatment with DMOG, indicating that 

NEAT1 induction is dependent upon both oxygen and 2-oxogulutarate (Figure 5.1D).  
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Figure 5.1 NEAT1 lncRNA is regulated by hypoxia and DMOG. A) UCSC Genome 
Browser tracks at the NEAT1 locus for RNA-seq and ChIP-seq (HIF-1α, HIF-2α, HIF-1β, 
RNApol2, H3k4me4) data in normoxia and hypoxia. B) NEAT1 expression in a panel of breast 
cancer cell lines grown in normoxia and hypoxia (TNBC: Triple Negative Breast Cancer). The 
majority of cell lines showed upregulation of NEAT1 when exposed to hypoxia. C) NEAT1 
expression at different hypoxia time points (16, 24, 32, 48 hours) in MCF-7 and ZR-75-1 cells. D) 
Relative expression of CA9 and NEAT1 in MCF-7 and ZR-75-1 cells after DMOG treatment for 24 
hours. Each experiment was performed with three biological replicates. (*p<0.05 , **p≤0.009, 
***p≤0.0009, Student’s t-test, n=3).  
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5.3.4 Hypoxia-induced NEAT1 is retained in the nucleus 

Previous reports have shown that NEAT1 is usually exclusively located within the cellular 

nucleus. I determined whether expression of hypoxia-induced NEAT1 was also restricted to the 

nucleus or whether hypoxic stress might alter its cellular localisation. I fractionated cytoplasmic 

and nuclear fraction from MCF-7 cells grown in hypoxia and normoxia. qPCR analysis of each 

cellular fraction showed that NEAT1 is highly enriched in the nuclear fraction and that this 

fraction alone is induced in hypoxia (Figure 5.2A). In addition, I undertook RNA In Situ 

Hybridization (RNA FISH) of NEAT1 in MCF-7 and ZR-75-1 cells incubated in normoxia or in 

hypoxia. This confirmed the qPCR findings showing that hypoxia-induced NEAT1 is localised to 

the nucleus in both cell lines (Figure 5.2B-C and Figure 5.3A-C). These finding indicate that 

hypoxia does not redistribute NEAT1 to the cytoplasm and suggests that it may perform the 

same function in hypoxia as it does when present in normoxia.  
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Figure 5.2 Hypoxia-induced NEAT1 is retained in MCF-7 nucleus.  A) qPCR 
expression analysis of cytoplasmic and nuclear fractions normalized to equal numbers of MCF-7 
cells in hypoxia or normoxia showing induction of NEAT1 in the nucleus in hypoxic conditions. 
B) Average NEAT1 RNA FISH signals in cytoplasmic and nuclear fractions of MCF-7 cells grown 
in  normoxia and hypoxia 1 % O2 for 24 hours. C) RNA FISH of NEAT1 (red) and RPL11 (green) 
in normoxia and hypoxia in MCF-7 cells. RPL11 was used as cytoplasmic control and showed no 
changes in both conditions. Experiments were performed with three biological replicates, 
(***p<0.0001, Student’s t-test, n=3).   
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Figure 5.3 Hypoxia-induced NEAT1 is retained in ZR-75-1 nucleus.  A) Average 
NEAT1 RNA FISH signals in cytoplasmic and nuclear fractions of ZR-75-1 cells grown in  
normoxia and hypoxia 1 % O2 for 24 hours, shows NEAT1 is induced and enriched in nucleus  B) 
RNA FISH of NEAT1 (red) and RPL11 (green) in normoxia and hypoxia in  ZR-75-1 cells, 
showing a significant increase in nuclear NEAT1 signals in hypoxia. RPL11 was used as 
cytoplasmic control and showed no changes. Experiments were performed with three biological 
replicates, (**p<0.005, Student’s t-test, n=3).   
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5.3.5 NEAT1 expression is HIF dependent in hypoxia 

The presence of a HIF binding site within the promoter region of NEAT1, together with its 

regulation by both hypoxia and DMOG, strongly suggests that NEAT1 is a direct transcriptional 

target of the HIF transcription factor. siRNA directed against HIF-1α and HIF-2α that have 

previously been shown to produce suppression of these HIF subunits (Elvidge et al., 2006) were 

transfected into MCF-7 and ZR-75-1 cells cultured in hypoxic conditions. CA9 is a HIF-1α 

dependent mRNA. Expression of CA9 was significantly reduced with HIF-1α siRNA in both cell 

lines, confirming HIF-1α knockdown (Figure 5.4A). Expression of NEAT1 was significantly 

downregulated by siRNAs directed against HIF-2α (around 95 % in MCF-7 and 65 % in ZR-75-1 

reduction, P<0.001), whilst siRNAs directed against HIF-1α did not affect NEAT1 expression 

(Figure 5.4B). In addition, I analysed the effect of HIF-1α and HIF-2α suppression on hypoxic 

NEAT1 expression in MCF-7 cells using RNA FISH. Again, hypoxic NEAT1 expression was 

inhibited by HIF-2α suppression, but not by HIF-1α suppression (Figure 5.4C). Taken together, 

these findings indicate that although both HIF isoforms bind to the NEAT1 promoter region, 

hypoxic-induction of NEAT1 expression depended only on the HIF-2α isoform in both cell lines. 
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Figure 5.4 Hypoxia-induced NEAT1 expression is dependent on HIF-2α, but not 
HIF-1α. A) CA9 expression was significantly reduced by HIF-1α siRNA but not following HIF-2α 
knockdown in MCF-7 and ZR-75-1 cells in hypoxia. B) NEAT1 expression after HIF-1α and HIF-
2α knockdown in MCF-7 and ZR-75-1 cells in hypoxia. NEAT1 expression was significantly 
reduced by HIF-2α siRNA but not following HIF-1α knockdown. C) RNA FISH of NEAT1 (red) 
and RPL11 (green) in MCF-7 cells grown in hypoxia and treated with either control (scrambled) 
siRNA, HIF-1α siRNA or HIF-2α siRNA. HIF-2α siRNA, but not HIF-1α siRNA, significantly 
reduced hypoxic NEAT1 expression. RPL11 expression was unaffected by either siRNA. Each 
experiment was performed with three biological replicates, (*p<0.05, **p<0.008, Student’s t-
test, n=3).  
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5.3.6 Antiangiogenic therapy with Bevacizumab upregulates NEAT1 expression in 

tumour xenografts 

Tumour angiogenesis stimulated by the upregulation of HIF pathways in response to tumour 

hypoxia and oncogenic signals is an important component of the pathogenesis of many types of 

cancer, including breast cancer. When angiogenesis is impeded by antiangiogenic therapies such 

as the anti-VEGF antibody, Bevacizumab, tumours become increasingly hypoxic, further 

upregulating HIF. I therefore evaluated NEAT1 expression in xenograft models of three breast 

cancer cell lines MCF-7, MDA-MB-231 and MDA-MB-468 that were rendered more hypoxic by 

treatment with the VEGF inhibitor Bevacizumab (Favaro et al., 2012, Blouw et al., 2003, 

McIntyre et al., 2012). Xenograft tumours were obtained from Prof. Adrian Harris lab at WIMM.  

Total RNA was isolated from tumours treated with Bevacizumab and from a control group 

treated with PBS (n=5 for each breast cancer cell line). Expression of the HIF-responsive gene 

CA9 was measured by qPCR as a control to show that bevacizumab treatment induced hypoxia 

in vivo. CA9 expression was significantly upregulated in Bevacizumab treated tumours when 

compared to control tumours in all three models (Figures 5.5A), indicating that Bevacizumab 

treatment induces sufficient hypoxia to activate HIF transcriptional pathways. I then measured 

the expression of NEAT1 in these tumour samples, again by qPCR analysis. This revealed a 

significant increase in NEAT1 expression when treated with Bevacizumab in all three xenograft 

models. NEAT1 showed median induction of 2.7-fold in MCF-7 xenografts, 3.6-fold in MDA-MB-

231 xenografts and 2.3-fold in MDA-MB-468 xenografts with Bevacizumab treatment (Figures 

5.5B).  These findings indicate that the levels of hypoxia encountered within solid tumours in 

vivo are sufficient to induce NEAT1 expression. 
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Figure 5.5 CA9 and NEAT1 expression are induced by hypoxia in solid tumour 
models. A) CA9 B) NEAT1 expression in MCF-7, MDA-MB-231 and MDA-MB-468 xenografts 
models treated with the VEGF inhibitor (Bevacizumab) to induce hypoxia or with PBS control 
alone. Both CA9 and NEAT1 expression were significantly upregulated with Bevacizumab 
treatment in all three models.  
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5.3.7 Hypoxia induces the formation of paraspeckles 

Since NEAT1 is essential for paraspeckle formation (Sasaki et al., 2009, Chen and Carmichael, 

2009, Clemson et al., 2009), I next investigated whether hypoxic stress can induce the formation 

of paraspeckles. First, I measured the expression levels of the main protein components of the 

paraspeckle complex, PSPC1 and NONO, in hypoxia (1 % O2, 24 Hours) and normoxia by 

Western blot.  There was no significant change in total PSPC1 and NONO protein expression in 

response to hypoxia (Figure 5.6), while SFPQ antibodies didn’t work in immunoblots despite 

using several commercial available antibodies.  

Since the hypoxic induction of NEAT1 might induce aggregation of pre-formed paraspeckle 

proteins, rather than their de novo synthesis, I next determined whether hypoxia altered the 

distribution of paraspeckle proteins within the cell by immunostaining for the paraspeckle 

components, PSPC1, NONO and SFPQ. MCF-7 cells were subjected to hypoxia (1 % O2, 24 Hours) 

and normoxia as before. Importantly, all three component proteins were diffusely distributed in 

normoxic conditions with clear aggregation into paraspeckle foci in hypoxia (Figure 5.7), 

indicating that hypoxia doesn’t alter expression, but rather the distribution of paraspeckle 

proteins. Similar findings were observed in ZR-75-1 cells (Figure 5.8). 

 

 

 

 

 

 

 

Figure 5.6 Protein expression of PSPC1 and NONO in hypoxic MCF-7 cells.  Total 

expression of PSPC1 and NONO protein was unchanged in normoxic (N) and hypoxic (H) 

conditions in MCF-7 cells. 
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Figure 5.7 Hypoxia induces the formation of paraspeckle aggregates in MCF-7 

cells. Immunostaining for PSPC1, NONO and SFPQ proteins showed diffuse expression in 

normoxic condition, but in hypoxia there was a clear increase in the number of paraspeckle foci 

(Scale 5um). 
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Figure 5.8 Hypoxia induces the formation of paraspeckle aggregates in ZR-75-1 

cells. Immunostaining for PSPC1, NONO and SFPQ proteins in ZR-75-1 cells in normoxia and 

hypoxia. Proteins were diffused in normoxic condition, but in hypoxia there was a clear increase 

in the number of paraspeckle foci (Scale 5um). 
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5.3.8 NEAT1 is essential for paraspeckle formation in hypoxia 

Since NEAT1 is reported to be important for formation of paraspeckle, I hypothesised that the 

formation of paraspeckles in hypoxia is due to induction of NEAT1 in hypoxic conditions.  To 

test this hypothesis, I used antisense oligonucleotides (ASO) to knockdown NEAT1 transcript. 

As a consequence of their intracellular localisation, nuclear transcripts have proven relatively 

resistant to knockdown by siRNA and shRNA technologies. However, antisense oligonucleotides, 

utilising the RNA H activity of cell, have previously been used to knockdown nuclear transcripts 

with high specificity and minimum off target affects (Ideue et al., 2009, Phillips and Zhang, 

2000).  Indeed, several studies have successfully used ASO to knockdown NEAT1 expression in 

different models (Nishimoto et al., 2013, Zhang et al., 2013a). In the current study, I used two 

different ASO sequences (ASO1 and ASO2) both targeting the NEAT1 transcript. These two ASOs 

have previously been shown to induce good knockdown of NEAT1 (Sasaki et al., 2009, 

Nishimoto et al., 2013).  To validate the degree of knockdown, MCF-7 and ZR-75-1 cells were 

treated with ASO1, ASO2 or scrambled control ASO and cells were then exposed to hypoxia or 

normoxia.  qPCR analysis showed >85 % knockdown of NEAT1 expression in hypoxia in both 

cell lines following treatment with either ASO1 or ASO2 (Figure 5.9).  

After NEAT1 suppression using ASO1, MCF-7 cells were exposed to hypoxia for 24 hours. Cells 

were then immunostained for PSPC1 and NONO. The number of paraspeckle foci was 

significantly decreased in hypoxic cells treated with NEAT1 ASO compared to hypoxic cells 

transfected with control scrambled ASO (Figure 5.10). Thus NEAT1 is necessary for the 

formation of paraspeckle aggregates in hypoxia. 
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Figure 5.9 NEAT1 knockdown using antisense oligonucleotides (ASO) in hypoxia. 

QPCR analysis demonstrates that NEAT1 expression is significantly suppressed (>85 %) using 

two different ASOs in MCF-7 and ZR-75-1 cells grown in hypoxic conditions (1 % O2  for 24 

hours)  compared to control scramble ASO. Each experiment was performed with three 

biological replicates (***p≤0.0005, Student’s t-test, n=3). 
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Figure 5.10 Hypoxia induces the formation of paraspeckle foci via NEAT1. 

Immunostaining for PSPC1 and NONO proteins in MCF-7 cells transfected with scramble control 

ASO and NEAT1 ASO1 in hypoxia. NEAT1 knockdown in hypoxia significantly decrease numbers 

of paraspeckle  foci (Scale 5um). 
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5.3.9 HIF is required for the formation of paraspeckle aggregates in hypoxia 

Since the hypoxic formation of paraspeckle aggregates requires NEAT1 and NEAT1 is induced in 

hypoxia by HIF-2α, I hypothesised that the hypoxic formation of paraspeckles foci would also 

require HIF-2α. I therefore treated MCF-7 cells with HIF-1α or HIF-2α siRNAs and exposed the 

cells to hypoxia as before. Hypoxic cells treated with scrambled control siRNA showed a clear 

increase in paraspeckle foci.  Cells treated with HIF-1α siRNA showed a mild reduction in the 

number of paraspeckle foci in hypoxia (Figure 5.11). However, cells treated with HIF-2α siRNA 

exhibited almost complete absence of paraspeckle formation in hypoxia (Figure 5.11). Taken 

together, these results indicate that the increased formation of paraspeckles in hypoxia is 

dependent upon HIF-2α mediated induction of NEAT1. 
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Figure 5.11 HIF-2α is required for the formation of paraspeckles in hypoxia. 

Immunostaining for PSPC1 and NONO proteins in MCF-7 cells transfected with scrambled 

siRNA, HIF-1α siRNA and HIF-2α siRNA in hypoxia. Numbers of paraspeckle foci were reduced 

with HIF-2α knockdown in hypoxia (Scale 5um).  
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5.3.10 NEAT1 knockdown in hypoxic MCF-7 and ZR-75-1 cells reduces cell 

proliferation and cell survival 

Activation of hypoxia pathways and HIF in particular is associated with an aggressive tumour 

phenotype and poor clinical outcome in many types of cancer, including breast cancer. Whilst 

HIF-dependent activation of many coding genes is thought to contribute to these properties, the 

extent to which HIF-dependent activation of long non-coding transcripts contributes to the 

aggressive tumour phenotype remains unknown. I therefore examined the contribution of 

hypoxic NEAT1 expression to the behaviour of breast cancer both in vitro and in vivo. 

To analyse the consequences of NEAT1 depletion in hypoxia, I used antisense oligonucleotides 

(ASO) as previously described in 5.2.8 to knockdown NEAT1 transcript. I then assessed the 

effect of NEAT1 knockdown on cell proliferation by measuring the cellular DNA content via 

fluorescent dye binding (CyQUANT® NF). Following transfection with NEAT1 ASO1 or 

scrambled control ASO, cells were incubated in hypoxia (1 % O2  for 24 hours)  and normoxia. 

Cellular proliferation was significantly reduced following NEAT1 knockdown in both MCF-7 and 

ZR-75-1 cells. Inhibition of cellular proliferation was observed in both hypoxia and normoxia. 

However, the suppression of cellular proliferation by NEAT1 ASO was more profound in 

hypoxia (>50 % reduction, p<0.0001) when NEAT1 levels would normally be higher (Figure 

5.12A). I then examined whether NEAT1 knockdown would have an effect on cell survival using 

a clonogenic assay (Figure 5.12B). NEAT1 suppression using ASO1 led to a significant decrease 

in clonogenic survival of both MCF-7 and ZR-571 cells in hypoxia when compared to a 

scrambled control ASO, while NEAT1 depletion caused similar or milder effects in normoxic 

cells (Figure 5.12C-D). The assay was repeated using the alternative ASO (ASO2) and showed 

similar effects in MCF-7 cells in both conditions, confirming that effects on cell survival were 

due to specific NEAT1 suppression rather than “off target” effects (Figure 5.12B-D).  Taken 

together, these findings indicate that NEAT1 promotes both cellular proliferation and 

clonogenic survival of cancer cells and that this phenotype is induced in hypoxia. 
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Figure 5.12 NEAT1 knockdown affects cell proliferation and cell survival. A) Cell 

proliferation rates relative to scrambled control ASO after NEAT1 knockdown in normoxic and 

hypoxic MCF-7 and ZR-75-1 cells (1 % O2  for 24 hours). B) The influence of NEAT1 knockdown 

on formation of MCF-7 cells colonies in hypoxia 1 % O2 for 24 hours and normoxia. Two 

different ASOs were used for knockdown and showed similar effects on cell survival. Calculation 

of colony survival relative to scrambled control ASO following NEAT1 suppression in C) MCF-7 

cells D) ZR-75-1 cells in normoxia and hypoxia 1 % O2 for 24 hours. Each experiment was 

performed with three biological replicates (*P<0.05, **p≤0.009, ***p≤0.0009, Student’s t-test, 

n=3). 
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5.3.11 NEAT1 knockdown in hypoxic MCF-7 and ZR-571 cells increases apoptosis  

Since NEAT1 depletion inhibits cellular proliferation and survival, I next determined whether 

NEAT1 suppression affects apoptosis by measuring caspase-3 & 7 activity, a key effector of 

apoptosis in mammalian cells. As previously, NEAT1 knockdown was achieved using ASO and 

ZR-75-1 cells were subjected to hypoxia (1 % O2) or normoxia. NEAT1 knockdown resulted in 

the induction of caspase-3/7 activity by 1.61-fold in normoxia and 2.1-fold in hypoxia when 

compared to scrambled control ASO (Figure 5.13A). The caspease-3/7 activity was not 

measurable in MCF-7 cells (data not shown), since MCF-7 do not express caspase-3 

(hiroseJanicke et al., 1998, Janicke, 2009).  In addition, I also confirmed apoptotic activity by 

counting annexin V-positive cells using  fluorescence-activated cell sorting  (FACS) following 

NEAT1 suppression by ASO. Depletion of NEAT1 increased the number of annexin-V positive 

cells from 6.5 to 18.47 % (P <0.03) in hypoxic MCF-7 cells (Figure 5.13B) Suppression of 

NEAT1 in normoxia did not show increase annexin-V positive cells, suggesting that NEAT1 

induction in hypoxia is critical for cell survival. Taken together, these data indicate that NEAT1 

suppression increases apoptosis significantly in hypoxic cells and to a lesser extent in normoxic 

cells (in ZR-75-1 cells), suggesting that NEAT1 has anti-apoptotic properties in hypoxia.  

Figure 5.13 NEAT1 knockdown induces apoptosis. A) Induction of caspase3/7 activity 

after NEAT1 knockdown in normoxia and hypoxia (1 % O2 for 24 hours) of ZR-75-1 cells. B) 

FACS analysis for annexin-V stain cells with and without NEAT1 knockdown in hypoxia   (1 % O2 

for 24 hours) and nromoxia in MCF-7 cells (n=3, *p=0.03, **p=0.003, ***p<0.0001, Student’s t-

test). 
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5.3.12 Genetic alteration of NEAT1 and paraspeckle components in cancers 

Genetic alteration of NEAT1 and paraspeckle components (PSPC1, NONO and SFPQ) has not 

been described before in cancer. I therefore examined the frequency of somatic variation of 

NEAT1, PSPC1, NONO and SFPQ in different tumour samples. Analysis of data from The Cancer 

Genome Atlas (TCGA - http://www.cbioportal.org/public-portal/), and other cancer sequencing 

projects demonstrates NEAT1 copy number gains in a number of cancer types, although with 

low frequency (Figure 5.14A).  On the other hand, PSPC1, NONO and SFPQ showed a large 

number of somatic alterations, including mutations, amplifications and a few deletions in a 

variety of cancer types, including bladder, prostate and ovarian serous cancers (Figure 5.14B-

D). These data suggest that NEAT1 and paraspeckle components harbour genetic changes in 

different cancer types. Mutation in cancer genes causes activation or inhibition of pathways that 

are likely to interfere with gene function. NEAT1 and paraspeckle components are commonly 

found amplified and mutated in cancers, indicating the potential role for this pathway in cancer.   
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Figure 5.14 Somatic alterations of NEAT1 in  different cancers. A) Percentage of each 

listed tumour type harbouring amplification (red), somatic mutation (green), deletion (blue) 

and multiple alterations (grey) in NEAT1. Plots were generated from the cBioPortal for Cancer 

Genomic (http://www.cbioportal.org/public-portal/).  
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Figure 5.14 Somatic alterations of PSPC1 in different cancers. B) Percentage of each 

listed tumour type harbouring amplification (red), somatic mutation (green), deletion (blue) 

and multiple alterations (grey) in PSPC1. Plots were generated from the cBioPortal for Cancer 

Genomic (http://www.cbioportal.org/public-portal/).  
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Figure 5.14 Somatic alterations of NONO in different cancers. C) Percentage of each 

listed tumour type harbouring amplification (red), somatic mutation (green), deletion (blue) 

and multiple alterations (grey) in NONO. Plots were generated from the cBioPortal for Cancer 

Genomic (http://www.cbioportal.org/public-portal/).  
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Figure 5.14 Somatic alterations of SFPQ in different cancers. D) Percentage of each 

listed tumour type harbouring amplification (red), somatic mutation (green), deletion (blue) 

and multiple alterations (grey) in SFPQ. Plots were generated from the cBioPortal for Cancer 

Genomic (http://www.cbioportal.org/public-portal/).  
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5.3.13 High NEAT1 tumour expression is associated with poor survival in a cohort 

of 2000 breast cancer patients 

The expression levels of a number of lncRNAs are associated with clinical outcome and 

pathological features in a variety of cancers (Du et al., 2013, Song et al., 2013). To evaluate the 

clinical relevance of NEAT1 in breast cancer, I utilized published expression data derived from a 

large (n=2000) cohort of breast cancers for which clinical outcome data were also available 

(Curtis et al., 2012).  The median expression of tumour NEAT1 was calculated across the cohort.  

Patients were then divided into two categories; patients with high tumour NEAT1 expression 

(>median expression), and patients with low tumour NEAT1 expression (<median expression). 

Kaplan-Meier analysis of overall mortality revealed that patients with high tumour NEAT1 

expression have a significantly poorer clinical outcome when compared to patients with low 

tumour NEAT1 expression (P=0.005, Hazard Ratio “HR” 1.22, 95 % CI= 1.06-1.41) (Figure 

5.15A). Multivariate analyses of NEAT1 expression, adjusted for clinicopathological features 

known to correlate with outcome (age, tumour size, grade, stage and node status), showed that 

NEAT1 remains significantly associated with poor outcome after adjustment for age (p= 0.013), 

tumour size (p= 0.008), grade (p= 0.017) and node status (p= 0.007) (Table 5.1). This indicates 

that tumour NEAT1 expression is an independent prognostic marker in breast cancer patients 

at least with respect to these clinical variables.  
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Table 5.1 High tumour NEAT1 expression is associated with poor patient survival 

in breast cancer independently of clinicopathological features: 

 

Variable P value 
Hazard Ratio 

(HR) 95 % Cl 

 
Lower Upper 

Age 0.013 1.2 1.04 1.38 

Size 0.008 1.21 1.058 1.4 

Grade 0.017 1.19 1.38 1.38 

Node Status 0.007 1.21 1.05 1.4 

Stage 0.186 1.12 0.95 1.32 
 

 

 I then examined whether high tumour NEAT1 expression is associated with clinical outcome in 

different subtypes of breast cancer. The cohort of 2000 breast cancers were sub-classified 

according to estrogen receptor (ER) status, human epidermal growth factor receptor 2 (HER2) 

status and progesterone receptor (PR) status. I found that high tumour NEAT1 expression was 

associated with an adverse outcome in ER+ tumours (p=0.026) and in HER2- tumours 

(p=0.006). Patients with HER2-/ER+ tumours did not show a significant (P=0.068) association 

between tumour NEAT1 expression and overall survival. However, when interpreting these 

results it should be noted that the number of patients with HER2-/ER+ tumours was 

considerably fewer (n=121) than those who had ER+ or HER2- tumours (Table 5.2,  Figure 

5.16).   

Next I performed qPCR analysis of an independent cohort of 150 breast cancers and found that 

high tumour NEAT1 expression correlates with tumour size (P=0.03, Rho= 0.17). Despite this 

correlation, high tumour NEAT1 levels had predicted patient survival independently of tumour 

size in the previous analysis of 2000 patients with breast cancer. This suggests that tumour 

NEAT1 levels have a strong influence on patient prognosis. 
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 In addition, I correlated tumour NEAT1 expression levels with a previously described hypoxia 

gene expression signature (Buffa et al., 2010). This signature was derived from selecting genes 

that were consistently co-expressed with hypoxia-regulated genes (Seeds) in multiple cancers 

including head and neck, breast and lung cancers. The signature is highly enriched for hypoxia-

regulated pathways and reflects tumour response to hypoxia in vivo (Buffa et al., 2010). 

Applying this signature to the cohort of 150 breast cancers, I found that tumour NEAT1 

expression is positively correlated with the signature of hypoxia upregulated genes (p=0.01 Rho 

correlation 0.2) and negatively correlated with the hypoxia downregulated signature (p=0.0004, 

Rho correlation -0.28) in 150 cases. However, due limited number of samples, the difference in 

overall survival was not significant. 

 

5.2.14 Paraspeckle component gene expression in breast cancer cohort 

Although the expression of paraspeckle components did not change in hypoxia, the presence of 

high levels of paraspeckle component mRNAs may indicate activation and increase formation of  

paraspeckle in cancer and its progression.  I next examined for associations between the tumour 

expression levels (mRNA) of the main paraspeckle components and overall survival in the 

cohort of 2000 breast cancer patients. High tumour expression of NONO mRNA (P<0.00001, 

HR=1.31, 95 % CI 1.14 - 1.51) and SFPQ mRNA (P=0.002, HR=1.25, 95 % CI 1.09-1.44) were 

significantly associated with adverse prognosis in breast cancer patients (Figure 5.15C-D). 

Analysis of NONO and SFPQ expression in different breast cancer sub-types (classified 

according to receptor status as before) revealed significant associations between mRNA levels 

and overall patient survival in the same subgroups as NEAT1. Specifically, both genes were 

significantly associated with outcome in patients with ER+ tumours (NONO, p=0.0009 & SFPQ, 

p=0.002) and HER2- tumours (NONO, p=0.005  & SFPQ, p= 0.001) (Table 5.2, Figures 5.17 & 

Figure 5.18). On the other hand, PSPC1 mRNA levels showed no association with overall 

survival in the total cohort of 2000 breast cancer patients (Figure 5.15B), or when patients 
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were subdivided according to the receptor subtype of the tumour (Table 5.2,  Figures 5.19). 

Taken together, these analyses indicate that high tumour expression of NEAT1 and the 

paraspeckle components, NONO and SFPQ, are associated with adverse clinical outcomes 

independently of other clinicopathological features of breast cancer. Thus, they may act as a 

potential prognostic biomarkers for breast cancer.    
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Figure 5.15 Tumour NEAT1 and paraspeckle component expression levels are 

associated with adverse clinical outcome in breast cancer. Kaplan-Meier curves 

showing significant association between tumour expression level of A) NEAT1, B) PSPC1 

C)NONO and  D) SFPQ  expression and poor overall survival in a cohort of 2000 breast cancer 

patients.   
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Table 5.2 The association between tumour NEAT1 and paraspeckle component 

expression is restricted to specific receptor sub-types of breast cancer: 

Type P value 
Hazard Ratio 

(HR) 95 % Cl Number of samples 
NEAT1 Lower Upper 

 ER+ 0.02 1.21 1.02 1.42 1508 
ER- 0.44 1.12 0.85 1.47 437 
HER2+ 0.62 0.92 0.65 1.30 247 
HER2- 0.006 1.24 1.06 1.45 1741 
HER2+ ER+ 0.74 0.92 0.56 1.51 118 
HER2+ ER- 1.00 1.00 0.61 1.64 122 
Triple - 0.40 1.16 0.82 1.66 276 
    

PSPC1 
   ER+ 0.79 0.98 0.83 1.15 1508 

ER- 0.85 0.97 0.74 1.28 437 
HER2+ 0.83 0.96 0.68 1.37 247 
HER2- 0.88 0.99 0.85 1.15 1741 
HER2+ ER+ 0.34 0.78 0.47 1.29 118 
HER2+ ER- 0.45 1.21 0.74 1.98 122 
Triple - 0.97 0.99 0.70 1.41 276 
    

NONO 
   ER+ 0.0009 1.32 1.12 1.56 1508 

ER- 0.32 1.15 0.87 1.52 437 
HER2+ 0.51 1.12 0.79 1.59 247 
HER2- 0.005 1.24 1.07 1.45 1741 
HER2+ ER+ 0.14 1.46 0.89 2.42 118 
HER2+ ER- 0.33 0.78 0.47 1.28 122 
Triple - 0.06 1.41 0.99 2.01 276 
    

SFPQ 
   ER+ 0.002 1.30 1.10 1.53 1508 

ER- 0.32 1.15 0.87 1.52 437 
HER2+ 0.57 1.11 0.78 1.57 247 
HER2- 0.001 1.29 1.10 1.50 1741 
HER2+ ER+ 0.49 1.19 0.72 1.96 118 
HER2+ ER- 0.77 0.93 0.57 1.53 122 
Triple - 0.20 1.26 0.88 1.79 276 
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Figure 5.16 Clinical association of NEAT1 in different type of breast cancer. Kaplan-

Meier curves for NEAT1 showed significant association of high NEAT1 expression with ER+ and 

HER- types of breast cancer.  
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Figure 5.17 Clinical association of NONO in different type of breast cancer. Kaplan-

Meier curves for NONO and SFPQ showed significant association of high  NONO expression in 

ER+ and HER- types of breast cancer. 
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Figure 5.18 Clinical association of SFPQ in different type of breast cancer. Kaplan-

Meier curves for NONO and SFPQ showed significant association of high SFPQ expression in ER+ 

and HER- types of breast cancer. 
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Figure 5.19  Kaplan-Meier analysis for PSPC1 in different type of breast cancer. 

There was no clinical association between PSPC1 expression and overall outcome and different 

type of breast cancer. 
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5.4 Discussion 

Chapter five of this thesis identified lncRNAs as frequent transcriptional targets of hypoxic 

transcriptional pathways mediated by HIF. Amongst these apparent direct transcriptional 

targets of HIF, NEAT1 was the most hypoxically upregulated lncRNA. Analysis of ChIP-seq and 

RNA-seq signals across the datasets at this locus revealed the “typical” features observed at 

other direct transcriptional targets of HIF (Figure 5.1A). Specifically, RNA Poll is already pre-

bound at TSS in normoxia and is released in hypoxia with increased RNApol2 ChIP-seq signal 

throughout the NEAT1 gene body. Concurrently, the H3K4me3 ChIP-seq signal broadens in 

hypoxia. Both these changes are consistent with increased transcriptional activity at the NEAT1 

locus in hypoxia. 

Moreover, hypoxia increases NEAT1 RNA expression not only in MCF-7 cells, but also in a range 

of breast cancer cell lines derived from tumours with differing receptor status. The two 

exceptions that do not show hypoxic induction of NEAT1 are BT-474 cells, which showed slight 

downregulation (not significant) of NEAT1 RNA and BT-549 cells, which show no change in 

expression. MCF-7 and ZR-75-1 are both ER+ positive cells and these cell lines had the highest 

induction of NEAT1 (3.7- and 3.1-fold respectively) amongst the screened cell lines and were 

therefore used for subsequent analyses (Figure 5.1B). Both cell lines also showed significant 

NEAT1 induction with DMOG treatment, suggesting that NEAT1 expression is 2-oxoglutarate-

dependent as well as oxygen-dependent. Finally, consistent with its classification as a non-

coding RNA, hypoxia-induced NEAT1 remained localised in the cell nucleus in hypoxia. 

HIF is a major regulator of transcription in hypoxia (Ratcliffe et al., 1998, Semenza, 1998, 

Ratcliffe, 2013) and the regulation of protein coding RNAs and microRNAs by HIF is well 

described. However, the role of HIF as a widespread regulator of lncRNAs is a newly described 

feature of the current work.  In this pan-genomic analysis, NEAT1 was the most hypoxia-

upregulated lncRNA that had a HIF-binding site close to the promoter. Furthermore, 
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suppression of HIF-2α, but not HIF-1α, by siRNA demonstrated that the hypoxic induction of 

NEAT1 was dependent upon HIF-2α alone when analysed by RNA-seq, by qPCR and by RNA 

FISH. Taken together this provides strong evidence that NEAT1 is directly and specifically 

transcriptionally activated by HIF-2. This is despite binding of both HIF-1 and HIF-2 isoforms to 

the NEAT1 promoter region and indicates the operation of post-binding mechanisms of 

transcriptional selectivity, similar to those seen at protein-coding genes such as cyclin D1 

(CCND1), transforming growth factor alpha (TGFβ), vascular endothelial growth factor (VEGF), 

BNIP3 and carbonic anhydrase 9 (CA9)(Raval et al., 2005). 

Antiangiogenic therapies induce tumour hypoxia (Ebos et al., 2009, Rapisarda and Melillo, 

2009). Several studies have used xenografts treated with the antiangiogenic drug 

(Bevacizumab) as models to study hypoxic microenvironments in vivo (Favaro et al., 2012, 

Blouw et al., 2003, McIntyre et al., 2012). In this chapter, MCF-7, MDA-MB-231 and MDA-MB-

468 xenografts were treated with Bevacizumab to evaluate NEAT1 expression in vivo. NEAT1 

expression was upregulated in the Bevacizumab treated group, indicating that NEAT1 is 

increased by the hypoxic microenvironment in vivo as well as in vitro. 

NEAT1 has a scaffolding function essential to the formation of paraspeckles (Sasaki et al., 2009, 

Chen and Carmichael, 2009, Clemson et al., 2009). These paraspeckle bodies contain several 

RNA binding proteins, including PSPC1 and NONO, which may act as RNA depots retaining RNA 

transcripts in the nucleus (Nakagawa and Hirose, 2012). NEAT1 expressed in hypoxia shows a 

punctate nuclear distribution. Furthermore, whilst the total expression of PSPC1 and NONO 

proteins were not altered in hypoxia, immunostaining for these proteins and for SPQF showed a 

diffuse pattern of expression in normoxia with clear aggregation of protein into a punctate 

distribution in hypoxia. Furthermore, this hypoxic aggregation of paraspeckle-associated 

proteins into a punctate distribution not only required NEAT1, but was also dependent on HIF-

2α. Taken together these findings indicate that in hypoxia, HIF-2α dependent transcriptional 



206 
 

activation of NEAT1 leads to aggregation of nuclear paraspeckles in a manner similar to that 

described for other stress conditions (Nakagawa and Hirose, 2012, Zhang et al., 2013a). 

The role of NEAT1 in cancer and oncogenesis has not been previously studied. I therefore 

evaluated the impact of NEAT1 knockdown on the behaviour of MCF-7 and ZR-75-1 cells in 

various models of tumourigenicity, in hypoxia and normoxia. Both cellular proliferation and 

colony survival were reduced following NEAT1 suppression. Effects were seen in both normoxia 

and hypoxia, but were more profound in hypoxia in which NEAT1 levels would normally be 

higher. Moreover, apoptosis was increased upon NEAT1 knockdown in hypoxia measured by 

capases 3 & 7 activity and annexin V positivity in ZR-75-1 and MCF-7 cells, respectively. These 

findings suggest that NEAT1 may have an oncogenic role in hypoxic tumours.  

Cancers arise as a result of somatic changes at gene loci that lead to disordered growth of 

tumour cells. Recently, a number of large genome-wide studies have provided powerful tools to 

understand the genetic makeup of many cancers and in the discovery of novel cancer-related 

genes. I utilized genomic data from the TCGA and other sequencing projects deposited at 

cbioportal to investigate somatic alterations in NEAT1, PSPC1, NONO and SFQP in different 

cancers. Copy number gains at the NEAT1 locus were reported, albeit at low frequency, in a 

number of cancer types including head & neck cancers, ovarian cancer and melanoma. In 

addition, PSPC1, NONO and SFPQ showed a spectrum of genetic alteration including mutations, 

amplifications and a few reported deletions in a range of cancer types. These data may 

underestimate somatic changes in NEAT1 locus such as mutation, since to date most large 

genomic mutational analyses have focussed on protein-coding RNAs. Overall, these findings 

indicate that NEAT1 and paraspeckle components are the subject of somatic genetic changes in 

assorted types of cancer. Further research will be needed to evaluate the impact of these 

changes on NEAT1 and paraspeckle function.  

Although expression levels of some paraspeckle proteins are associated with cancer (Clark et al., 

1997, Schiffner et al., 2011, Duhoux et al., 2011, Jiang et al., 2013), the clinical relevance of 
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NEAT1, PSPC1, NONO and SFPQ in breast cancer has not been evaluated previously. Using 

expression data derived from a cohort of 2000 patients with breast cancer (Curtis et al., 2012), I 

found that high levels of NEAT1, NONO and SFPQ were significantly associated with poor 

prognosis. In particular, tumour NEAT1 expression was significantly associated with overall 

mortality, in a manner independent of other clinicopathological features associated with 

adverse prognosis in breast cancer.      

This is the first report to investigate the role of NEAT1 lncRNA in the hypoxia responsive 

signalling pathway and in the tumourigensis of breast cancer. Overall, these data suggest that 

NEAT1 is likely to have an important function in the hypoxic microenvironment of breast cancer 

and may have clinical value. Paraspeckles are reported to be involved in regulating gene 

expression through nuclear retention of A-to-I-edited mRNAs (Chen and Carmichael, 2009, 

Zhang et al., 2013a, Hirose et al., 2014), although their functions remain incompletely defined. 

Their role in control of RNA editing and its retention in hypoxia will be a key question for 

further research.  
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Chapter 6: Discussion 
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6. Discussion 

In humans, aberrant oxygen homeostasis is associated with many common pathological 

conditions, while reduced oxygen tension (hypoxic microenvironment) is a hallmark of most 

solid tumours. An hypoxic microenvironment contributes to the failure of many anti-cancer 

therapies in clinical oncology including radiotherapy, chemotherapies and many metabolic and 

epigenetic therapies (Wilson and Hay, 2011). Failure or resistance to these therapies in a 

hypoxic microenvironment is due to many mechanisms, including reduced drug concentrations 

as a consequence of poor blood flow,  cellular acidification, resistance to apoptosis, suppression 

of DNA repair, lack of oxidation of DNA free radicals, cell cycle arrest and genomic instability 

(Minchinton and Tannock, 2006). In hypoxia, cancer cells shift their energy production from 

oxidative phosphorylation (tricarboxylic acid (TCA) cycle) to glycolysis, a phenomenon termed 

the 'Warburg effect' (Vander Heiden et al., 2009, Gatenby and Gillies, 2004, Schulze and Harris, 

2012).  

Hypoxia triggers cancer cells to alter the expression of hundreds of genes (including 

carbohydrate and lipid metabolism genes) that allow them to survive the hypoxic stress and 

promote a malignant and metastatic phenotype. It is therefore associated with poor clinical 

outcome. In consequence, hypoxic tumour cells represent an important target for new 

therapeutic interventions, so examining changes in gene expression in hypoxia will provide a 

better understanding of transcriptional gene regulation in hypoxia responses.  

Although previous studies of metabolism, proteins and mRNA transcription in hypoxia have 

provided considerable insight into the molecular physiology of cancer cells, our understanding 

of the global transcriptional response to hypoxia is still evolving. This is due to rapid 

advancement of next-generation sequencing technologies and better understanding of new 

regulatory RNAs and functional elements in the genome.  The central dogma of molecular 

biology as originally proposed stated that encoded genetic information flows in a unidirectional 
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manner from DNA to RNA to protein, and that proteins are ultimately responsible for the 

cellular phenotype (Crick, 1970). However, this dogma is being challenged by the discovery of 

non-coding RNAs which constitute as much as 90 % of the transcribed genome (Consortium et 

al., 2012, Djebali et al., 2012). These non-coding RNAs include the well-characterised rRNAs and 

tRNAs, as well as miRNAs, which have been studied and documented as useful biomarkers with 

potential therapeutic targets in many cancers. lncRNAs, piwiRNAs and sn/snoRNAs are less 

characterised classes of non-coding RNAs with emerging and unexpected roles in cancer 

initiation, progression and metastasis. 

Although many studies have characterised the protein coding genes and miRNAs regulated by 

hypoxia (Camps et al., 2014, Schodel et al., 2013), the molecular mechanisms orchestrating 

these complex phenomena still remain unclear. For example, many regulated genes (especially 

downregulated genes) do not have a HIF-binding site in their vicinity, suggesting indirect 

mechanisms of regulation by HIF. This could partially be explained by changes of other non-

coding RNAs, such as lncRNAs and other epigenetic factors such as histone modifications. This 

drives the hypothesis that non-coding RNAs and epigenetic factors can play an important role in 

adaption to hypoxic stress. These non-coding RNA responses can reshape our understanding of 

the classical hypoxia transcriptional landscape and ultimately may identify novel therapeutic 

targets. 

6.1 Complexity of the hypoxia transcriptome  

In the current work, I have comprehensively profiled the transcriptome of hypoxic cells using 

next generation RNA sequencing technologies to enhance the understanding of transcriptional 

regulation in response to hypoxic stress. Using MCF-7 cells, which are a well-characterised and 

established in vitro breast cancer model, coupled with a bespoke strand-specific total-RNA-seq 

method, analyses, I have identified distinct patterns of regulation of the different RNA classes in 

hypoxia. In addition to identifying a number of well-known hypoxia regulated genes that have 

been reported previously, this study has extended knowledge of hypoxic regulation of the 
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transcriptome to other RNA classes such as piwiRNA, tRNAs, snRNAs, non poly A RNAs, lncRNAs 

and previously non-annotated transcripts comprising both non-annotated intragenic transcripts 

and antisense transcripts (Figure 6.1). Since each class of RNA can affect transcriptional and 

post-transcriptional regulation through different mechanisms this suggests a complex hierarchy 

of gene regulation in response to hypoxic stress. 

 

 

 

 

 

 

 

 

 

Figure 6.1 Influence of hypoxia/HIF on the cell transcriptome. All the known classes 
of RNA are regulated by hypoxia. Green arrow indicates downregulation (↓) and red arrow 
indicates upregulation (↑).     
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Antisense transcripts 

There is increasing evidence to indicate that antisense transcripts can interact with the sense 

transcripts at the same locus to either suppress or induce expression of each other.  Indeed, it is 

estimated that as many as one-third of protein coding genes are regulated by an antisense 

transcript (Wahlestedt, 2013). This regulation may occur by one of two mechanisms. First, 

antisense transcripts can bind complementary sequences on the sense transcript to form an 

RNA hybrid that promotes its own degradation in a manner analogous to mechanisms of siRNA 

degradation. Second, antisense transcripts may promote epigenetic modulations that regulate 

transcription of the sense transcript (e.g. chromatin structure is altered through recruitment of 

DNA methyltransferases to the locus by the antisense transcript which promotes DNA 

methylation, or by recruiting histone-modifying enzymes)(Wahlestedt, 2013, Faghihi and 

Wahlestedt, 2009). By using strand-specific RNA-seq methods, the current study identified a 

large number of hypoxia regulated antisense transcripts leading to both co- and counter-

regulation and providing a new mechanism for modulating gene expression in hypoxia, which 

will require further locus-specific experimental and functional analysis to understand fully. 

Long non-coding RNAs 

In addition, there is growing evidence that lncRNAs also have functional regulatory roles. This 

class of RNA is dysregulated in cancer but was not previously known to be widely regulated by 

hypoxia. However, in the current work, large numbers of lncRNAs were upregulated in response 

to hypoxia and more specifically to HIF. It has been reported that the majority of lncRNAs act by 

physical interaction with epigenetic modifiers or other regulatory protein complexes to control 

expression at specific loci either in cis or in trans (Tsai et al., 2010). By doing so, lncRNAs can 

dynamically regulate large-scale transcriptional programs required for adaption and survival 

through environmental stress. In addition to regulating transcription, lncRNAs can control post-

transcriptional RNA processing, for example by regulating alternative splicing (Anko and 

Neugebauer, 2010).  



213 
 

One example of an lncRNA playing a role in regulating RNA splicing from the current project is 

MALAT1. This is a nuclear-retained lncRNA that has been directly linked to cancer metastasis 

(Han et al., 2013, Schmidt et al., 2011). In addition, MALAT1 is also reported to contribute to 

cancer metastasis through several mechanisms, for example, by controlling transcription of pro-

migratory genes (Tano et al., 2010) and epithelial-mesenchymal transition (EMT) mediating 

genes (Ying et al., 2012). I found that MALAT1 is induced when breast cancer cells are exposed 

to hypoxia and that this is dependent on HIF.  MALAT1 is present in nuclear speckles which are 

involved in phosphorylation of the pre-mRNA splicing factors thereby controlling their cellular 

localization and activity (Tripathi et al., 2010). Since MALAT1 is induced in hypoxia and 

regulates RNA splicing and tumour metastasis, which are hallmarks of cancer, this provides new 

insights into how lncRNAs may influence gene expression in hypoxia. 

The importance of specific lncRNAs in promoting cancer progression in hypoxia has been 

described very recently. lncRNA low expression in tumour (lncRNA-LET) physically interacts 

with NF90 and promotes its proteasomal degradation (Yang et al., 2013a). NF90 is an RNA-

binding protein that stabilizes HIF1-α transcripts. LncRNA-LET reduces NF90 levels 

destabilizing HIF1-α mRNA, thus acting to decrease tumour metastasis under hypoxic 

conditions (Vumbaca et al., 2008, Yang et al., 2013a). 

Another lncRNA, known as “Linc-RoR,” is an extracellular RNA that is released by malignant 

liver cancer cells (Takahashi et al., 2014).  Takahashi et al. demonstrated that extracellular 

levels of Linc-RoR, are induced by hypoxia and reported that Linc-RoR knockdown decreases 

expression of HIF-1α and PDK1 in hypoxia. In addition, they observed expression of miR-145 

(target of HIF-1α) was paradoxically increased upon Linc-RoR knockdown (Takahashi et al., 

2014).   They proposed that linc-RoR may act as a miRNA sponge to limit miRNA such as miR-

145 that subsequent regulate expression of key hypoxia response mRNAs  such as HIF-1α 

expression (Takahashi et al., 2014).  Although I was unable to comment on the hypoxic 
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regulation of Linc-RoR, as it is not expressed in MCF-7 cells, their findings suggest that lncRNAs 

may behave differently in different cancers in response to hypoxia. 

lincRNA-p21 has also been also reported as a hypoxia-responsive  and HIF-1α dependent 

lncRNA (Yang et al., 2014b). Yang et al. demonstrated that lincRNA-p21 is essential for 

modulating glycolysis in hypoxia.  They found that lincRNA-p21 binds both HIF-1α and VHL and 

that thus disrupts the VHL-HIF-1α interaction (Yang et al., 2014b). Disruption of HIF-VHL 

binding blocks VHL-mediated HIF-1α ubiquitination and causes HIF-1α accumulation. These 

authors proposed that there is a positive feedback loop between HIF-1α and lincRNA-p21 that 

increases glycolysis under hypoxia (Yang et al., 2014b). 

The studies discussed above are very recent examples of how lncRNAs can influence and 

modulate hypoxia responses (e.g. promote tumour metastasis, regulate expression of HIF-1α 

and promote the Warburg effect). My thesis has analysed lncRNA regulation by hypoxia at the 

genome- wide level and has determined that hypoxic regulation of lncRNAs by HIF is 

widespread, including the regulation of many lncRNAs with as yet undetermined function. To 

what extent and by what mechanisms each of these hypoxia-regulated lncRNAs contributes to 

hypoxic regulation of the transcriptome and the role that these play in cancer biology remains 

to be determined. 

snRNAs 

snRNAs are generally considered as “housekeeping” genes in different cell types and conditions, 

and have been used as control genes for normalising miRNA expression in cancer (Chang et al., 

2010). However, I found that the majority of snRNAs are altered and downregulated in hypoxia. 

This finding is consistent, with those of Gee et al. who found that snRNA expression is as 

variable as miRNA expression in tumours. In addition, they reported that SNORD48 and 

SNORD44 expression were significantly decreased in breast cancer tumours, and that their 

downregulation was associated with a better prognosis in both breast and non-small cell lung 
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cancer tumours (Gee et al., 2011). Similarly, Esteller and co-workers identified a number of 

snoRNAs which were “silenced” in a panel of cancer cell lines and tumour samples due to DNA 

methylation (Ferreira et al., 2012). Functionally, many studies have reported that snoRNAs are 

implicated in the control of splicing of many genes including genes driving metastasis and those 

regulating oxidative stress (Chu et al., 2012, Kishore et al., 2010). Since epigenetic silencing of 

tumour suppressor genes and aberrant splicing is a common feature of cancer, these may 

indicate that at least some snoRNAs may play an important function in tumourigenesis and 

hypoxia stress. 

 tRNAs 

tRNAs are essential molecules, which decode mRNA codons into amino acids during the 

synthesis of proteins. Significant downregulation of tRNAs in hypoxia is consistent with 

previous findings that hypoxia significantly reduces protein synthesis as a potential mechanism 

of reducing cellular energy consumption (Hochachka and Lutz, 2001). In severe hypoxia (O2 

<0.2), it is estimated that ATP demand for protein synthesis is reduced by about 7 % compared 

to normoxic cells (Hochachka et al., 1996). The extent to which this global reduction in protein 

synthesis is driven by changes in tRNA expression remains to be determined.  

PiwiRNAs 

The current study reports hypoxic regulation of the class of small RNAs, known piwiRNAs, for 

the first time.  PiwiRNAs are involved in epigenetic control and disruption of piwiRNAs can lead 

to uncontrolled transposition of mobile genetic elements and consequent genomic instability. 

Recent studies have shown that some piwiRNAs are deregulated in cancer cells (Mei et al., 

2013) and play a role in tumour metastasis (Mei et al., 2013). It is also reported that mobile 

genetic elements such retrotransposons are affected in hypoxia (Sehgal et al., 2007). This adds 

another layer of complexity to the regulation of the transcriptome by hypoxia, in which mobile 

genetic elements may be regulated by hypoxia to alter genomic stability. 
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miRNAs 

miRNAs are a class of small RNA that regulate gene expression at the post-transcriptional and 

translational levels. This is the best-characterised class of small RNAs. They are involved in a 

wide range of cellular processes in both normal and pathological conditions, such as cell death, 

development, metabolism, and tumorigenesis (Yates et al., 2013, Ventura and Jacks, 2009). They 

are also the best-studied class of non-coding RNAs in hypoxia and previous microarray analyses 

have identified a number of hypoxia-regulated miRNAs. Amongst these studies there is a 

surprising lack of consistently hypoxia-regulated miRNAs, with the exception of miR-210, which 

has been reported to be upregulated in all the studies to date (Huang et al., 2010, Shen et al., 

2013). These differences between studies could be due to technical variability, including the 

array platform used, the severity and duration of hypoxia used, or the cellular context. The 

current study identified hypoxia-regulated miRNAs that were both common to previous studies 

(e.g. miR-210) and were novel, including some with potential roles in cancer progression 

including miR-184, miR-1 and miR-100 (Liu et al., 2011, Tivnan et al., 2010, Koberle et al., 

2013).   

6.2 HIF, RNApol2, H3K4me3 and the hypoxia transcriptome 

The integration of ChIP-seq with RNA-seq is a powerful tool to investigate and examine gene 

expression and to correlate it with genomic features. Here, I have integrated my RNA-seq 

analyses with pre-existing datasets of HIF, RNA Pol2, H3K4me3 ChIP-seq and DNAse 

hypersensitivity. HIF is the major transcriptional activator of gene expression in hypoxia. Five 

hundred HIF-binding sites were annotated genome-wide using high-stringency criteria.  The 

distribution of HIF-binding sites with respect to the different RNA classes was strongly 

associated with the frequency of each class of transcript in the genome. However, superimposed 

upon this there was no enrichment of HIF-binding sites at piwiRNA, snRNA or tRNA gene loci, all 

classes of transcript that showed globally downregulation in hypoxia. Conversely, HIF-binding 

was observed in the vicinity of both mRNAs and lncRNAs, and specifically amongst the most 
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upregulated members of each class. These finding suggests that HIF acts as a transcriptional 

activator (but not repressor) of lncRNA as well as mRNA gene expression. 

Previous studies have reported that a large proportion of HIF binding sites are distant from the 

promoters of any annotated protein coding genes. However, these studies did not take in 

account different RNA classes. Since a number of HIF binding sites that were previously thought 

to be intergenic were actually close to the promoter of a non-coding transcript in the current 

study, the data were reanalysed in the light of my total RNA-seq. Despite the inclusion of non-

coding transcripts of all classes as well as previously non-annotated transcripts expressed in 

MCF-7 cells, a high proportion of HIF-1 and HIF-2 binding sites are still distant from any active 

promoter, confirming that HIF can act as a long-range enhancer.  

After mRNAs, lncRNAs are next largest class of HIF-binding gene loci. Interestingly, lncRNA gene 

loci demonstrated a bias towards binding HIF-2 over HIF-1 when compared to mRNA gene loci, 

suggesting that HIF-2 plays a greater role in the hypoxic regulation of lncRNAs.  The majority of 

HIF-binding lncRNAs were up regulated in hypoxia and were down regulated following 

suppression of HIF-α expression, providing strong evidence for widespread regulation of 

lncRNAs by HIF. 

Histones are a family of proteins that are responsible for organizing DNA structure in nucleus. 

These proteins are subject to a range of biochemical modifications on their N-terminal tails 

including methylation, acetylation, and ubiquitination. These modifications dynamically 

influence the role of these histones in determining chromatin structure and function and may be 

associated with either activation or repression of gene expression.  For example, trimethylation 

of histone 3 at lysine 4 (H3K4me3) is marker of active chromatin and is found close to the 

promoters of actively transcribed genes (Black et al., 2012). Furthermore, hypoxia may induce 

bulk changes in the manifestation of these modifications, either through transcriptional 

regulation of histone modifying enzymes or through regulation of their enzyme activity (Xia et 

al., 2009, Zhou et al., 2010, Wellmann et al., 2008). 
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Correlation of existing RNA Pol2, H3K4me3 and DNAse HSS datasets with my total RNA-seq has 

shown that hypoxia-upregulated, HIF-binding gene loci have RNApol2 prebound to accessible 

promoters that manifest H3K4me3 in normoxia. In hypoxia promoter DNA accessibility and 

RNApol2 binding does not change, but RNApol2 is released to run across the gene body. 

Concomitantly, histone H3 within the gene body is trimethylated on the K4 residue. These 

changes occur irrespective of whether the transcript is of the mRNA or lncRNA class. This 

release of prebound promoter-paused RNApol2 following HIF binding potentially facilitates a 

more rapid transcriptional response to hypoxia.  

6.3 The role of NEAT1, an HIF-2α dependent lncRNA, in hypoxia  

The integration of RNA-seq and ChIP-seq data has identified a role for HIF in the  transcriptional 

regulation of lncRNAs as well as mRNAs. To illustrate role of lncRNAs in hypoxia, NEAT1 lncRNA 

was selected for further analysis of its functional and regulatory role in response to hypoxic 

stress. NEAT1 is the most upregulated HIF-binding lncRNA in hypoxia, is highly abundant, is 

predominantly upregulated by HIF-2 and has not been studied before in hypoxia. Hypoxic 

upregulation of NEAT1 was observed across a wide range of breast cancer cell lines as well as 

several xenograft models treated with Bevacizumab, suggesting that induction of NEAT1 is a 

common response to hypoxia. The current study demonstrated, for the first time, that NEAT1 

knockdown reduces cell proliferation and survival and increases apoptosis of hypoxic cancer 

cells, indicating that NEAT1 has oncogenic properties in hypoxia. These findings are consistent 

with unreported work by Christopher Halford from Keele University, who has demonstrated 

that NEAT1 knockdown reduces cell viability and increases levels of apoptosis in a Burkitt’s 

lymphoma cell line (Preliminary results). Moreover, Hirose et al. treated Neat1−/− or Neat1+/+ 

fibroblasts with proteasome inhibitors (MG132 and bortezomib) and showed significantly 

increased levels of apoptosis in NEAT1−/− fibroblasts compared to Neat1+/+ cells (Hirose et al., 

2014), suggesting that NEAT1 attenuates the cell death pathway. 
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In addition, the current study also demonstrates that hypoxia induces the formation of nuclear 

paraspeckle bodies in hypoxia. NEAT1 is an important architectural component necessary for 

the formation of these bodies and paraspeckle formation in hypoxia was dependent on both 

NEAT1 and HIF-2. Previous studies have reported that paraspeckle bodies control the 

expression of adenosine-to-inosine (A-to-I) hyperedited RNAs by retaining them in the nucleus. 

Thus, the formation of paraspeckles in hypoxia, provides a potential new mechanism by which 

HIF-2 might control the nuclear/cytoplasmic localisation of A-to-I edited transcripts in hypoxia 

and potentially release them rapidly into the cytoplasm on re-oxygenation (Figure 6.1). 

 

 

 

 

 

Figure 6.2 A proposed model for NEAT1 function regulating expression of 
hyperedited genes following hypoxic stress. In normoxia, a fraction of NEAT1 is 
transcribed. Paraspeckle proteins are diffuse in normoxic condition and forms limited 
paraspeckle bodies.  Few edited RNAs are bound to these bodies while, the rest of edited RNAs 
are exported to the cytoplasm for translation. In hypoxia, HIF-2α is induced and binds promoter 
region of NEAT1 which significantly increase it expression and consequently increase formation 
of paraspeckle bodies. In addition upon hypoxia the editing of RNA is also increased. The 
majority of the hyperedited molecules binds paraspeckle bodies and is retained in the nucleus 
in large amounts. This model provides a new mechanism of gene regulation in hypoxia through 
HIF dependent lncRNA. 
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Editing of RNA molecules is among several biochemical modifications occurs following 

transcription. This “editing” can change the RNA sequence by modifying nucleoside from C-to-U 

as well as by A-to-I deamination (Brennicke et al., 1999).  These modifications can post-

transcriptionally alter RNA sequence and consequently changes the amino acid sequence of the 

protein that would be predicted from the DNA sequence, and could have profound effect on 

protein function (Chen et al., 2013). These substitutions can be studied globally using RNA-seq 

technologies to determine the effects of hypoxia and whether any other lncRNAs are involved in 

their regulation.  

Studies of individual transcripts have reported differential A-to-I RNA editing of several RNAs in 

hypoxia, including mediator complex subunit 13 (MED13), signal transducer and activator of 

transcription 3 (STAT3), and F11 receptor (F11R) (Nevo-Caspi et al., 2011, Ben-Zvi et al., 2013). 

Specifically, Ben-Zvi et al. reported that both the expression and A-to-I editing of the 3' UTR of 

F11R increased in hypoxia (Ben-Zvi et al., 2013). F11R is a cell adhesion molecule that plays an 

important role in cell migration and cell proliferation (Goetsch et al., 2013, Brennan et al., 

2013). They demonstrated that hyper-edited mature F11R RNA is retained in the nucleus and is 

associated with NONO (p54nrb) in hypoxic HeLa cells (Ben-Zvi et al., 2013). Since NONO 

(p54nrb) is one of the main components of paraspeckles, I hypothesised that NEAT1 may be 

involved in regulating the localisation of A-to-I edited F11R in hypoxia and this is the basis of 

ongoing work.   

In addition, to study the effects of hypoxia on the nuclear/cytoplasmic localisation of RNAs 

more globally and of edited transcripts in particular, I have undertaken further RNA-seq 

experiments on nuclear and cytoplasmic fractions from MCF-7 cells incubated in normoxia and 

hypoxia. Analysis of this data is ongoing and is therefore not included in thesis. Since inosine 

mimics guanine, both biologically and in sequencing reactions, it is also possible to identify A-to-

I edited transcripts as well as total transcript levels by examining for A-to-G substitutions in the 

transcriptome that are absent in the genomic DNA. I then aim to determine whether these 



221 
 

behave differently from non-edited transcripts. A-to-I edited transcripts that alter their 

localisation in hypoxia can then be examined for their dependence upon NEAT1 and on HIF-2.  

Several classes of hypoxia-regulated non-coding RNAs (snRNA, piwiRNA and lncRNA) have 

overlapping functions in controlling and regulating splicing of mRNAs.  Alternative splicing 

serves as a regulatory mechanism. It is estimated that around 95 % of human genes are 

alternatively spliced (Pan et al., 2008, Wang et al., 2008), which dramatically increases genomic 

complexity. There is evidence that hypoxia regulates pre-mRNA splicing, however these studies 

have been largely based on microarray technologies (Moller-Levet et al., 2009, Hang et al., 

2009). Further analyses of RNA-seq datasets generated in this thesis are also ongoing in an 

attempt to identify alternative splicing events in hypoxia. In particular, sequencing of 

cytoplasmic fractions in hypoxia and normoxia allows the assessment of mature cytoplasmic 

RNAs; this will provide an ideal substrate for detecting differential splicing events in hypoxia.  

6.4 Network of hypoxia transcriptome 

Despite being a major cause of resistance to therapies and poor clinical outcome in cancer, 

hypoxia remains poorly understood at the transcriptional and genomic level. To date pan-

genomic analyses of hypoxic responses have largely focussed on mRNAs or miRNAs. This thesis 

has shown that other classes of RNA are also regulated by hypoxia, some by HIF-transcriptional 

regulation. These classes of RNA can have diverse effects on both the transcriptional and post-

transcriptional regulation of gene expression and/or function and may underlie widespread 

molecular networks of gene regulation. In support of this hypothesis, there is increasing 

evidence that different classes of non-coding RNAs are functionally interconnected, and that 

they coordinates a range of interactions that regulate cellular changes in both physiological and 

pathological conditions (Jalali et al., 2013). Moreover, genome-wide association studies (GWAS) 

have reported that the majority of cancer risk loci lie outside of protein-coding genes, 

potentially affecting non-coding RNAs. Currently, there around 301 single-nucleotide 

polymorphisms (SNPs) are associated with different types of cancer, only 12 (3.3 %)  of SNPs 
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changes amino-acid sequence, while, 40 % of them located in the introns of protein-coding 

genes or 44 % in intergenic regions of genome (Gomes et al., 2013).   This raises important 

questions as to the function of these non-coding loci, whether these loci contain non-coding 

RNAs or regulatory regions and if they are implicated in cancer development.   

The deregulation of RNA networks in hypoxia and the observations that non-coding RNAs link 

with cancer progression, raise the hypothesis that protein coding genes cooperate with  non-

coding RNAs to control gene expression at different levels of regulation in response to hypoxia 

(Figure 6.2). The rapid development of next-generation sequencing technologies in detecting 

and quantifying transcripts at high resolution will result in rapid cataloging of functional non-

coding RNAs. Understanding the role and regulation of non-coding RNA interactome in hypoxia 

will significantly enhance our understanding of molecular mechanisms of hypoxia response and 

will allow dissecting the molecular interactions that can be utilized as therapeutic targets.   

 

 

 

 

 

 

 

Figure 6.3 Influence of hypoxia/HIF on cellular RNA networks. mRNAs, lncRNAs, 
miRNAs and antisense transcripts (commonly upregulated) have HIF binding sites, thus they 
are potentially directly regulated by HIF, in addition they could be regulated by indirect HIF 
regulation or by other factors in hypoxia. piwiRNA, tRNA and snRNA (globally downregulated) 
lack HIF binding sites, therefore they are indirectly regulated by HIF or by hypoxia. All these 
RNA classes have range of functional and regulatory roles in cells.        
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Overall, this study provides first comprehensive genome-wide catalogue of the hypoxic 

transcriptome, the HIF dependent transcriptome, HIF binding sites and RNA Pol2 and H3K4me3 

distribution. It should help us understand hypoxic transcriptional and gene regulation. In 

addition, it provides first evidence that lncRNAs are highly regulated in hypoxia via HIF and 

some of these lncRNAs have potential role in tumour biology and breast cancer development.       
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Chapter 7: Material and Methods 
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7.1 Cancer cell lines 

Human breast cancer cell lines used in this project included MCF-7, ZR75-1, T47D, BT474, 

SKBR3, MDA-MB-453, MDA-MB-468, MDA-M-231, BT-20, DU4475, BT-549, these were obtained 

from the American Type Culture Collection ‘ATCC’ (Manassas, VA). All the cell lines were 

received frozen and were cultured upon arrival. 

7.2 Cell culture 

For optimal cell growth, all the cell lines were cultured in a specific media as suggested by the 

ATCC (list of media used for each cell line below in the table). All the media was supplemented 

with 2 mM L-glutamine, 10 % Fetal Bovine Serum (FBS) and 1 % penicillin-streptomycin 

solution (Sigma-Aldrich). For normoxic conditions: cells were cultured in a standard cell culture 

incubator at 37 °C. For hypoxic conditions: cells were inducted at 1 % O2 in an In vivo2 Hypoxia 

Work Station (Ruskin Technologies, Kent, UK). 

For sub-culturing and passages, cells were detached by adding 0.25 % trypsin-EDTA solution 

(PAA Laboratories) followed by incubating for 5 minutes at 37 °C. Once the cells were detached, 

fresh complete media was added and reseeded at 1:10 in fresh media. For cell storage, cells 

were trypsinized and resuspended in complete media, then spun down at 1,000 xg for 5 

minutes.  The pellet was resuspended in freezing medium containing 90 % DMEM and 10 % 

dimethyl sulphoxide “DMSO”. Cell aliquots of 1.8 ml was added in Cryovials and transferred to 

the NALGENE cryo freezing container for storage at -80 °C for 24 hours and then in liquid 

nitrogen for long term storage. 

MCF-7 is a near triploid cell line with high rearrangements. Translocations involve all 

chromosomes with the exception of chromosomes 4. Deletions were detected on chromosomes 

3 and 13. Several markers are very complex due to multiple rearrangements. The DNA 

fingerprinting of the MCF-7 cells was recently performed as part of the National Cancer 
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Institute’s NCI- cell line panel (Lorenzi et al., 2009). All the cell lines used in this project were in 

early passages (less than 5). 

Table 7.1 List of breast cancer cell lines and medium used for culture: 

breast cancer type Cell line Medium 

ER+ MCF-7 DMEM 

  
  
  

ZR75-1 RPMI-1640 

T47D RPMI-1640 

BT474 RPMI-1640 

ER- MDA-MB-453 Leibovitz's L-15 

  SKBR3 DMEM 

TNBC MDA-MB-468 DMEM 

  
  
  
  

MDA-MB-231 DMEM 

BT-20 DMEM 

DU4475 RPMI-1640 

BT-549 RPMI-1640 

DMEM: Dulbecco’s modified Eagle’s Medium; RPMI-1640: Roswell Park Memorial Institute-

1640; ER: Estrogen receptors; TNBC: Triple-negative breast cancer. All the mediums were 

purchased from Sigma-Aldrich. 

7.3 Mycoplasma testing 

All the cell lines were frequently screened for the mycoplasma contamination using the 

MycoAlert™ mycoplasma detection kit (lonza, US) as manufacturer’s instructions. Briefly, 

1- All the reagents were brought to room temperature before use. 

2- 2 ml of cell culture was transferred into a centrifuge tube and cells were pelleted at 200 

x g for 5 minutes. 

3- 100 µl of cleared supernatant was added into a luminometer plate. 

4- 100 µl of MycoAlert™ reagent was then added to each sample and incubated at room 

temperature for 5 minutes. 

5- The plate the placed in luminometer and initiated  for reading A 

6- Then  100 µl of MycoAlert™ substrate was added to each sample and incubated at room 

temperature for 10 minutes. 
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7- The plate is placed again in luminometer and initiated  for reading B 

8- The Calculate ratio = Reading B/Reading A. 

7.4 Nucleic acid isolation 

7.4.1 Genomic DNA isolation 

The DNeasy Blood & Tissue Kit (Qiagen) was used to isolate genomic DNA from the cell lines. 

1- Cells were grown in 100 mm dishes to about 80-90 % confluency. 

2- After trypsinsation, cells were centrifuged for 5 minutes at 300 xg. 

3- Cells were resuspend in 200 μl PBS, 20 μl proteinase K was then added. 

4- 200 μl Buffer AL was mixed thoroughly by vortexing. 

5- Next 200 μl ethanol (100 %) was added on the mixture and mixed thoroughly by 

vortexing. 

6-  The mixture was then transferred into a DNeasy Mini spin column placed in a 2 ml 

collection tube. The column was centrifuged at ≥ 6,000 xg for 1 minute. The flow-

through was discarded. 

7- 500 μl of Buffer AW1 was added on column and centrifuged for 1 minute at ≥ 6,000 xg. 

The flow-through was discarded. 

8- The spin column was placed in a new 2 ml collection tube. 500 μl of Buffer AW2 was 

added on column and centrifuged for 3 minutes at 20,000 xg. The flow-through was 

discarded. 

9- The spin column was transferred to a fresh 2 ml microcentrifuge. 

10-  200 μl Buffer AE was added to the center of the spin column membrane. Incubated for 1 

minute at room temperature (25 °C) then centrifuged for 1 minute at ≥ 6,000 xg to elute 

the DNA. 

11-  Samples were kept at -20 °C.  
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7.4.2 Total RNA isolation 

The mirVana miRNA Isolation Kit was used to isolate total RNA from the cell lines, according to 

the manufacturer’s instructions (Ambion, Inc.). Briefly,  

1- Cells were grown in 100 mm dishes to about 80-90 % confluency. 

2- Cells were washed with cold 1X phosphate buffered saline (PBS). 

3- PBS was removed and kept on ice. 

4- 600 μl of Lysis/Binding Solution was added on the cells. 

5- Cells were scrubbed and collected in an eppendorf tube then vortexed vigorously to lyse 

the cells and to obtain a homogenous lysate. 

6-  1/10 volume of miRNA Homogenate Additive was added to the cell lysate and mixed 

well by vortexing and then incubated on ice for 10 minutes. 

7- Equal volume of Acid-Phenol: Chloroform was added and mixed for 60 seconds and then 

centrifuged for 5 minutes at 10,000 xg at room temperature. 

8- The upper aqueous phase was carefully removed without disturbing the lower phase, 

and transferred into a fresh tube. 

9- 1.25 volumes of 100 % ethanol was added to the aqueous phase, the lysate/ethanol 

mixture was transferred onto the filter cartridge provided in the kit, followed by 

centrifuging it for ~15 seconds at 10,000 xg to pass the mixture through the filter. 

10- The flow-through was discarded and 700 μl of miRNA Wash Solution 1 was added on the 

filter cartridge followed by a centrifuge for ~10 seconds. 

11- The flow-through was discarded and the filter cartridge was washed twice with 500 μl 

Wash Solution 2/3. 

12- After discarding the flow-through from the last wash the filter cartridge was spun for 1 

minute to remove residual fluid from the filter. 
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13- The filter cartridge was then transferred into a fresh collection tube (provided with the 

kit). 100 μl of pre-heated (at 95 °C) nuclease-free water was added to the center of the 

filter. 

14-  The tube was centrifuged for 30 seconds at maximum speed to recover the RNA. 

15- Collected elute (which contains the RNA) was stored at –80 °C. 

7.4.3 Quantification of nucleic acid concentration 

Concentrations of DNA and RNA samples were determined using a NanoDrop® ND-1000 

spectrophotometer (Thermo Scientific, U.K.). 1 µl of nucleic acid was loaded on the NanoDrop to 

measure the absorbance. DNA and RNA with absorbance ratios 260/280 > 1.8 were considered 

highly purified.  

7.4.4 Nucleic acid quality control 

The integrity of isolated DNA and RNA were verified on an Agilent Bioanalyzer 2100 (Agilent 

Technologies, Palo Alto, CA). For RNA, the Agilent RNA 6000 Pico kit and for DNA, Agilent DNA 

1000 kit was used (Agilent). High quality total RNAs were used in the study with a RNA Integrity 

Number (RIN) over 9. 

 

7.4.4.1 Agilent DNA 1000 Kit 

Preparing the Gel-Dye Mix: 

1- Both DNA dye concentrate and DNA gel matrix were first equilibrated to room 

temperature for 30 minutes. 

2- The DNA dye concentrate was vortexed, 25 µl of the dye was added to a DNA gel matrix 

vial. The solution was mixed well and spun down. 



230 
 

3- The solution was then transferred to a spin filter and centrifuged at 2,240 g ± 20 % for 

15 minutes and stored at 4 °C. 

Loading the Gel-Dye Mix: 

1- The gel-dye mix was first equilibrated to room temperature for 30 minutes before use. 

2-  A new DNA chip was placed on the chip priming station. 

3- 9 µl of gel-dye mix was loaded in the well-marked (G). 

4- Plunger in chip priming station was pressed until it is held by the clip. 

5- Exactly after 60 seconds, the plunger was released. 

6- Slowly the plunger was pulled back to 1 ml position. 

7- 5 µl of marker was loaded in all the 12 sample wells and ladder well. 

Loading the Ladder and the Sample: 

1- 1 µl of DNA ladder was loaded in the well-marked ‡. 

2- In each of the 12 sample wells, 1 µl of sample or 1 µl of de-ionized water (unused wells) 

was loaded. 

3- The chip was horizontally placed in the adapter and vortexed for 1 minute at 2400 xg. 

4- The chip was run in the Agilent 2100 bioanalyzer within 5 minutes.  

 

7.4.4.2  Agilent RNA 6000 Pico 

Preparing the Gel: 

1- First, 550 µl of RNA 6000 Pico gel matrix was loaded into a spin filter and centrifuged at 

1,500 g ± 20 % for 10 minutes at room temperature. 

2- Aliquots of 65 µl filtered gel split into 0.5 ml RNase-free microfuge tubes. 

Preparing the Gel-Dye Mix: 
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1- The RNA 6000 Pico dye concentrate was equilibrated to room temperature for 30 

minutes, vortexed for 10 seconds and spun down. 

2-  1 µl of RNA 6000 Pico dye concentrate was added into a 65 µl aliquot of filtered gel. The 

solution was mixed well and centrifuged at 13,000 g for 10 minutes at room 

temperature. 

Loading the Gel-Dye Mix: 

1-  A new RNA 6000 Pico chip was placed on the chip priming station. 

2-  9 µl of gel-dye mix was then loaded in the well marked G. 

3- The chip was closed in the priming station and the plunger pressed until held by the clip. 

4- Exactly after 30 seconds the plunger released the clip. 

5- Then, 9 µl of gel-dye mix was loaded in the wells marked G. 

Loading the RNA 6000 Pico Conditioning Solution and Marker: 

1- 9.0 µl of the RNA 6000 Pico Conditioning Solution was loaded in the well marked CS. 

2- 5 µl of RNA 6000 Pico marker was loaded in all the 11 sample wells and in the well-

marked ‡. 

Loading the Diluted Ladder and Samples: 

1- 1 µl of the heat denatured and aliquoted ladder loaded in the well-marked ‡. 

2- 1 µl of sample was loaded in each of the 11 sample wells, and 1 µl of RNA 6000 Pico 

Marker in each unused sample well. 

3- The chip was placed in the adapter and vortexed for 1 minute at 2400 xg. 

4- The chip was then run in the Agilent 2100 bioanalyzer for 5 minutes.  
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7.5 Cellular fractionation 

Nuclear, cytoplasmic RNA and protein were isolated from hypoxic MCF-7 cells using PARIS™ 

Protein and RNA Isolation kit (Ambion, Inc.), according to the manufacturer’s instructions. 

Briefly:   

1- First, the solutions provided in the kit were prepared; 415 μl 2-mercaptoethanol was 

added into the 2X Lysis/Binding Solution and mixed well, 64 ml 100 % ethanol was 

added into Wash Solution 2/3 and mixed well. 

2- The culture medium was aspirated and discarded, and then rinsed with PBS.  

3- The culture plate was then placed on ice. 

4- 500 μl of ice-cold Cell Disruption Buffer was added to the cells and vortexed vigorously 

to completely lyse the cells and to obtain a homogenous lysate. 

5- Lysate incubated on ice for 10 minutes. 

6- Sample is centrifuged for 5 minutes at 4 °C and 500 xg. 

7- The cytoplasmic fraction was carefully aspirated away from the nuclear pellet. 

8- The nuclear pellet was washed again on ice-cold Cell Fractionation Buffer and repelleted 

the nuclei for 1 minute at 4 °C and 500 xg .The supernatant was carefully discarded 

without disturbing the pellet. 

9- 500 μl of ice-cold Cell Disruption Buffer was added to the nuclear pellet, mixed 

vigorously to lyse the nuclei, and continued disruption until the lysate was homogenous. 

The sample was kept on ice throughout. 

10- The lysates were split in two portions: one for RNA isolation and the other one for 

protein analysis. 

For proteins 

Nuclear fraction: the nuclear lysate was incubated on ice for 10 minutes to ensure complete cell 

disruption. 
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Cytoplasmic fraction: the cytoplasmic fraction protein samples did not require incubation on ice. 

For RNA isolation from both nuclear and cytoplasmic fractions, these steps were followed 

separately for both the fractions: 

1- Equal volume of 2X Lysis/Binding Solution was added on the lysate and mixed well. 

2- Equal volume of the intimal lysate of 100 % ethanol was added into the mixture. 

3- Sample mixture was applied to a filter cartridge assembled in collection tube 

(supplied),then centrifuged for 1 minute at 15,000 xg. The flow-through was discarded. 

4- 700 μl of Wash Solution 1 was applied to the filter cartridge. Centrifuged for 1 minute at 

15,000 xg. The flow-through was discarded. 

5-  500 μl of Wash Solution 2/3 was applied to the filter cartridge. Centrifuged for 1 minute at 

15,000 xg. The flow-through was discarded. 

6-  Last wash was repeated twice and centrifuged for 30 seconds to remove the last traces of 

Wash Solution 2/3. 

7- 100 μl of pre-heated nuclease-free water at 95 °C was applied to the center of the filter. 

8- RNA was recovered by centrifugation for 30 seconds at 15,000 xg. 

9- RNA samples were kept at –80 °C. 

7.6 DNAse treatment 

Isolated total RNA was treated with DNase I digestion (TURBO DNA-free™, Ambion). 

1- Following reagents  were added to a microcentrifuge tube having a total final volume of 

50 µl:  

Reagent Amount per reaction 
Buffer 5 µl 
rDNAse I 3 µl 
RNA 10 µg  
Water Up to 50 µl 
Total volume 50 µl 

 

1) Sample was incubated at 37 ˚C for 30 minutes. 
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2) Then 10 µl of DNAse Inhibitor reagent was added in the sample. 

3) Sample was incubated at room temperature for 5 minutes and mixed occasionally. 

4) After centrifuging at 10,000 xg for 1.5 minutes the supernatant was transferred (which 

contains the RNA) to a fresh tube. 

 

7.7Ribosomal RNAs depletion 

Ribosomal RNAs were depleted using RiboMinus™ Locked Nucleic Acid probes (Invitrogen). 

This step allows depletion of abundant ribosomal RNA fraction for total RNA-seq. The kit 

contains four main steps for rRNA depletion including probe hybridization, beads 

preparation, rRNA removal and concentrating Ribo depleted RNA. 

7.7.1 Probe hybridization  

1) Maximum volume of 20 µl of DNAse was treated, total RNA was added into 1.5 ml 

microcentrifuge tube.  

2) Following reagents were added in the tube containing RNA: 

o 10 µl of RiboMinus Probe 

o 300 µl of Hybridization buffer 

3) Incubated at 75 ˚C for 5 minutes to denature RNA. 

4) The tube was immediately transferred into a water bath at 37 ˚C in order to allow the 

sample to slowly cool to that temperature over a period of 30 minutes. This is necessary 

to promote sequence-specific hybridization. During these 30 minutes steps 5 to 12 were 

performed.  

7.7.2 Beads preparation 

5) Ribominus magnetic beads were resuspend with  thorough vortexing. 
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6) 750 µl of the bead suspension was transferred on a magnetic rack for 1 minute. The 

beads settled to the tube side that faces the magnet. Gently the supernatant was 

aspirated and discarded. 

7) 750 µl of sterile RNAse free water was added to the beads and beads were resuspended 

slowly by vortexing. 

8) The tube was placed on a magnetic rack for 1 minute. The supernatant was aspirated 

and discarded. 

9) Steps 7 and 8 were repeated once more. 

10) The beads were resuspended in 750 µl hybridization buffer and 250 µl of beads were 

transferred to a new tube for use at a later step. 

11) The tube with 500 µl beads was placed on a magnetic rack for 1 minute. The 

supernatant was aspirated and discarded. 

12) Beads were resuspended in 200 µl hybridization buffer and kept at 37 ˚C until use.  

7.7.3 Removing rRNA 

13) After 30 minutes at 37 ˚C, the sample from step 4 was briefly centrifuged to collect the 

sample to the bottom of the tube. 

14) The sample (~330 µl) was transferred to the prepared Ribominus magnetic beads from 

step 12. Mixed well by pipetting up and down or low speed vortexing. 

15) The tube was then incubated at 37 ˚C for 15 minutes. During incubation, the tube was 

gently mixed. The tube was briefly centrifuged to collect the sample to the bottom. 

16) The tube was placed on a magnetic rack for 1 minute to pellet the rRNA-probe complex. 

The supernatant was transferred to a new tube without disturbing the beads and kept 

for step 18. Note: Do not discard the supernatant since it contains RiboMinus RNA 

(depleted on rRNA). 

17)  Tube containing 250 µl beads from step 10 was placed on a magnetic rack for 1 minute. 

The supernatant was aspirated and discarded. 
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18) 530 µl supernatant containing RiboMinus RNA from step 16 was added into the tube 

from step 17. Mixed well by pipetting up and down or low speed vortexing. 

19) The tube was incubated at 37 ˚C for 15 minutes. During incubation, the tube was gently 

mixed occasionally. The tube then was briefly centrifuged to collect the sample to the 

bottom. 

20) The supernatant (~530 µl) containing RiboMinus RNA was transferred into a new tube. 

21) The RiboMinus RNA was then concentrated using ethanol precipitation to ensure the 

recovery of smaller RNA (<200 nt). Other methods of purification can be used if small 

RNA recovery is not required. 

 

7.7.4 Concentrating Ribo depleted RNA  

22) The RiboMinus RNA sample was transferred into a 2 ml microcentrifuge tube. 

23) Following reagents were added to RiboMinus RNA: 

Reagent Amount per reaction 
Glycogen (20 µg/µl) 1 µl 
3 M sodium acetate 53 µl (1/10th of sample volume) 
100 % Ethanol 1325 µl (2.5X sample volumes) 
TOTAL 1379 µl 
 

24) The solution was mixed well and incubated at -80 ˚C  overnight. 

25) The tube was centrifuged for 15 minutes at > 12,000 xg at 4 ˚C. The supernatant 

carefully discarded without disturbing the pellets. 

26) 500 µl of 70 % cold ethanol was then added to the tube. 

27) Centrifuging it again for another 5 minutes at > 12,000 xg at 4 ˚C. The supernatant 

carefully discarded without disturbing the pellets. 

28) Steps 26 and 27 were repeated once more. 

29) The pellet was air dried for ~5 minutes and resuspended in 20 µl of RNAse free water. 

30) The sample was stored at -80 ˚C. 
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7.8 Selection of poly adenylated RNA 

To isolate polyA RNA from total RNA fraction, Dynabeads® mRNA Purification Kit (Ambion) 

was used. The kit contains two steps: Bead preparation and Isolation of poly adenylated RNA. 

1) 1 µg of DNAse I treated RNA was completed to final volume of 100 µl by using nuclease-

free water. 

2) The sample was the heated at 65 ˚C for 5 minutes in order to disrupt secondary 

structures and then immediately placed on ice. 

 

7.8.1 Beads preparation  

3) Dynabeads magnetic beads were resuspended with thorough vortexing. 

4) 100 µl of well resuspended Dynabeads were transferred to a microcentrifuge tube. The 

tube was placed on the magnet until all Dynabeads were migrated to the tube wall. The 

supernatant was discarded. 

5) The tube was removed from the magnet and 100 µl of Binding Buffer was added to 

calibrate the beads. The tube was then placed back on the magnet until all Dynabeads 

had migrated to the tube wall. The supernatant was discarded and the tube was 

removed from the magnet. 

6) 100 µl Binding Buffer was added to the Dynabeads and mixed gently. 

7.8.2 Isolation of polyadenylated RNA 

7) The DNAse I treated RNA from step 1 (100 µl of volume) was added to the 

Dynabeads/Binding Buffer suspension from step 6. Solution was mixed thoroughly and 

rotated for 5 minutes at room temperature to allow mRNA to anneal to the oligo (dT) 

probes on the beads. 
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8) The tube was placed on the magnet until the solution became clear. The supernatant 

was removed without disturbing the beads. 

9) The tube was removed from the magnet and 200 µl of Washing Buffer B was added.  

10) The tube was placed on the magnet until the solution became clear. The supernatant 

was removed without disturbing the beads.  

11) Steps 9 and 10 were repeated once more. 

12) To elute the polyadenylated RNA from the beads, 50 µl of RNAse free water was added 

to the beads and mixed thoroughly. Then heated at 80 ˚C for 2 minutes and placed 

immediately on the magnet.  

13) 50 µl of Binding Buffer was placed into a new tube. Once the bead solution in the magnet 

was clear, the supernatant (which contains the polyadenylated RNA) was transferred 

into this tube containing 50 µl of Binding Buffer. Then 200 µl of Washing Buffer B was 

added to the beads. 

14) The sample containing the polyadenylated RNA was heated at 65 ˚C for 5 minutes and 

placed immediately on ice.  

15) The beads from step 13 ware placed onto the magnet and the supernatant was removed 

once the solution became clear.  The beads were washed again using 200 µl of Washing 

Buffer B and the supernatant was removed once the solution was clear. 

16) The beads 100 µl of the sample containing polyadenylated RNA from step 14 was added. 

The tube was rotated at room temperature for 5 minutes. The tube was then placed on 

the magnet and the supernatant was removed once the solution became clear.  

17) Washed the beads with 200 µl of Washing Buffer. The tube was placed on the magnet 

and the supernatant was removed when the solution became clear. This step was 

repeated one more time. 

18) 20 µl of RNAse free water was added to the beads and heated at 80 ˚C for 2 minutes to 

elute the polyadenylated RNA from the beads. 
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19) The tube was immediately placed on the magnet stand and then the supernatant (which 

contains the polyadenylated RNA) was transferred to a new tube.  

20) The sample was stored at -80 ˚C. 

 

7.9 Next generation RNA sequencing  

7.9.1 Ribosomally depleted directional RNA-seq (Total- RNA-seq) 

Total RNA was isolated from MCF-7 cells grown in normoxia (21 % O2) or in hypoxia (1 % O2) 

for 24 hours. After DNAse treatment (Ambion, Inc), the rRNA fraction was depleted by 

hybridization with Locked Nucleic Acid (LNA) probes (RiboMinus™, Invitrogen). rRNA depletion 

was  assessed using the Agilent RNA 6000 PicoKit (Agilent Technologies). The cDNA library was 

created using in house modified Illumina directional RNA-seq protocol as following:  

7.9.1.1 Fragmentation reaction 

1- 100 ng of RiboMinus RNA was placed in a microcentrifuging tube, the volume was 

topped up to 16 µl with RNAse free water. 

2- 4 µl of fragmentation buffer was added. 

3- The tube was incubated in PCR thermal cycler at 94 °C for exactly 8 minutes then 

immediately transferred onto ice and 2 μl of 0.5 M EDTA solution was added. 

7.9.1.2 Purification of fragmented ribominus RNA using Qiagen RNeasy kit 

(Qiagen)  

1- The sample was transferred into a new 1.5 ml microcentrifuge tube and the volume was 

adjusted to 100 µl using RNAse free water. 350 µl of RLT buffer was added and mixed 

well. 

2- 675 µl of 100 % ethanol was added and mixed well by inversion. 
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3- 700 µl of the sample was transferred to an RNeasy MinElute spin column and 

centrifuged at 11,000 xg for 1 minute. The flow-through was discarded. 

4- The column was washed with 500 µl of RPE buffer and then with 750 µl of 80 % ethanol. 

5- After washing, the column was placed in a fresh 2 ml collection tube with the lid open 

and spun at 11,000 xg for 5 minutes.   

6- The column was placed into a new 1.5 ml microcentrifuge tube. 18 µl of RNAse free 

water was added into the centre of the filter (without touching it) and spun at 11,000 xg 

for 1 minute to elute. The recovered volume was approximately 17 µl.  

7- 1 µl of elute (containing fragmented RiboMinus /polyadenylated RNA) was kept in a 

separate tube for bioanalyser (stored at -80 ˚C) and the remaining amount was 

transferred to a 200 µl PCR tube.  

7.9.1.3 Phosphatase treatment of fragmented ribominus RNA 

1- The following reagents were added in the 200 µl PCR tube containing 16 µl of Ribominus 

RNA: 

Reagent Amount for 1 reaction 

10X phosphatise buffer 2 µl 

Antarctic phosphatase 1 µl 

RNAse OUT 1 µl 

TOTAL 4 µl 

The final volume of the reaction should be 20 µl. 

2- The sample was incubated in a thermal cycler with the following protocol: 

37 ˚C for 30 minutes 

65 ˚C for 5 minutes 

4 ˚C indefinite hold 
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7.9.1.4 T4 Polynucleotide Kinase (PNK) treatment of fragmented ribominus RNA  

1- The Following components were added to the 200 µl PCR tube from the previous step: 

Reagent Amount for 1 reaction 
RNAse free water 17 µl 
10X phosphatise buffer 5 µl 
ATP (10mM) 5 µl 
RNAseOUT 1 µl 
PNK enzyme 2 µl 
TOTAL 30 µl 
The final volume of the reaction should be 50 µl. 

2- The sample was incubated in a thermal cycler at 37 ˚C for 60 minutes then held at 4 ˚C. 

7.9.1.5 Purification of PNK treated RNA using Qiagen RNeasy kit (Qiagen) 

1- The sample obtained from the previous step was transferred into a new 1.5 ml 

microcentrifuge tube. The volume adjusted to 100 µl using RNAse free water.  

2- 350 µl of RLT buffer added and mixed well. 

3- 675 µl of 100 % ethanol was added and mixed well by inversion. 

4- 700 µl of sample was loaded in an RNeasy MinElute spin column and centrifuged at 

11,000  xg for 1 minute. The flow-through was discarded. 

5- The column was washed with 500 µl of RPE buffer and then with 750 µl of 80 % 

ethanol. 

6- The column was then placed in a 2 ml collection tube with the lid open and spun at 

11,000 xg for 5 minutes. 

7- The column was transferred into a new 1.5 ml microcentrifuge tube. 15 µl of RNAse 

free water was added into the center of the column filter (without touching it) and 

spun at 13,000 xg for 1 minute to elute. The recovered volume should be around 14 

µl. 
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7.9.1.6 Ligation of 3’ and 5’ adapters 

Illumina SRA 5’ adaptor and the 10Xv1.5 sRNA 3’ adaptor were used. The second adaptor was 

diluted by mixing 1 µl with 9 µl of RNAse free water  

1- The following were mixed in a 200 µl PCR tube: 

RNA sample obtained in previous section (14 µl) 

Diluted v1.5 sRNA 3’ adaptor (2 µl) 

Incubated at 70 ˚C for 2 minutes and placed immediately on ice. 

2- Then the following reagents were added: 

Reagent Amount for 1 reaction 

10X T4 RNL2 truncated reaction buffer 2.5 µl 

100mM MgCl2 2.0 µl 

RNAse OUT 1.0 µl 

T4 RNA Ligase2, truncated 3.0 µl 

TOTAL 8.5 µl 

3- Mixed well and spun down. 

4- Incubated at 22 ˚C for 1 hour in a thermal cycler. 

5- With 5 minutes remaining in the above incubation, the required amount of the 5’ 

adaptor from the stock (2 µl per reaction) was determined and heated at 70 ˚C for 2 

minutes then transferred onto ice. 

6- The following reagents were added to the ligation mixture from the previous step and 

mixed well: 

Reagent Amount for 1 reaction 

10mM ATP 3 µl 

Heat denatured SRA 5’adaptor 2 µl 

TOTAL 5 µl 

7- Mixed well and spun down prior to adding enzyme: 2 µl of T4 RNA ligase. 

8- Incubated at 20 ˚C for 1 hour in a thermal cycler. 
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7.9.1.7 Reverse transcription and amplification of the adapter-ligated RNA 

Illumina supplied SRA RT primer was used for the reverse transcription reaction and the GX1 

and GX2 primers for the PCR reaction. The SRA RT primer needs to be diluted by mixing 1 µl of 

primer with 4 µl of RNAse free water 

1- The following reagent were combined in a 200 µl PCR tube:  

5’ and 3’ ligated RNA from previous section (4 µl) 

Diluted SRA RT primer (1 µl) 

2- The mixture heated at 70 ˚C for 2 minutes in a thermal cycler. 

3- The tube was placed on ice and spun in order to collect all the contents. 

4- The following components were added to the 200 µl PCR tube from the previous step: 

Reagent Amount for 1 reaction 

5X first strand buffer 2.0 µl 

12.5mM dNTPs 0.5 µl 

100mM DTT 1.0 µl 

RNAse OUT 0.5 µl 

Superscript II Reverse Transcriptase 1.0 µl 

TOTAL 5 µl 

 

5- Heated at 48 ˚C for 3 minutes in a thermal cycler and then at 44 ˚C for 1 hour. 

6- For PCR reaction, the following components were added in a 200 µl PCR tube: 

Reagent Amount for 1 reaction 

5X Phusion HF buffer 10 µl 

Primer GX1 1 µl 

Primer GX2 1 µl 

25mM dNTPs 0.5 µl 

Phusion DNA polymerase 0.5 µl 

RNAse free water 27 µl 

TOTAL 40 µl 
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7- 10 µl of the product from reverse transcription reaction was added in the PCR reaction. 

8-  For the PCR amplification in the thermal cycler the following protocol was used: 

Temperature Time Number of cycles 

98 °C 30 seconds 1 cycle 

98 °C 10 seconds 

15 cycles 60 °C 30 seconds 

72 °C 15 seconds 

72 °C 10 minutes 1 cycle 

4 °C  hold 

 

7.9.1.8 Purification of library using AMPure beads 

Agencourt AMPure beads (Beckman Coulter, USA) were used for library purification. First the 

beads were equilibrated to room temperature for at least 30 minutes prior their use. They also 

need to be well resuspended by vortexing vigorously for few minutes. 

1- The following were added to a new 1.5 ml special low binding microcentrifuge tube: 

PCR reaction product (50 µl) 

AMPure bead solution (110 µl) 

2- The tube was vortexed well to ensure thorough mixing. Incubated at room temperature 

for 5 minutes. 

3- Then placed on the magnetic rack for 5 minutes, which allowed the complete capture of 

the beads. After the suspension was completely clear, the supernatant was carefully 

removed and discarded without disturbing the bead pellets. 

4- With the tube on the magnetic rack, the bead pellet with 500 µl of 80 % ethanol was 

carefully rinsed. The magnetic rack was inverted with the tubes several times (the tubes 

were not removed from the rack). Next, the supernatant was carefully removed and 

discarded without disturbing the bead pellet. 
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5- With the tube on the magnetic rack, second wash was performed with 500 µl of 80 % 

ethanol as explained in the previous step. The supernatant was carefully removed and 

discarded without disturbing the bead pellet. 

6- The remaining ethanol was carefully spun down using a mini-centrifuge. The tube was 

placed in the magnetic rack to capture the beads. Remaining ethanol was removed with 

a pipette, without disturbing the bead pellet. 

7- The tube lid was opened and transferred into a 37 ˚C heat block for 3 minutes or until 

the beads were completely dry. Small cracks can be observed in the dried bead pellet 

surface. 

8- 30 µl of RNAse free water was added directly to the pellet. Vortexed thoroughly and the 

beads left for soaking in water for 2 minutes, then vortexed thoroughly again to ensure 

that the beads were completely rehydrated and resuspended. 

9- The tube was placed on the magnetic rack for at least 2 minutes to allow complete 

capturing of the beads. Once the suspension was cleared, the library-containing 

supernatant was transferred to a new tube (avoid taking beads). 

10- The total-RNA-seq  library was stored at -20 ˚C. 

 

7.9.2 PolyA strand specific RNA-seq 

First polyA RNAs were isolated from total-RNA using Dynabeads® mRNA Purification Kit 

(Ambion). For strand specific sequencing, 10 ng isolated polyA RNAs were subjected to the 

ScriptSeq v2 RNA-Seq kit (Epicentre, USA). 

1- 10 ng of polyA RNAs were completed to final volume of 9.5 µl. 

2- The following reagents were added in the tube: 

Reagent Amount for 1 reaction 
PolyA RNA 90 µl 
RNA Fragmentation Solution 1 µl 
cDNA Synthesis Primer 2 µl 
TOTAL 12 µl 



246 
 

 

3- The tube was incubated at 85 °C for 5 minutes in a thermocycler. 

4- The fragmentation reaction was stopped by placing the tube on ice. 

5- On ice, the cDNA synthesis master mix was prepared by combining the following: 

Reagent Amount for 1 reaction 

cDNA Synthesis PreMix 3 µl 

100mM DDT 0.5 µl 

StarScript Reverse Transcriptase  0.5 µl 

TOTAL 4 µl 

6- The cDNA synthesis master mix was mixed gently but thoroughly by pipetting. 

7- 4 μl of the cDNA synthesis master mix was added to the reaction containing fragmented 

RNA on ice. Mixed well. 

8- Incubated at 25 ˚C for 5 minutes following by 42 ˚C for 60 minutes, then the reactions 

were cooled to 37 °C. 

9- 1 µl of Finishing Solution was added to the reaction and mixed gently. 

10- The reaction was placed on thermocycler and incubated  as following 

Temperature Time 

37 °C 15 minutes 

95 °C 3 minutes 

4 °C hold 

 

11- On ice, the Terminal Tagging Master Mix was prepared by combining the following: 

Reagent Amount for 1 reaction 

Terminal Tagging Premix 7.5 µl 

DNA Polymerase 0.5 µl 

TOTAL 8 µl 

 

12- The reaction from step 10 was removed and 8 μl of the Terminal Tagging Master Mix 

was add to the reaction and gently mixed by pipetting. 

13- Reaction incubated as following:  
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Temperature Time 

25 °C 10 minutes 

95 °C 3 minutes 

25 °C hold 

 

14- The cDNA was next purified prior to PCR amplification using the MinElute PCR 

Purification Kit (Qiagen). 

15- The purified cDNA was eluted in 22.5 µl of Nuclease-Free Water. 

16- The purified cDNA was then amplified by combining the following reagents in a tube 

containing 22.5 μl of cDNA. 

Reagent Amount for 1 reaction 

FailSafe PCR PreMix E 25 µl 

Forward PCR Primer 1 µl 

Reverse PCR Primer (different barcode 

Reverse PCR Primer for multiplexing) 

1 µl 

FailSafe PCR Enzyme (1.25 U) 0.5 µl 

TOTAL 50 µl 

 

17- For the PCR amplification in the thermal cycler the following protocol was used: 

Temperature Time Number of cycles 

95 °C 60 seconds 1 cycle 

95 °C 30 seconds 

15 cycles 55 °C 30 seconds 

68 °C 3 minutes 

68 °C 7 minutes 1 cycle 
 

18- After library amplification, the library was purified using the MinElute PCR Purification 

system (Qiagen) and eluted by adding 20 μl of Nuclease-Free Water. 

19- The library was stored at -20 °C 
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7.9.3 High throughput sequencing 

All prepared libraries were sequenced using the GAII or HiSeq platforms (Illumina) at the Core 

Genomics Facilities as part of serveries at the Wellcome Trust Centre for Human Genetics, 

Oxford. 

7.10 Sanger sequencing 

Sanger sequencing of vectors were performed by Source Bioscience, U.K. as commercial 

sequencing servers.  

7.11Cloning 

7.11.1 Ligation of the RNA-seq libraries to the blunt vector 

Conventional cloning was performed in order to confirm successful libraries preparation.  

1- First the following 10 μl ligation reaction was setup: 

Reagent Amount per reaction 

RNA library (PCR product) 2 µl 

pCR®-Blunt (25 ng) 1 μl 

10X Ligation Buffer (with ATP) 1 µl 

Sterile water 5 µl 

T4 DNA Ligase (4 U/μl) 1 μl 

Total Volume 10 µl 

 

2- The ligation reaction was incubated at 16 °C for 1 hour, then stored at -20 °C or 

proceeded with transformation. 

7.11.2 Transformation of competent cells 

1- 50 μl vial of One Shot® TOP10 cells were thawed on ice for each transformation. 
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2- 2 μl of each ligation reaction was added directly into the vial of competent cells and 

mixed by stirring gently with a pipette tip.  

3- The vial was incubated on ice for 30 minutes. The remaining ligation mixtures were 

stored at -20 °C. 

4- The cells were heat shocked for 45 seconds at 42 °C without shaking and immediately 

placed on ice for 2 minutes. 

5- 250 μl of room temperature S.O.C. medium was added to each vial. 

6- The vial was left for shaking horizontally at 37 °C for 1 hour at 225 xg in a shaking 

incubator. 

7- 60 μl and 80 μl from each transformation vial was spread on pre-warmed LB plates 

containing 50 μg/ml kanamycin. 

8- The plates were incubated overnight at 37 °C. 

7.11.3 Transformation analysis 

1- At least 80 transformants were picked for analysis. The colony was picked with a tip and 

put in a tube containing 15 μl of water. The tip was kept inside of the tube. 

2- PCR was performed in order to verify if the colony had the vector+insert, using M13F 

and M13R primers (both priming the blunt vector). 

3- The PCR reaction was prepared by mixing the following :  

Reagent  Amount for 1 reaction  

10X AmpliTaq buffer 2.5 µl 

MgCl2 (25 mM) 0.5 µl 

Ford. Primer (10 uM) 1 µl 

Rev. primer (10 uM) 1 µl 

dNTP (25 mM) 0.5 µl 

AmpliTaq polymerase 0.5 µl 

Sterile water 17 µl 

Total volume 23 µl 
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4- For each colony picked, 2 μl of the water where the colony had been disposed was added 

in the PCR mix.  

 

5- PCR cycling conditions:  

95 °C 5 minutes Hold 

95 °C 30 seconds  

30 cycles 56 °C 30 seconds 

72 °C 45 seconds 

15 °C  hold 

6- In order to visualise the PCR result, PCR product was run in a 2 % agarose gel with at 

least one well with 2 µl of Hypperladder V for resolving the size of the bands.  

7- If the colony contains an empty vector (with no library product ligated), the PCR 

product size should be ~238 bp. If the colony has incorporated a vector containing a 

library product, then the PCR product size should be ~360 bp for directional RNA 

libraries.  

8- The remaining PCR product was used for sequencing. 

 

7.11.4 Sequencing of PCR products of positive colonies containing vector and 

Insert 

Simi-skirted plates (Greiner Bio-one 96 well half skirted plate -652290) were used for these 

reactions as these are compatible with ABI 3730 sequencers. 

1- 1:1 of Exonuclease I and Shrimp alkaline phosphatase mix was prepared. 

2- In a 96 well plate, 1 µl of Exonuclease I/ Shrimp alkaline phosphatise mixture disposed 

in each well and 1 µl of PCR product. The plate was centrifuged briefly. 

3- Initially incubated at 37 ˚C for 30 minutes and then incubated at 80 ˚C for 15 minutes, to 

deactivate the enzymes. The plate was centrifuged briefly. 
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4- The following sequencing master mix was prepared: 

Reagent Amount for 1 reaction 

Big Dye version 3.1 0.25 µl 

Big dye buffer  1.875 µl 

Primer 2 µl ( at 2.5 pmol/µl) 

water 3.875 µl 

Total volume 8 µl 

5- 8 µl of sequencing mix was added to each well of the plate containing the treated PCR 

products and briefly centrifuged. 

6- Then DNA was amplified with the following cycling conditions:  

96 °C 10 seconds  

25 cycles 50 °C 5 seconds 

60 °C 4 minutes 

4 °C  hold 

 

7.11.5 Cleaning up the amplified product 

1) 2 µl of 125 mM EDTA was added to each well, 2 µl of 3M sodium acetate was added to 

each well. 

2) 50 µl of 100 % ethanol was added to each well. 

3) The plate was covered with aluminium tape and inverted 4 times. 

4) Left at room temperature for 15 minutes. 

5) Centrifuged at 3,000 xg at 4 ˚C for 30 minutes. 

6) Aluminium tape was removed gently. The plate was inverted and spun at 185 xg for 15 

seconds. 

7) Then 70 µl of 70 % ethanol added to each well. 

8) Centrifuged at 1,650 xg at 4 ˚C for 15 minutes. 

9) The plate was inverted and spun at 185 xg for 1 minute. 
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10) The plate was left to air dry the pellets at room temperature for 15 minutes. The plate 

protected from the light. Once dried stored at -20 ˚C. 

11) The plate was sent for the Sanger sequencing. 

7.12 Small RNA analyses 

7.12.1 Reverse transcription 

The TaqMan Micro-RNA Reverse Transcription Kit and 5X miRNA-specific RT primers (Applied 

Biosystems) were used for miRNA reverse transcription.  

1- 5 ng of total RNA was used for reverse transcription (RT). 

2- The RT master mix was prepared on ice by combining the following: 

Reagent Amount for 1 reaction 

100 mM dNTPs (with dTTP) 0.15 µl 

MultiScribe™ Reverse Transcriptase, 50 U/µl 1 µl 

10✕ Reverse Transcription Buffer 1.5 µl 

RNase Inhibitor, 20 U/µl 0.19 µl 

Nuclease-free water 4.16 µl 

TOTAL 7 µl 
 

3- The master mix was mixed gently and centrifuged to bring the solution to the bottom of 

the tube. 

4- 5 µl of total RNA was added into 7 µl RT master mix and gently mixed. 

5-  3 µl of 5✕miRNA-specific RT primer was added the corresponding RT reaction tube. 

6- Mixed thoroughly and incubated on ice for 5 minutes. 
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7- For RT, the following protocol was followed:  

16 °C 30 minutes 

42 °C 30 minutes 

85 °C 5 minutes 

4 °C hold 

8- The RT products were stored at – 20 °C until further analysis. 

7.12.2 Small RNA TaqMan® Assays 

Expression of microRNA and small nucleolar RNA were assessed by 6-

carboxyfluorescein(FAM)-based qPCR with TaqMan Universal PCR Master Mix, individual 

miRNA primers and hydrolysis probes (all from Applied Biosystems). TaqMan assay IDs are in 

supplementary table 5. 

1- In a sterile 1.5 ml microcentrifuge tube for each sample, the following reagents were 

combined for qPCR:  

Reagent Amount for 1 reaction (20 µl reaction) 

TaqMan® Small RNA Assay (20✕) 1 µl 

Product from RT reaction 1.33 µl 

TaqMan® Universal PCR Master Mix II (2✕), no UNG 10 µl 

Nuclease-free water 7.67 µl 

TOTAL 20 µl 
  

2- The tube was inverted several times to mi and centrifuged briefly. 

3- 20 µl of the complete qPCR reaction mix was transferred to Bio-red 96 white plate 

(Bio-Rad). 

4- qPCR was performed on the CFX96 Real-Time System C1000 Thermal Cycler (Bio-

Rad) as follows: 
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5- Each sample was run in triplicates. At the end of each reaction, the Ct value was 

determined with instrument default threshold settings. 

 

7.13 mRNA and lncRNA analysis  

7.13.1 First-Strand cDNA Synthesis  

The SuperScript® III First-Strand Synthesis System (Invitrogen) was used for reverse 

transcription. 

1- 500 ng DNase treatment total RNA was used for cRNA synthesis by combining the 

following: 

Reagent Amount for 1 reaction 

50 ng/µl random hexamers  1 µl 

10 mM dNTP mix 1 µl 

DNase treatment total RNA (500 

ng) 

X 

Nuclease-free water Up to 10 µl 

 

2- The tube was incubated at 65 °C for 5 minutes, then placed on ice for at least 1 minute. 

 

 

 

50 °C 2 minutes  

95 °C 10 minutes  

95 °C 15 seconds  

40 cycles 60 °C 60 seconds 
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3- The following cDNA Synthesis Mix was prepared by adding each component in the 

indicated order: 

Reagent Amount for 1 reaction 

10X RT buffer 2 µl 

25 mM MgCl2 4 µl 

0.1 M DTT 2 µ 

RNaseOUT™ (40 U/µl) 1 µl 

SuperScript® III RT (200 U/µl) 1 µl 

TOTAL 10 µl 
4- 10 μl of cDNA Synthesis Mix was added to each RNA/primer mixture, mixed gently and 

centrifugation briefly. 

5- The RT was carried out in a Thermal Cycler (GeneAmp, PCR System 9700, Applied 

Biosystems) as following: 

25 °C 10 minutes 

50 °C 50 minutes 

85 °C 5 minutes 

Placed on ice 5 minutes 

 

6- The reaction was briefly centrifuged and 1 μl of RNase H was added to each tube and 

incubated for 20 minutes at 37 °C to complete cDNA synthesis. 

7- The cDNA was stored at – 20 °C until further analysis. 
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7.13.2 Quantitative real-time Polymerase Chain Reaction (qPCR) 

To validate the relative expression levels of transcripts in different cell lines, cDNA was 

synthesised and mixed with Bio-Rad IQ SYBR Green Mix (Bio-Rad) and specific primers for 

each of the target transcript. 60S ribosomal protein L11, RPL11, was tested for the stability 

of the expression under hypoxia and was used to normalise the expression levels of 

different transcripts. Primer sequences are given in Table 3.1. QPCR reactions (20 µl) were 

carried out in a 96-well plate containing 10 µl 2X IQ SYBR Green Mix (Bio-Rad), 1 µl of 

forward and reverse primers (10 mmol/L), 7 µl nuclease-free H2O, and 2 µl cDNA product. 

Real time qPCR was performed on the CFX96 Real-Time System C1000 Thermal Cycler (Bio-

Rad) as follows: 

 

 

 

 

 

 

To obtain the melting curves (thermal profile) of the amplicons, the signal readings were 

taken at every 0.5 ⁰C change (81 cycles) with decrease in temperature from 95 ⁰C to 55 ⁰C.   

7.13.3 TaqMan® gene expression analysis 

TaqMan® gene expression assays (Applied Biosystems) were designed to evaluate expression 

of transcripts. 500 ng of total RNA was subjected for cDNA synthesis using SuperScript III 

Reverse Transcriptase (Invitrogen). The TaqMan Universal PCR Master Mix and TaqMan® Gene 

Expression Assay (Applied Biosystems) designed for specific transcript (TaqMan assay IDs are 

in supplementary table 5) were used to amplify cDNA. The following reagents were 

combined for the reaction:  

95 °C 3 minutes  

95 °C 30 seconds  

40 cycles 60 °C 30 seconds 

72 ⁰C 30 seconds 
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Reagent Amount for 1 reaction (final volume 20 µl) 

TaqMan® Universal Master Mix II (2✕) 10 µl 

TaqMan® Gene Expression Assay (20✕) 1 µl 

cDNA template 2 µl 

Nuclease-free water 7 µl 

TOTAL 20 µl 

 

20 µl of the complete qPCR reaction mix was transferred to Bio-red 96 white plate (Bio-Rad). 

The amplification was performed on the CFX96 Real-Time System C1000 Thermal Cycler (Bio-

Rad) by using the following protocol: 

 

 

 

 

7.14 Rapid amplification of cDNA ends (RACE) PCR 

3’ Rapid amplification of cDNA ends was performed using the 3´ RACE System kit (Invitrogen™).  

The cDNA was first synthesised using SuperScript ® III First-Strand Synthesis System 

(Invitrogen). The RACE PCR was performed using supplied 3´ RACE primers (Reverse Primer), 

and appropriate forward gene-specific primers. RACE-PCR products were purified using 

QIAquick PCR Purification Kit (Qiagen). The purified products were cloned into pcr4-TOPO 

vectors (Invitrogen), and subjected to conventional Sanger sequencing using M13 forward and 

reverse.   

50 °C 2 minutes  

95 °C 10 minutes  

95 °C 15 seconds  

40 cycles 60 °C 60 seconds 
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7.15 Primer design 

Primers were designed using the publically available primer3 web tool 

(http://frodo.wi.mit.edu/). To insure specific primer design and avoided amplification of non-

target products, each designed primer was assessed using the silico PCR tool provided by the 

UCSC Genome Browser (http://genome.ucsc.edu/cgi-bin/hgPcr?command=start). Primer 

sequences are in supplementary table 4. 

7.16 Gel electrophoresis 

Melting agarose was added in the TRIS/TBE buffer to prepare the gel. The solution was heated 

in a microwave to dissolve the agarose.  Upon cooling, 5 µl of 0.5μg/mL ethidium bromide   was 

added in a 100 ml gel solution. Then the gel was casted and left to solidify.  6x loading 

buffer (bromophenol blue and xylene cyanol) (Thermo Scientific) was added in the sample and 

loaded on the gel. The electrophoresis was performed using a Biorad gel electrophoresis 

chamber (BioRad, U.K.). Different DNA markers such as HyperLadder I, II, IV, V (Bioline) were 

used to identify band size of sample. The bands were visualised using ultraviolet light in the 

AutoChemi Bioimaging System from UVP (U.K.).  

7.17 Western blotting 

Cells were grown on 10 cm plates, allowed to adhere and were harvested for protein isolation in 

different conditions. First, cells were washed with ice-cold PBS, scrapped off  with RIPA (Radio-

Immunoprecipitation Assay) Buffer  (150 mM NaCl, 1.0 % IGEPAL® CA-630, 0.5 % sodium 

deoxycholate, 0.1 % SDS, and 50 mM Tris, pH 8.0, Sigma-Aldrich) supplemented with protease 

inhibitor cocktail (Roche). The lysates were then centrifuged at 4 °C for 20 minutes at 10,000 xg 

to remove any cell debris. The supernatants were transferred into new tubes. Protein 

concentration was measured using the Bradford protein assay (Bio-Rad) following 

manufacturer’s instructions and performed in triplicates.  

http://frodo.wi.mit.edu/
http://genome.ucsc.edu/cgi-bin/hgPcr?command=start
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 Protein concentration was normalised between sample and 1X NuPAGE® LDS sample buffer 

(Invitrogen) supplemented with 2.5 % β-mercaptoethanol was added to the sample. The 

mixture was boiled for 10 minutes on the heat block at 95 °C and run on readymade 4 % 

SDS/PAGE gels (Invitrogen) at 100 V for 2 hours in the cold room.  

For immunoblotting, the polyvinylidene fluoride (PVDF) membrane (Millipore) was first soaked 

in 100 % methanol for 1 minute and then washed in 1X transfer buffer for 10 minutes. Proteins 

were semi-dried and transferred onto membrane (Millipore) using the Mini-Transblot 

apparatus (BioRad) for 2 hours at 12 V. After that membranes were blocked with 5 % bovine 

serum albumin (BSA) (Sigma-Aldrich) in Tris buffered saline (pH 7.5) with 0.2 % Tween-20 

(TBS-T) for 2 hours at room temperature and then incubated overnight at 4 °C with the primary 

antibodies in 5 % BSA TBS-T. The membrane was then washed three times for 10 minutes with 

1 % non-fat dry milk in TBS-T, followed by incubation with secondary goat horseradish 

peroxidase-conjugated anti-rabbit IgG (Invitrogen) diluted 1:10000 in 5 % non-fat dry milk in 

TBS-T for 45 minutes at room temperature. After that the membrane was washed three times 

with 5 % non-fat dry milk in TBS-T. Immunodetection was visualised using the 

chemiluminescence reagents from the Amersham ECL Detection Reagents (GE Healthcare). The 

X-OMAT LS films (Kodak, U.K.) were exposed to the membranes protein-antibody complexes. 

 

 7.18 Immunofluorescence and confocal microscopy 

Immunofluorescence assay was performed for paraspeckles proteins on MCF-7 and ZR75-1 cells 

in hypoxia and normoxia.  20×103  cells were seeded onto cover slips in 24 wells plate. Cells 

were left overnight to attach and settle down. Next day, the medium was removed and cells 

were rinsed twice with PBS. The cells were fixed with 4 % paraformaldehyde (Pierce) in PBS for 

10  minutes at room temperature and were permeabilized with 0.2 % Triton X-100 (T8532, 

Sigma-Aldrich) in PBS for 10 minutes at room temperature. After permeabilizion, cells were 

washed twice with PBS. After that, cells were blocked with 1 % BSA (Sigma-Aldrich) in PBS for 1 
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hour, followed by incubation with either mouse antibodies; PSPC1 (1:500, sc-374181, Santa 

Cruz Biotechnology), NONO (1:500, 611279, BD Transduction Laboratories™), or SFPQ (1:700, 

WH0006421M2-100UG, Sigma-Aldrich) and kept overnight at 4 °C. The coverslips were washed 

with PBST three times before conjugating with fluorescent 488- secondary antibody (Life 

Technologies) diluted 1/200 in 1 % BSA-PBST for 30 minutes at room temperature. The 

coverslips were rinsed twice with PBS and distilled water. The coverslips were then mounted 

into a microscope slide using the DAPI Fluoromount G (Southern Biotech). The slides were 

visualized via the Confocal microscopy and all images were taken using LSM 510 META Ziess 

confocal microscopy. 

7.19 Apoptosis analysis   

7.19.1 Caspase 3 and 7 activities 

The Caspase 3/7 activity was measured using Caspase-Glo® 3/7 Assay (Promega) according to 

the manufacturer protocol.  Around 1,000 cells were seeded per well in 96-well plate and 

allowed to adhere overnight. Cells were then treated with NEAT1 and control ASO , then the 

cells were cultured in hypoxia and normoxia for 24 hours.  100 μl of Caspase-Glo® 3/7 reagent 

was added to each well and incubated for 60 minutes. Caspase 3/7 activity was measured using 

fluorescence microplate reader (SpectraMax M2, USA). Three independent experiments were 

performed with three technical replicates.  

7.19.2 Fluorescence Activated Cell Sorting (FACS) analysis 

In 6-well tissue culture plates, about 150,000 cells were seeded per well and allowed to adhere 

overnight. Cells were transfected with NEAT1 ASO and control ASO and incubated in normoxic 

and hypoxic conditions for 24 hours. After incubation, culture medium was collected in 5 ml 

polypropylene tubes (BD Falcon). The cells were washed twice with cold 0.5 % Bovine Serum 

Albumin diluted in Phosphate Buffered Saline (PBSA) and detached using 0.25 % trypsin-EDTA 
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solution at 37 °C. Detached cells were washed and resuspended with their complete culture 

medium-PBSA mixture. Next, cells were pelleted by centrifugation at 1,000 xg for 5 minutes and 

washed with PBSA twice. The cell pellet was then resuspended in 350 μl of Annexin V (AV) and 

with Propidium iodide (PI) solution. Then cells were incubated in a dark at room temperature 

for 15 minutes. The stained cells were analysed by CyAn ADP analyser (Beckman Coulter). AV-

Alexa Flour 647 was measured by excitation at 642 nm and emission detection at 665 nm was 

measured by excitation at 405 nm and emission detection at 675 nm. 

 

7.20 Clonogenic assay  

Clonogenic assay was performed as described in Nicolass AP et al., 2006. Cells were seeded in 6-

well plates and allowed to adhere overnight. NEAT1 and control antisense oligonucleotides 

were transfected in cells and cultured for 24 hours. Next day, the medium were changed and 

cells were cultured in hypoxia and normoxia for another 24 hours. Cells were washed with PBS 

and stained with 0.2 % methylene blue in ethanol for 60 minutes. The image was taken and the 

cover area was quantified using ImageJ software. Data were analysed  by the average of three 

independent experiments. 

7.21 Cell proliferation assay 

Effect of knockdowns on cell proliferation was measured using the CyQUANT® NF Cell 

Proliferation Assay Kit (Invitrogen) according to the manufacturer’s instructions. The assay is 

based on measuring the cellular DNA content of cell. Since the amount of cellular DNA content is 

closely proportional with number of cells, the extent of proliferation can be determined by 

comparing cell counts with/without knockdowns. First, the solutions were prepared as follows: 

1-  2.2 ml of 5X HBSS buffer was added in 8.8 ml of deionized water to obtain 1X dye 

binding solution. 



262 
 

2- 22 μl of CyQUANT® NF dye reagent was added into 11 ml of 1X HBSS buffer. 

3- Around 1,000 cells were seeded per well in a 96-well plate and allowed to adhere 

overnight. Cells were then treated with NEAT1 and control ASO, then the cells were 

cultured in hypoxia and normoxia for 24 hours.   

4- After incubation, 100 µl of 1X dye binding solution was added in each well. 

5- The microplate was covered and incubated at 37 °C for 60 minutes. 

6- The fluorescence intensity of each sample was measured by a fluorescence microplate 

reader (SpectraMax M2, USA) with excitation at ~485 nm and emission detection at 

~530 nm. The three independent experiments were performed with three technical 

replicates.  

 

7.22 RNA fluorescent in situ hybridization (RNA FISH) 

Approximately 104 of MCF7 cells or 103 of ZR75-1 cells were seeded onto 13 mm circular 

coverslips in 24 well dishes and incubated in normoxic and hypoxic conditions or subjected for 

different knockdowns. The QuantiGene ViewRNA slide-based assay kit (Affymetrix, QVC0001) 

was used according to the manufacturer's recommendations. RNA FISH experiment was 

optimised and performed by Daniela Moralli (Cytogenetics and Microscopy Core, WTCHG, 

University of Oxford). The kit allows to semi-quantify transcript expression and track the 

cellular localization of transcript in hypoxia. A viewRNA probe set designed against RPL11, 

(Affymetrix VA4-11811) and was used as a positive control. ViewRNA probe sets were designed 

against NEAT1 (and custom probes were designed against aSPAG4 and aCELSR2). The RNA 

FISH experiments were analysed using an Olympus BX60 microscope for epifluorescence 

equipped with a Sensys CCD camera (Photometrics, USA). Images were collected using Genus 

Cytovision 7.1 software (Leica). Three independent experiments were performed with a 

minimum of 100 cells which were analysed in each replicated experiment. 
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7.23 Transfection of small interfering RNA (siRNA) 

Previously validated siRNAs targeting HIF-1α, HIF-2α and control scramble were obtained from 

Dharmacon, UK. HIF siRNAs sequences are in supplementary table 6. The siRNAs were 

transfected into cells using Lipofectamine® RNAiMAX reagent (Invitrogen) according to the 

manufacturer’s instructions.  

1. Cells were plated into 6-well plates and cultured until a confluency of 60 % was reached. 

2. Per well, 0.3 ml of reduced serum Optimem medium (Invitrogen) was mixed with 3 µl of 

Lipofectamine® RNAiMAX in a 1.5 ml tube. 

3. In a new tube, 1.2 ml of reduced serum Optimem medium was added with 1.5 µl of 

siRNA (40 µM) for final concentration of 40 nM in a final volume of 1.5 ml. Tubes were 

briefly mixed and kept at room temperature for 5 minutes. 

4. The Lipofectamine® RNAiMAX mix was transferred into the siRNA mix. The tubes were 

briefly mixed and kept at room temperature for 15 minutes.  

5. Cells were washed with PBS, then 1.5 ml of transfection mix was then added onto the 

cells and incubated for 4 hours at 37 °C. 

6. After incubation, 0.5 ml of reduced Serum Optimem medium was added into the cells. 

7. The transfection was repeated after 24 hours. 

8. After the second transfection, the medium was replaced with a fresh complete medium, 

the cells were then incubated in hypoxia.  

 

7.24 Transfection of antisense oligonucleotides (ASO) 

Antisense oligonucleotides targeting NEAT1 and control scramble were designed and obtained 

by Integrated DNA Technologies.  ASOs were transfected into cells using Lipofectamine® 

RNAiMAX reagent (Invitrogen) according to the manufacturer’s instructions. Control and 
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NEAT1 ASOs sequences are in supplementary table. 7. For effective knockdown, two 

transfections were carried out 24 hours apart. Transfection was performed in 6 well plates.  

1- Per well, 250 µl of reduced serum Optimem medium (Invitrogen) was mixed with 6 µl of 

Lipofectamine® RNAiMAX in a 1.5 ml tube. 

2- In a new tube, 250 µl of reduced serum Optimem medium was added with 3 µl of siRNA 

(100 µM) for final concentration of 50 nM in a final volume of 3 ml. Tubes were briefly 

mixed and kept at room temperature for 5 minutes. 

3- The Lipofectamine® RNAiMAX mix was transferred into the siRNA mix. The tubes were 

briefly mixed and kept at room temperature for 15 minutes. 

9. 2.5 ml of transfection mix was added in an empty well.  25,000 cells were added in each 

well containing the transfection mix and then incubated for 10 minutes at 37 °C. 

4- After incubation, 0.5 ml of reduced Serum Optimem medium was added into the cells. 

5- The transfection was repeated after 24 hours. 

6- After the second transfection the medium was replaced with a fresh complete medium, 

the cells were then incubated in hypoxia.  

 

7.25 Statistical analyses 

All the experiments were performed in duplicate or triplicate.  Statistical analyses using two-

tailed t tests were performed in SPSS (IBM Corp, New York, NY, USA) and R (http://www.R-

project.org). The graphs were produced using GraphPad Prism® v5.0 software (GraphPad).  

 

http://www.r-project.org/
http://www.r-project.org/
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7.26 Bioinformatic analysis 

7.26.1 Mapping pipeline 

RNA-seq data were mapped using in-house analysis pipelines. These allowed sequential 

mapping of the raw data to specific RNA databases and for calculation of the expression level of 

the mapped transcripts. The analysis pipeline was initiated by trimming the adapter sequences 

from the raw sequence data using the FASTX-tool kit 

(http://hannonlab.cshl.edu/fastx_toolkit/).  The sequences were mapped sequentially to 

databases of different RNA classes, according to Figure 1B, using Bowtie (version 1.0.0). The 

RNA databases used were: human protein coding database (UCSC), rRNA database (Wellcome 

Trust Centre for Human Genetics bioinformatics group), piwiRNA database (NCBI), microRNA 

database (mirBase), sn/snoRNA database (UCSC), tRNA database (UCSC), and long coding RNAs 

(ENCODE). All databases were based on the 2009 human genome release, hg19. The first round 

of mapping used stringent criteria (1 mismatch, threshold of mismatches ≤ 70) and was 

followed by a second less stringent round (2 mismatches). 

7.26.2 Analysis of non-annotated transcripts 

We next used the Cufflinks package (version 2.1.1), with default settings, to de novo assemble 

transcripts from contiguous reads that had not mapped to the annotated databases above. We 

excluded transcripts with an abundance of less than 13 % of neighbouring annotated 

transcripts or that overlapped an annotated transcript from the same orientation. Transcripts 

were also filtered for the presence both RNAPol2 and H3K4me3 at their putative TSS. The 

remaining filtered transcripts were defined as intergenic (no overlap with annotated 

transcripts) or antisense (overlapping with but in the opposite orientation to an annotated 

transcript). We further required that antisense transcripts overlapped the “sense” transcript by 

at least 100 reads. To assess the coding potential of transcripts ‘‘CPC calculator ’’ tool was used. 

http://hannonlab.cshl.edu/fastx_toolkit/
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7.26.3 Quantification of gene expression 

To determine transcript regulation, mapped sequence data was normalised to the total number 

of mapped reads (excluding the ribosomal reads). Minimum thresholds were then applied to 

transcript abundance (10 reads per transcript piwiRNA, miRNA, snRNA and tRNA and 100 

reads per transcript for pcRNAs and lncRNAs), since at low abundance the estimation of hypoxic 

regulation was poor . The ratio of normalised reads between two samples was calculated as fold 

change.  

7.26.4 ChIP-seq and peak calling analysis 

All ChIP-seq data sets were mapped using Bowtie (version 1.0.0) to the human genome (build 

GRCh37/hg19). Data were normalised to the total number of mapped reads in each dataset. 

Peak finding was performed using CisGenome as previously described. 

7.26.5 Data depository 

Raw and mapped data for RNA-seq and ChIP-seq is available at EMBL‐EBI Array Express 

(E‐MTAB‐1994, E‐MTAB‐1995). 
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Chapter 8: Supplementary  
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Supplementary table 1. Transcripts that manifest greatest fold-regulation in hypoxia 

for each class 

PiwiRNA 
Genes Chr start end strand Fold 

Change 

Upregulated 
piRNApiR-52416 chr1 229567886 229567917 - 14 

piRNApiR-57604 chr6 74228271 74228299 - 4.9 
piRNApiR-47161 chr1 228823233 228823260 + 4.9 

piRNApiR-52681 chr17 17146601 17146629 + 4 
piRNApiR-35058 chr14 90341397 90341425 - 2.5 
Downregulated 

piRNApiR-32376 chr11 10530773 10530804 - 0.21 

piRNApiR-36248 chr17 37023897 37023926 + 0.2 

piRNApiR-31612 chr2 207026644 207026674 + 0.2 
piRNApiR-49039 chr5 180633907 180633933 + 0.2 

piRNApiR-36247 chr17 37023897 37023925 + 0.12 
 

 

miRNA 

Genes Chr start end strand Fold 

Change 

Upregulated 

mir-184 chr15 79502130 79502213 + 205 

mir-9-3 chr15 89911248 89911337 + 65 

mir-9-1 chr1 156390133 156390221 - 64 

mir-1-1 chr20 61151513 61151583 + 49 

mir-1-2 chr18 19408965 19409049 - 49 

Downregulated 

mir-539 chr14 101513658 101513735 + 0.35 

mir-3614 chr17 54968631 54968716 - 0.3 

mir-3658 chr1 165877158 165877213 + 0.18 

mir-329-1 chr14 101493122 101493201 + 0.1 

mir-620 chr12 116586365 116586459 - 0.03 

 

 

 



269 
 

snRNA/snoRNA 
Genes Chr start end strand Fold 

Change 

Downregulated 
ACA67B chr2 10586839 10586974 - 0.1 

ACA24 chr4 119200345 119200475 + 0.09 
U31 chr11 62620796 62620866 - 0.08 

U18C chr15 66793589 66793655 - 0.06 
SNORD124 chr17 38183794 38183897 - 0.04 

 

 

tRNA 
Genes Chr start end strand Fold 

Change 

Downregulated 

tRNA114- Gln CTG chr1 146476760 146476831 - 0.3 
tRNA18-   Tyr  

GTA 

chr14 21125623 21125716 - 0.29 

tRNA3-     Asp GTC chr3 184366095 184366165 - 0.29 
tRNA2-     Leu TAA chr4 156384978 156385052 - 0.28 
tRNA12-   Tyr  

GTA 

chr8 66609532 66609619 - 0.12 

 

 

mRNA 
Genes Chr start end strand Fold 

Change 

Upregulated 
NDRG1 chr8 134249413 134309547 - 24 
ALDOC chr17 26900132 26903951 - 10 

NR4A1 chr12 52445185 52453291 + 8.6 
FOS chr14 75745480 75748937 + 8 

AHNAK2 chr14 105403590 105444694 - 7.6 
Downregulated           
PCNA chr20 5095598 5100647 - 0.23 

HNRNPAB chr5 177631507 177638184 + 0.23 
PKIB chr6 122973873 123047518 + 0.23 

LTV1 chr6 144164507 144184943 + 0.22 
CHAC2 chr2 53994928 54002287 + 0.18 
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lncRNA 
Genes Chr start end strand Fold 

Change 

Upregulated 
NEAT1 chr11 65190245 65192231 + 4.3 

TCONS_00013573 chr7 123560905 123564184 + 4.2 
TCONS_l2_00017632 chr22 22012077 22012712 + 4.2 
TCONS_00015697 chr9 78194585 78203464 + 4.1 

TCONS_00028106 chr20 10844845 10846396 + 4 
Downregulated 

TCONS_00015820 chr9 46661444 46662837 - 0.29 
TCONS_00007500 chr4 29119930 29204392 + 0.21 

TCONS_l2_00023536 chr5 129096155 129100756 + 0.17 
TCONS_00011521 chr6 79314184 79315753 - 0.12 

TCONS_00011596 chr6 153115631 153153048 - 0.08 

 

 

 

 

 

 

 

 

 

 

 

 

 



271 
 

Supplementary table 2.  Hypoxia regulated non-annotated intergenic transcripts 

ID Chr Start End Strand 
Fold change 
in hypoxia 

CPC 

Novel 1 chr1 202053848 202082554 + 1.5 -0.63 

Novel 2 chr1 202053658 202057903 + 1.2 -0.6 

Novel 3 chr1 202002600 202088108 + 1.6 -0.56 

Novel 4 chr1 201983168 202077686 + 1.6 0.84 

Novel 5 chr1 181069443 181074240 - 1.5 -0.95 

Novel 6 chr1 148241355 148241861 + 1.4 -1.32 

Novel 7 chr1 107292908 107293420 + 1.2 -1.04 

Novel 8 chr1 107073060 107424139 + 1.1 0.73 

Novel 9 chr1 106734807 106876406 + 0 -0.24 

Novel 10 chr1 106735450 106762265 + 1.1 -0.77 

Novel 11 chr1 45196573 45196842 - 0.3 -1.36 

Novel 12 chr10 8911651 8932114 + 1.1 -0.99 

Novel 13 chr10 8909994 8931788 + 1.3 0.26 

Novel 14 chr10 5524638 5535702 - 1.4 -0.52 

Novel 15 chr11 65222490 65244737 + 1.7 -0.84 

Novel 16 chr12 25956136 25959121 + 0.8 0.41 

Novel 17 chr12 8116260 8123253 - 1.5 -0.81 

Novel 18 chr15 51328348 51690847 + 1.4 -0.78 

Novel 19 chr16 85587072 85589839 - 2 -0.88 

Novel 20 chr16 85495495 85603598 + 1.7 0.005 

Novel 21 chr16 85479122 85498916 - 1.8 -0.77 

Novel 22 chr16 14395080 14494860 + 1.5 -0.57 

Novel 23 chr16 85496110 85524891 + 1.6 -0.46 

Novel 24 chr2 132300855 132350688 + 1.5 -0.58 

Novel 25 chr2 75136093 75145898 + 1.3 -0.86 

Novel 26 chr2 1571357 1629598 - 1.5 -0.34 

Novel 27 chr20 292339 305552 - 1.8 -0.87 

Novel 28 chr3 64022004 64104438 + 1.3 -0.79 

Novel 29 chr5 177485281 177505466 - 1.6 -0.73 

Novel 30 chr5 172721232 172730376 + 1.8 0.43 

Novel 31 chr5 102088692 102198533 + 1.4 -0.86 

Novel 32 chr5 66509857 66520819 + 1.4 -0.87 

Novel 33 chr5 66509437 66891986 + 1.2 0.75 

Novel 34 chr7 157283010 157312766 + 1.4 -0.27 

Novel 35 chrX 95228382 95229237 - 1.3 0.02 

Novel 36 chr11 70995192 70998931 + 1.8 -0.52 

Novel 37 chr7 129244613 129251530 - 1.9 -0.99 
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Supplementary table 3. Hypoxia non-annotated antisense transcripts (NATs) 

Name Chr Start End Strand Fold 
regulation 

Overlapping 
region of 

original gene 

Regulation of 
sense gene 

aARMC5 chr16 31461767 31470706 - 1.6 5' Upregulated 

aATF7IP2 chr16 10527741 10712970 - 1.5 3' Upregulated 

aMAMDC4/ 
PHPT1 

chr9 139738901 139759957 - 1.3 Cover Upregulated 

aTSEN54 chr17 73517363 73521618 - 1.3 3' Downregulated 

aTPBG chr6 83072075 83075226 - 1.3 5' Upregulated 

aTBX2 chr17 59470718 59477783 - 1.5 5' Downregulated  

aSTXBP2 chr19 7697325 7702009 - 1.6 5' Upregulated 

aSPAG4 chr20 34196650 34207240 - 1.4 5' Upregulated 

aCHRAC1 chr8 141516112 141521724 - 1.5 5' Downregulated 

aGRIN1 chr9 140056711 140062733 - 1.5 3' Not expressed 

aHIF1A chr14 62175449 62214842 - 1.3 3' Downregulated 

aLENG8 chr19 54959291 54960259 - 1.3 5' Upregulated 

aLOC338758  chr12 90056440 90103653 - 1.4 5' Upregulated 

aSPTSSB chr3 161089733 161146159 + 1.2 5' Upregulated 

aBRAT1 chr7 2577658 2587164 + 1.1 3' Downregulated 

aZIC4 chr3 147111164 147128972 + 1.6 5' Non regulated 

aTUT1 chr11 62341769 62346553 + 1.3 Middle Non regulated 

aTRIM17 chr1 228594940 228602400 + 1.3 3' Downregulated 

aTHEM5 chr1 151812700 151825963 + 1.3 3' Not expressed 

aTBC1D10B chr16 30366581 30370364 + 1.5 3' Upregulated 

aSRMS chr20 62170196 62175250 + 1.3 3' Upregulated 

aSLC39A4 chr8 145638718 145644681 + 1.5 5' Non regulated 

aRASEF chr9 85677150 85684988 + 1.1 5' Upregulated 

aPTPRN chr2 220163641 220168902 + 1.3 3' Not expressed 

aPRICKLE2 chr3 64021527 64102071 + 1.1 5' Upregulated 

aCPLX1 chr4 776511 783395 + 1.4 3' Non regulated 

aGMEB2 chr20 62258636 62259915 + 1.3 5' Upregulated 

aGPR132 chr14 105499226 105522613 + 1.5 3' Upregulated 

aHDLBP chr2 242157867 242184464 + 1.8 3' Not expressed 

aKPNA1 chr3 122135105 122146064 + 1.5 3' Downregulated 

aLCAT chr16 67969845 67982503 + 1.4 Cover Non regulated 

aBCAS3 chr17 59432883 59480160 - 1.5 3' Downregulated 

aCELSR2 chr1 109788560 109796206 - 1.5 5' Downregulated 

aBCAN chr1 156607605 156616958 - 1.4 5' Upregulated 

aADRM1 chr20 60880596 60884025 - 1.1 Middle Downregulated 

aAPC2 chr19 1457662 1461617 - 1.1 Middle not expressed 

aPCIF1 chr20 44562017 44563625 - 1.4 5' Upregulated 
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aABHD16B chr20 62492845 62496432 - 1.4 Cover Not expressed 

aTPD52L2 chr20 62492903 62497100 - 1.4 5' Downregulated 

aTMEM167B chr1 109631814 109633438 - 1.5 5' Upregulated 

aTM6SF1 chr15 83781780 83784537 - 1.5 Middle Not expressed 

aTRIM52 chr5 180673525 180684320 + 1.6 3' Upregulated 

aPRICKLE2 chr3 64015517 64092155 + 1.4 3' Upregulated 

aACOT1 chr14 74034390 74036131 - 1.6 5' Downregulated 

aCCDC170 chr6 151931492 151937995 - 1.3 3' Upregulated 

aZFYVE16 chr5 79773878 79783866 - 1.2 3' Downregulated 

aHOXC13 chr12 54329157 54332757 - 1.6 5' Non regulated 

aC12orf61 chr12 62996543 63010159 + 1.4 5' Upregulated 

aPUF60 chr8 144911368 144914231 + 1.3 5' Downregulated 

aSLC25A24 chr1 108742224 108744182 + 1.4 5' Downregulated 

aMIPEP chr13 24289332 24309508 + 1.2 3' Downregulated 

aGPR132 chr14 105498949 105522080 + 1.2 3' Not expressed 

aIRS1 chr2 227661484 227680686 + 1.2 5' Upregulated 

aTPO chr2 1476408 1626668 - 1.2 3' Not expressed 
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Supplementary table 4. Oligonucleotides for qPCR used in this project. 

Transcript name Direction Sequence 5’ to 3’ 

TMSB10 Forward GACCATTGAGCAGGAGAAGC 

TMSB10 Reverse GTCCCTTCAGAGACCCACAG 

PVRL4 Forward CAAAATCTGTGGCACATTGG 

PVRL4 Reverse GCTGACATGGCAGACGTAGA 

STON1 Reverse  TTGCCTCTGCTTTGTGAATG 

STON1 Forward  TGAAACGCATCAGCTCAAAC 

RAB11FIP5 Forward  GCTCGAAAAGCAAAAAGGTG 

RAB11FIP5 Reverse  GCTCGAAAAGCAAAAAGGTG 

BCKDK Forward  CAGAACTTGGAGCAGGGAAG 

BCKDK Reverse  ACGAACCAGTTCAACCCAAG 

RCN3 Forward  GACTTCCGGGATCTGAACAA 

RCN3 Reverse  CCATAGTTGGTGGCCTGACT 

BCOR Forward  GCAAAGAGAATCGCCAACTC 

BCOR Reverse  TCTCGGAGTCTTTGGTTGCT 

VTCN1 Forward  CCCAATCCGAAGTGTCAACT 

VTCN1 Reverse  TATCCTGGTGCCCGATAGAG 

FUT3 Forward  AGGTGTACCCACAGGCAGAC 

FUT3 Reverse  GCGGTAGGACATGGTGAGAT 

HOOK3 Forward  GTGAACCTTATTGGGGAGCA 

HOOK3 Reverse  CAGCTGACGATCAAGGTCAA 

CA9 Forward ACAATGTGCATATCGTGGCA 

CA9 Reverse CAGAGGGGCTCTGATAGGTTT 

VEGF Forward CCTTGCTGCTCTACCTCC 

VEGF Reverse AGCTGCGCTGATAGACAT 

RPL11   Reverse  TCCAAGATTTCTTCTGCCTTG 

RPL11   Forward  CTTTGGCATCCGGAGAAAT  

XIST  Forward  TGCTGATCATTTGGTGGTGT 

XIST  Reverse  TGACTTCCTCTGCCTGACCT 

HOTAIR   Forward  GGTAGAAAAAGCAACCACGAAGC 

HOTAIR   Reverse  ACATAAACCTCTGTCTGTGAGTGCC 

H3J  Forward  GAGATCCGCCGTTATCAGAA 

H3J   Reverse  CTTGGCGTGAATAGCACAGA 

H1D   Forward  CTGCTCCACTTGCTCCTACC 

H1D   Reverse  CCAAGCTTGATACGGCTGTT 

H3C   Forward  GTGGCGTGAAGAAACCTCAT 

H3C   Reverse  TTAGCGTGAATAGCGCACAG 

aSPAG4  Forward  TTAAGAAGGAGCAGGGCATC 

aSPAG4  Reverse  TGTGGGTATGACGATTGGTG 

SPAG4   Forward  AAGGAGGTGTCCACTGTTCG 

SPAG4   Reverse  GCGTAATCGTGGGATGTCTT 

aSLC25A24 Forward GTGTCTGCCAGCTGCACTTA 

aSLC25A24 Reverse GACTACCCGGAGACGCTATG 

aGMEB2 Forward GACGCTGCTGTGTGTGAATG 
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aGMEB2 Reverse GCCCTCCTCCTACAAGTGTG 

aTMEM167B Reverse  AGAAGCCGTAGTACGCAGGA 

aTMEM167B Forward  AGTTACCACGGCCAAGTACG 

aTRIM52 Forward  CTAAAGCTGAAGGGCAGGTG 

aTRIM52 Reverse  TTTCAAAACTGTGGGTGTGC 

aCCDC170 Forward  TAGTCTTGCGCTTCCTGACA 

aCCDC170 Reverse  CAGCTGTTTACCGTGTAGGTCA 

aABHD16B Forward  CGGGGACTAGGGACATGTAG 

aABHD16B Reverse  CCTAGCTCTGTCCCCTCCTT 

aGPR132 Forward  GACCTGGGAGAACAGTTCCA 

aGPR132 Reverse  TCCAGCCTCTAGCCACAGTT 

aTHEM5 Forward  GTTGCCAAGCATGTGACTGT 

aTHEM5 Reverse  TTGGATCCTCCACAGACTCC 

aCELSR2 Forward  TTCCACCCAAAGGCAGATAG 

aCELSR2 Reverse  CCCAAGTCCCGTCTCCTCTA 

CELSR2 Forward  GAGAAGCCCTACTGCCAGGT 

CELSR2 Reverse  TCATTGAAACGCCCATTGTA 

MALAT1 Forward  TGTGTGCCAATGTTTCGTTT 

MALAT1 Reverse  AGGAGAAAGTGCCATGGTTG 

NEAT1 Forward  ATGCTGATCTGCTGCGTATG 

NEAT1 Reverse  CCAGTTTTCCGAGAACCAAA 

chr16:85587072-85589839 Forward  GGTCGGAGAGAGAGCCTTTT 

chr16:85587072-85589839 Reverse  TTCCATAGTGGCCAGAGAGG 

chr11:70995192-70998931 Forward  TGCTGTGCACTTGTGTGTTC 

chr11:70995192-70998931 Reverse  CCCCTGCAGTCACCTTTTAT 

chr7:129244613-129251530 Forward  TGAAGGAGTAGGAGGGCAAA 

chr7:129244613-129251530 Reverse  AAACACGTGGCTTTCCTGTT 

chr20:292339-305552 Forward  GACCAGCATCTCAACTGCAA 

chr20:292339-305552 Reverse  TCTTCCCCTCCTCTTCCAAT 

chr5:172721232-172730376 Forward  CGCAACTGTAGCACATGGAT 

chr5:172721232-172730376 Reverse  TGCCTTCGCAAGAGTCTTCT 

chr5:177485281-177505466 Forward  GTAGGGCCTGTGCCTTTTCT 

chr5:177485281-177505466 Reverse  TGGTTGAGACGTCTGTGAGC 

chr12:8116260-8123253 Forward  AAAAAGGAGAGCGCGTACTG 

chr12:8116260-8123253 Reverse  GCCCGAACTACAATTCTTGG 

chr16:85479122-85498916 Forward  ACCACCTAAGCCGACATCTG 

chr16:85479122-85498916 Reverse  CTCTGTGTGCACCTCTCTGC 

TCONS_00021778 Forward  GCCTAGGTTCCACCCTTTTC 

TCONS_00021778 Reverse  CGGGAACAGAAAGAAAGCAG 

TCONS_00010677 Forward  GGCTGGAGTACAGTGGCATAG 

TCONS_00010677  Reverse  GCGAAACACGGTGTCTACAA 

TCONS_00026155 Forward  GCAGCAGAACTGATGGTGAA 

TCONS_00026155 Reverse  AGTGCCACAACCCCTGATAG 

TCONS_l2_00017632 Forward  ACTCTTGTTGCAGGCGAAGT 

TCONS_l2_00017632 Reverse  ACGGGGAGAGGTTGATCC 
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TCONS_00024694 Forward  GCTAGAGGGCAGCTACAGGA 

TCONS_00024695 Reverse  ATTTGGTAGGAGGGCAGCTT 

TCONS_00018859 Forward  ATGGGCAAGAACAGGATGTC 

TCONS_00018859 Reverse  GGACCAGGGTTGACTAATGC 

TCONS_00012630 Forward  TGTTCAGGGTGTCTCTGCTG 

TCONS_00012630 Reverse  CACTGCCTCTGGTGATCTGA 

TCON_00019373 Forward  GCTTCACGACGTGTTGCTAA 

TCON_00019373 Reverse  TCAGACTGGGCTTTGTAGGG 

TCONS_00019713 Forward  AAGGCTCCTGACTGTGGAGA 

TCONS_00019713 Reverse  GAGGAGTCTCACCTGCAAGC 

TCONS_l2_00016774 Forward  TGTCAAGCCCTGCTCTTTCT 

TCONS_l2_00016774 Reverse  GTTCCTTCTGCTGCAACTCC 

TCONS_00020202 Forward  CAGCCTATGAGCTCCTCCAG 

TCONS_00020202 Reverse  GAGACTGCTCTCCACGAACC 

 TCONS_00000020 Forward  GCCGTTTTACATTGGCTGTT 

 TCONS_00000020 Reverse  ATTTGGAAGGTCGTCCACTG 

TCONS_l2_00027397 Forward  AGGAAGCAACTTTCCAGCAA 

TCONS_l2_00027397 Reverse  CTCTGGGTCAGGAATTTGGA 

TMSB10 Forward GACCATTGAGCAGGAGAAGC 

TMSB10 Reverse GTCCCTTCAGAGACCCACAG 

PVRL4 Forward CAAAATCTGTGGCACATTGG 

PVRL4 Reverse GCTGACATGGCAGACGTAGA 

STON1 Reverse  TTGCCTCTGCTTTGTGAATG 

STON1 Forward  TGAAACGCATCAGCTCAAAC 

RAB11FIP5 Forward  GCTCGAAAAGCAAAAAGGTG 

RAB11FIP5 Reverse  GCTCGAAAAGCAAAAAGGTG 

BCKDK Forward  CAGAACTTGGAGCAGGGAAG 

BCKDK Reverse  ACGAACCAGTTCAACCCAAG 

RCN3 Forward  GACTTCCGGGATCTGAACAA 

RCN3 Reverse  CCATAGTTGGTGGCCTGACT 

BCOR Forward  GCAAAGAGAATCGCCAACTC 

BCOR Reverse  TCTCGGAGTCTTTGGTTGCT 

VTCN1 Forward  CCCAATCCGAAGTGTCAACT 

VTCN1 Reverse  TATCCTGGTGCCCGATAGAG 

FUT3 Forward  AGGTGTACCCACAGGCAGAC 

FUT3 Reverse  GCGGTAGGACATGGTGAGAT 

HOOK3 Forward  GTGAACCTTATTGGGGAGCA 

HOOK3 Reverse  CAGCTGACGATCAAGGTCAA 

CA9 Forward ACAATGTGCATATCGTGGCA 

CA9 Reverse CAGAGGGGCTCTGATAGGTTT 

VEGF Forward CCTTGCTGCTCTACCTCC 

VEGF Reverse AGCTGCGCTGATAGACAT 

RPL11   Reverse  TCCAAGATTTCTTCTGCCTTG 

RPL11   Forward  CTTTGGCATCCGGAGAAAT  

XIST  Forward  TGCTGATCATTTGGTGGTGT 
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XIST  Reverse  TGACTTCCTCTGCCTGACCT 

HOTAIR   Forward  GGTAGAAAAAGCAACCACGAAGC 

HOTAIR   Reverse  ACATAAACCTCTGTCTGTGAGTGCC 

H3J  Forward  GAGATCCGCCGTTATCAGAA 

H3J   Reverse  CTTGGCGTGAATAGCACAGA 

H1D   Forward  CTGCTCCACTTGCTCCTACC 

H1D   Reverse  CCAAGCTTGATACGGCTGTT 

H3C   Forward  GTGGCGTGAAGAAACCTCAT 

H3C   Reverse  TTAGCGTGAATAGCGCACAG 

aSPAG4  Forward  TTAAGAAGGAGCAGGGCATC 

aSPAG4  Reverse  TGTGGGTATGACGATTGGTG 

SPAG4   Forward  AAGGAGGTGTCCACTGTTCG 

SPAG4   Reverse  GCGTAATCGTGGGATGTCTT 

aSLC25A24 Forward GTGTCTGCCAGCTGCACTTA 

aSLC25A24 Reverse GACTACCCGGAGACGCTATG 

aGMEB2 Forward GACGCTGCTGTGTGTGAATG 

aGMEB2 Reverse GCCCTCCTCCTACAAGTGTG 

aTMEM167B Reverse  AGAAGCCGTAGTACGCAGGA 

aTMEM167B Forward  AGTTACCACGGCCAAGTACG 

aTRIM52 Forward  CTAAAGCTGAAGGGCAGGTG 

aTRIM52 Reverse  TTTCAAAACTGTGGGTGTGC 

aCCDC170 Forward  TAGTCTTGCGCTTCCTGACA 

aCCDC170 Reverse  CAGCTGTTTACCGTGTAGGTCA 

aABHD16B Forward  CGGGGACTAGGGACATGTAG 

aABHD16B Reverse  CCTAGCTCTGTCCCCTCCTT 

aGPR132 Forward  GACCTGGGAGAACAGTTCCA 

aGPR132 Reverse  TCCAGCCTCTAGCCACAGTT 

aTHEM5 Forward  GTTGCCAAGCATGTGACTGT 

aTHEM5 Reverse  TTGGATCCTCCACAGACTCC 

aCELSR2 Forward  TTCCACCCAAAGGCAGATAG 

aCELSR2 Reverse  CCCAAGTCCCGTCTCCTCTA 

CELSR2 Forward  GAGAAGCCCTACTGCCAGGT 

CELSR2 Reverse  TCATTGAAACGCCCATTGTA 

MALAT1 Forward  TGTGTGCCAATGTTTCGTTT 

MALAT1 Reverse  AGGAGAAAGTGCCATGGTTG 

NEAT1 Forward  ATGCTGATCTGCTGCGTATG 

NEAT1 Reverse  CCAGTTTTCCGAGAACCAAA 

chr16:85587072-85589839 Forward  GGTCGGAGAGAGAGCCTTTT 

chr16:85587072-85589839 Reverse  TTCCATAGTGGCCAGAGAGG 

chr11:70995192-70998931 Forward  TGCTGTGCACTTGTGTGTTC 

chr11:70995192-70998931 Reverse  CCCCTGCAGTCACCTTTTAT 

chr7:129244613-129251530 Forward  TGAAGGAGTAGGAGGGCAAA 

chr7:129244613-129251530 Reverse  AAACACGTGGCTTTCCTGTT 

chr20:292339-305552 Forward  GACCAGCATCTCAACTGCAA 

chr20:292339-305552 Reverse  TCTTCCCCTCCTCTTCCAAT 
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chr5:172721232-172730376 Forward  CGCAACTGTAGCACATGGAT 

chr5:172721232-172730376 Reverse  TGCCTTCGCAAGAGTCTTCT 

chr5:177485281-177505466 Forward  GTAGGGCCTGTGCCTTTTCT 

chr5:177485281-177505466 Reverse  TGGTTGAGACGTCTGTGAGC 

chr12:8116260-8123253 Forward  AAAAAGGAGAGCGCGTACTG 

chr12:8116260-8123253 Reverse  GCCCGAACTACAATTCTTGG 

chr16:85479122-85498916 Forward  ACCACCTAAGCCGACATCTG 

chr16:85479122-85498916 Reverse  CTCTGTGTGCACCTCTCTGC 

TCONS_00021778 Forward  GCCTAGGTTCCACCCTTTTC 

TCONS_00021778 Reverse  CGGGAACAGAAAGAAAGCAG 

TCONS_00010677 Forward  GGCTGGAGTACAGTGGCATAG 

TCONS_00010677  Reverse  GCGAAACACGGTGTCTACAA 

TCONS_00026155 Forward  GCAGCAGAACTGATGGTGAA 

TCONS_00026155 Reverse  AGTGCCACAACCCCTGATAG 

TCONS_l2_00017632 Forward  ACTCTTGTTGCAGGCGAAGT 

TCONS_l2_00017632 Reverse  ACGGGGAGAGGTTGATCC 

TCONS_00024694 Forward  GCTAGAGGGCAGCTACAGGA 

TCONS_00024695 Reverse  ATTTGGTAGGAGGGCAGCTT 

TCONS_00018859 Forward  ATGGGCAAGAACAGGATGTC 

TCONS_00018859 Reverse  GGACCAGGGTTGACTAATGC 

TCONS_00012630 Forward  TGTTCAGGGTGTCTCTGCTG 

TCONS_00012630 Reverse  CACTGCCTCTGGTGATCTGA 

TCON_00019373 Forward  GCTTCACGACGTGTTGCTAA 

TCON_00019373 Reverse  TCAGACTGGGCTTTGTAGGG 

TCONS_00019713 Forward  AAGGCTCCTGACTGTGGAGA 

TCONS_00019713 Reverse  GAGGAGTCTCACCTGCAAGC 

TCONS_l2_00016774 Forward  TGTCAAGCCCTGCTCTTTCT 

TCONS_l2_00016774 Reverse  GTTCCTTCTGCTGCAACTCC 

TCONS_00020202 Forward  CAGCCTATGAGCTCCTCCAG 

TCONS_00020202 Reverse  GAGACTGCTCTCCACGAACC 

 TCONS_00000020 Forward  GCCGTTTTACATTGGCTGTT 

 TCONS_00000020 Reverse  ATTTGGAAGGTCGTCCACTG 

TCONS_l2_00027397 Forward  AGGAAGCAACTTTCCAGCAA 

TCONS_l2_00027397 Reverse  CTCTGGGTCAGGAATTTGGA 
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Supplementary table 5.  Sequences of HIF siRNAs  

 

 

 

 

 

 

 

Supplementary table 6.  List of TaqMan® assays. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

siRNA  Sense Antisense 

HIF-1 CUGAUGACCAGCAACUUGAtt UCAAGUUGCUGGUCAUCAGtt 

HIF-2 CAGCAUCUUUGAUAGCAGUtt ACUGCUAUCAAAGAUGCUGtt 

 TaqMan assay  Assay ID 

has-miR-612 1579 

has-miR-184 485 

has-miR-210 512 

has-miR-100 437 

has-miR-1 2222 

RNU43 1095 

SNO38 Hs03200042_s0 

SNO117 Hs03299042_s1 

SNO60 Hs03309311_s1  

SNO21 Hs04274615_s1  

SNO66 Hs03297862_s1 

TCF25 Hs00248217_m1  

C15orf42 Hs00738302_m1 

DHX30 Hs00209180_m1 

ZNF320 Hs02598857_g1  

RBAK Hs00372722_m1 
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