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Abstract 

Epigenetic modifications remain dynamic in most somatic cells to enable flexible 

gene activity. Simultaneously, this creates a cellular environment prone to 

“epigenetic mistakes” and this is evident in most diseases, including cancers. It is 

well established that cancer initiation and progression is caused by a complex series 

of genetic and epigenetic changes encompassing altered patterns of DNA 

methylation, histone modifications and the physical chromatin structure. The 

consequence of these collective changes is an abnormal gene expression signature 

that can act as a catalyst for disease.  

Prostate cancer is a highly heterogeneous disease and owing to this, only a few 

highly penetrant genomic drivers have been associated with the disease. Epigenetic 

studies can provide additional insight into disease onset and progression, with DNA 

methylation being one of the most studied epigenetic alterations in prostate cancer. 

The transcriptomic and DNA methylation profiles of ‘local’ and ‘metastatic’ cells 

are typically integrated and compared to benign or ‘normal’ states. However, the 

metastasis of primary tumours is the main cause of prostate cancer related deaths, 

and it is important to identify gene expression and epigenetic signatures that may 

drive this process. To address this, the overall aim of this thesis was to identify and 

validate divergent transcriptomic events that may explain the biology of metastasis 

by drawing comparisons between cells obtained from local tumours and those of 

metastasised cancer. A cell line model of prostate cancer that represents ‘localised’ 

prostate cancer (22Rv1 cell line) and two prostate cancer ‘metastasis’ cell lines 

(LNCaP, lymph node; PC3, bone) was utilised, in combination with whole 
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transcriptomic data and genome-wide DNA methylation analysis to identify 

candidate genes and test the impact of DNA methylation inhibitors.  

 

Putative drivers of metastasis were identified in three parts, firstly by differential 

gene expression; secondly, by differential alternative splicing and thirdly, by 

differential promoter DNA methylation. Using whole transcriptomic RNA 

sequencing (RNA-seq), genes of interest exhibited at least two fold difference 

between 22Rv1 cells and either of LNCaP or PC3 cell lines, with the genes that 

were commonly identified in both pairwise comparisons subject to clustering and 

pathway analyses. This revealed a list of 629 robust candidates, including 

GUCY1A2 and KISS1R, which displayed higher levels of expression in LNCaP and 

PC3 metastatic cell lines compared to the localized 22Rv1 cancer cells. 

Additionally, global alternative splicing analysis revealed that QSOX1 showed 

intron retention concomitant with overall higher levels of gene expression in the 

LNCaP and PC3 metastatic cell lines compared to the localized 22Rv1 cancer cells. 

 

DNA methylation information was generated by Illumina Infinium 

MethylationEPIC Beadchip array. A total of 16,866 differentially methylated 

regions (DMRs) were identified between 22Rv1 and PC3 comprising of 218,341 

total CpG dinucleotides. These DMRs were filtered based on FDR<0.05 and mean 

beta fold change >0.25, and to include regions with promoter methylation patterns 

that tightly correlated with gene expression patterns. These stringent criteria 

identified 147 regions of interest spanning 2,050 CpG sites, including two DMRs 

overlapping the PXMP4 and SLC36A4 gene promoters. Interestingly, the DNA 
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methylation profiles of these promoters was inverse, with PXMP4 displaying DNA 

hypermethylation and SLC36A4 showing DNA hypomethylation in PC3 compared 

to 22Rv1 cells. As predicted, this DNA methylation pattern correlated with 

expression patterns; PXMP4 was repressed while SLC36A4 was expressed in the 

metastasized PC3 compared to localized 22Rv1 cancer cells. To investigate 

whether these genes were regulated by DNA methylation, genes of interest were 

tested for responsiveness to the DNA methyltransferase inhibitor, 5-aza-2’-

deoxycytidine. Drug treatment caused a significant upregulation of PXMP4 in the 

metastatic cell lines while no effect was seen in 22Rv1 cells. No significant change 

in expression was noted for SLC36A4, GUCY1A2 and KISS1R. This suggests that 

repression of PXMP4 in metastasis could possibly be due to the modulation of DNA 

methylation. Overall, this study provides insights into the genome-wide 

transcriptomic and methylation differences identifying a number of promising 

candidate genes ideal for further functional investigation in the process of prostate 

cancer metastasis.  
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1.  INTRODUCTION 
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1.1 Epigenetics 

The term epigenetics was coined by Conrad Waddington in 1942, who described it 

as the branch of biology that studied how the interactions between genes gave rise 

to the phenotype (Waddington 1947). In general, epigenetics can be defined as the 

heritable changes in gene expression not involving changes in the DNA sequence 

(Peschansky and Wahlestedt 2014). It includes the environmental effects on genes 

(Jaenisch and Bird 2003) and these modifications can be inherited both mitotically 

and meiotically (Trerotola et al. 2015; Manjrekar 2017). Epigenetic mechanisms 

consist of physical and chemical modifications of the DNA, which are responsible 

for packaging bulk DNA within the cell, and the expression or repression of genes 

in a cell-type specific manner.  

 

The grouping of epigenetic layers can be collectively referred to as the epigenome 

(Bernstein et al. 2007) (Figure 1.1). The epigenome of a cell is highly dynamic and 

is subject to precise cell type-based changes at different developmental stages, 

particularly in mammals (Boland et al. 2014). This means that a multicellular 

organism has the same genome across all cell types whereas the number of 

epigenomes depends on the number of distinct cell types (Almouzni et al. 2014). 

Epigenome-Wide Association Studies (EWAS), is currently a method of choice to 

study the association between epigenetic variation and phenotype/trait (Kuan et al. 

2017; Roos 2017; Johansson et al. 2019). The study of the epigenome has gained 

momentum in recent years leading to the development of The International Human 

Epigenome Consortium (IHEC), which aims to provide access to high resolution 

genome-wide epigenetic marks in a number of major primary human cell types 

(Stunnenberg et al. 2016). Increasing interest in the field has revealed that 
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epigenomic homeostasis is essential for normal gene function and that any 

aberration in the epigenome can contribute to disease.  

 

 

 

 



4 

 

 

Figure 1.1 : Different epigenetic layers that make up the epigenome of a 

normal cell.  

This figure shows the chromatin states, nucleosome positioning and DNA 

methylation marks and how they are interlinked with the gene being transcribed or 

not. (Source: Baylin and Jones 2011) 

 

  



5 

 

1.1.1 Chromatin Structure 

DNA is packaged within the eukaryotic cell as chromatin. Chromatin consists of 

DNA and histone proteins, and it allows the DNA to be compacted and folded into 

chromosomes (Hübner and Spector 2010). There are two basic states that chromatin 

exists in: heterochromatin (silent) and euchromatin (active). The two states were 

initially distinguished cytologically in moss nuclei, wherein the postmitotic 

condensed state was termed as heterochromatin and the decondensed fraction of 

chromosomes was called euchromatin (Heitz 1928). Heterochromatin can protect 

chromosome ends and is also involved in the separation of chromosomes during 

mitosis, whereas the more abundant euchromatin state is where the genes are 

expressed or repressed as required (Kouzarides 2007). In mammals, 

heterochromatin can be further distinguished into constitutive and facultative 

heterochromatin. Constitutive heterochromatin is comprised of repetitive 

sequences and is usually found in the centromere and telomere regions (Saksouk et 

al. 2015), whereas facultative heterochromatin consists of genes that have been 

silenced, but can be ‘switched’ to euchromatin during development (Trojer and 

Reinberg 2007). The inactive X chromosome in mammals serves as a good example, 

where the transcriptionally active chromosome is made of euchromatin and the 

other transcriptionally inactive chromosome is made of facultative heterochromatin 

(Naughton et al. 2010). Sometimes, in some cells, a normally active gene within 

euchromatin is positioned adjacent to heterochromatin due to rearrangement, and 

becomes silenced due to position effect variegation, which was first observed in 

Drosophila melanogaster (Muller and Muller 1930; Elgin and Reuter 2013). 
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1.1.2 Nucleosomes 

Nucleosomes are the basic repeating unit of chromatin. The nucleosome itself is 

made up of an octameric histone core consisting of a histone H3 and H4 tetramer 

flanked by dimers of histones H2A and H2B, wrapped in approximately 1.7 helical 

turns of DNA (Thomas and Kornberg 1975; Arents et al. 1991; Cutter and Hayes 

2015). Each nucleosome is separated by approximately 10-60 base pairs (bp) of 

linker DNA and the entire chromatin fibre formed is approximately 10  nanometre 

(nm) in diameter (Wiekowski and DePamphilis 1993). Nucleosomes have a major 

role in packaging DNA, and compact almost 75-90% of the eukaryotic genome 

(Field et al. 2008) with the exception of functional regions such as the promoters 

and enhancers of active genes (Bernstein et al. 2004). Indeed, it has been shown 

that the promoter regions of active genes have a distinctive nucleosome-depleted 

region (NDR) immediately upstream of the transcriptional start site (Mavrich et al. 

2008), and this was first observed in Saccharomyces cerevisiae (Yuan et al. 2005). 

More recently, it has been shown that the location of NDRs is cell-type specific and 

is preferentially located at enhancer regions of normal cells, whereas in cancer cells, 

enhancer NDRs acquire nucleosomes due to a global chromatin reconfiguration 

(Taberlay et al. 2014). 

 

Nucleosome positioning is an important aspect of the epigenome since this 

mechanism can regulate gene expression by modulating the accessibility of the 

DNA to transcription factors, giving rise to gene activation or repression (Kornberg 

and Lorch 1999; Taberlay et al. 2011; Taberlay et al. 2014). The organization of 

nucleosomes around the promoter can be defined by translational and rotational 

positioning. Translational positioning is where the nucleosome has a fixed position 
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linearly with respect to the DNA sequence and rotational positioning is where the 

DNA helix has a fixed orientation in relation to the nucleosome core particle with 

respect to the DNA sequence (Sewack and Hansen 1997). Nucleosome 

organization can be determined by a number of factors including the activity of 

chromatin remodelers (Gkikopoulos et al. 2011; Yen et al. 2012) and the DNA 

sequence itself (Kaplan et al. 2010; Struhl and Segal 2013). The genomic sequence 

plays a major role in at least 50% of nucleosome positioning in vivo (Segal et al. 

2006; Kaplan et al. 2009). A study in yeast reported that DNA sequence 

information directly altered the DNA encoded nucleosome organization such that 

the active promoter regions of cellular respiration genes in aerobic yeast exhibited 

a nucleosome-depleted region, while the inactive promoters were nucleosome 

occupied to inhibit transcription (Field et al. 2009). Another study in yeast revealed 

that an extensive amount of nucleosome repositioning was observed at promoter 

regions of both active and repressed genes suggesting that nucleosome positioning 

underpins dynamic gene expression (Nocetti and Whitehouse 2016). Gene 

expression is not only affected by nucleosome positioning but also by the post-

translational modifications that confer functional change to nucleosomes and 

associated DNA. 

 

1.1.3 Histone Modifications 

The core histone proteins (H2A, H2B, H3, H4) are highly conserved across 

eukaryotes (Mariño-Ramírez et al. 2011). The N-terminal tails of histones 

protruding from the surface of nucleosomes are highly basic, lysine rich (Luger and 

Richmond 1998), protease sensitive and make up almost 25-30% of the individual 

histone mass (Wolffe and Hayes 1999). These tails undergo a large number of post-
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translational modifications such as phosphorylation, acetylation and methylation, 

which affect chromatin structure and function (Sadakierska-Chudy and Filip 2015). 

Of these, over 60 different residues with modifications have been detected 

(Kouzarides 2007). The exact position,  and the timing of appearance of 

modifications depends upon the signaling conditions within the cell (Kouzarides 

2007). Growing understanding of the importance of these modifications has led to 

the proposal of the ‘histone code’ hypothesis, which suggests that the histone tail 

modifications can change the affinity of proteins interacting with DNA and create 

different combinations on individual nucleosomes, leading to chromatin regulation 

(Strahl and Allis 2000; Jenuwein and Allis 2001). Technologies like ChIP-chip and 

ChIP- Seq have made it easier to monitor the histone modifications at a global level 

(Schones and Zhao 2008), increasing the amount of information about post-

translational histone modifications in different cell types, contexts or following 

environmental change.  

 

Histone acetylation was first reported in 1964 (Allfrey et al. 1964); it involves the 

addition of an acetyl group (-COCH3) to the ɛ-amino group of lysine residues. The 

hyperacetylation of H3 and H4 histones is associated with and often used as a 

marker of transcriptionally active genes (Allfrey et al. 1964; Schübeler et al. 2004), 

as it neutralizes the positive charge of histones and relaxes the chromatin structure 

to allow for an open and transcriptionally active conformation (Struhl 1998). 

Acetylation of histone tails in proximity of the transcription start site (TSS) can 

destabilize the structure of the nucleosome leading to decreased nucleosome 

occupancy, which is associated with transcriptional activation (Wang et al. 2009). 

The enzymes involved in histone acetylation are histone acetyltransferases (HATs) 
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and histone deacetylases (HDACs), which work in an antagonistic manner by 

adding or removing an acetyl group to or from the histone tails, respectively. HATs 

have been linked with the activation of transcription whereas HDACs have been 

linked with transcriptional repression (Wang et al. 2009) and it is known that both 

HATs and HDACs are highly conserved in eukaryotes (Wang et al. 2016). HATs 

can be divided into two major classes wherein type-A HATs are present in the 

nucleus and are involved in the transcription related acetylation whereas type-B 

HATs are present in the cytoplasm and acetylate newly translated histones and 

facilitate their packaging in the nucleosome (Roth et al. 2001). HAT1 was the first 

catalytic subunit of B type HAT identified in yeast (Kleff et al. 1995). Eighteen 

members of HDAC family, subdivided into three major groups based on similarities 

in structure and function, have been found in humans, wherein class I and II are Zn 

dependent and members of class III are NAD+ dependent (Khan et al. 2008). The 

balance between the two enzymes is necessary for normal gene regulation and any 

alteration in HDAC regulation has been linked to many diseases, including cancer 

(Ropero and Esteller 2007), which is why a number of HDAC inhibitors are being 

developed for use in anticancer therapies (Abbass et al. 2019). 

 

Histone methylation mainly occurs on lysine and arginine residues and is catalysed 

by histone methyltransferases (HMT) (Rice and Allis 2001).  Histone lysine 

methylation is catalysed by enzymes known as histone lysine methyltransferases 

(HKMT) and the first HKMT to be identified was SUV39H1, which methylates 

H3K9 (lysine 9 of histone 3) in heterochromatin regions (Rea et al. 2000). It is 

worth noting that lysine can be mono-, di- or tri- methylated whereas arginine can 

be mono- or di- methylated (Bannister et al. 2002). Methylation of histones has 



10 

 

varying effects on gene regulation based on the residue modified. For example, 

methylation of H3K4 (Lysine 4 of histone 3) is linked to transcriptionally active 

genes whereas methylation of H3K9 (Lysine 9 of histone 3), H3K27 (Lysine 27 of 

histone 3) and H4K20 (Lysine 20 of histone 4) is usually linked with gene 

repression (Robin et al. 2007). Methylation states also play an important role in 

determining active and repressed chromatin states. It has been observed that di- and 

tri-methylation of H3 at Lysine 4 is associated with active chromatin in eukaryotes 

(Schneider et al. 2004). In addition, mono-methylation of H3K27 and tri-

methylation of H3K9 is found in constitutive heterochromatin, whereas 

trimethylation of H3K27 and mono-methylation of H3K9 mark facultative 

heterochromatin in mammals (Peters et al. 2003). 

 

1.1.4 DNA Methylation 

DNA methylation is one of the most largely studied and well-characterized 

epigenetic modifications. It involves the addition of a methyl (CH3) group to the 

fifth carbon of the cytosine ring, catalysed by enzymes known as DNA 

Methyltransferases (DNMT) (Moore et al. 2013). In humans, it typically occurs on 

the cytosine preceding a guanine in a CpG dinucleotide. There are approximately 

28 million CpG sites in the genome that are non-randomly distributed and constitute 

almost 1% of the genomic DNA (Babenko et al. 2017). There are certain CpG rich 

regions which are known as CpG islands (CGIs) and are usually present at the 5’ 

end of proximal promoter region of a number of mammalian genes (Vavouri and 

Lehner 2012). It has also been shown that CGIs are associated with all 

housekeeping genes, and almost 40% of tissue specific genes (Larsen et al. 1992; 

Wang and Leung 2004; Zhu et al. 2008). The CGIs associated with promoter 
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regions are usually unmethylated in normal cells irrespective of whether the gene 

is being actively transcribed (Herman and Baylin 2003; Weber et al. 2007), with a 

few exceptions such as X-linked inactivation and genomic imprinting (Park and 

Chapman 1994; Edwards and Ferguson-Smith 2007). CGIs that are not associated 

with known promoters, referred to as orphan CGIs, constitute almost half of all 

CGIs of the genome (Illingworth et al. 2010). These orphan CGIs can be associated 

with the intra- or intergenic regions and their methylation patterns are tissue 

specific (Maunakea et al. 2010). Their biological significance is not fully 

understood, however it has been shown that they possess the properties of a 

functional promoter although, due to the high degree of methylation, they lose the 

functional promoter properties depicting their possible role in early development 

(Illingworth et al. 2010). Recent studies have revealed that orphan CGIs possess 

strong enhancer properties (Bell and Vertino 2017). In addition, it has been found 

that orphan CGIs can function as alternative promoters in a tissue-specific manner 

when the proximal promoter is methylated. This study further revealed that the 

activation of alternative promoters was widely observed in breast and kidney cancer, 

suggesting its role in cancer progression (Sarda and Hannenhalli 2018).  

 

DNA methylation was long thought to act as a ‘lock’ that prevented gene 

transcription, however, a study later revealed that DNA methylation marks acted as 

signals for long term DNA methylation maintenance (Raynal et al. 2012). DNA 

methylation was also considered to be irreversible, leading to permanent gene 

silencing, until the discovery of ten eleven translocation protein 1 (TET1), which 

has the ability to modify and potentially remove the methylation marks (Tahiliani 

et al. 2009). 
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1.1.4.1 DNA Hypermethylation 

There are three DNA Methyltransferases identified named DNMT1, DNMT3A and 

DNMT3B. DNMT1 has a role in maintenance of methylation patterns and has also 

been shown to take part in de novo methylation, in cooperation with DNMT3A 

(Fatemi et al. 2002). DNMT3A and DNMT3B mainly carry out de novo 

methylation and are involved in  establishment of DNA methylation pattern during 

embryogenesis (Okano et al. 1999), though their role in maintenance has also been 

characterized (Chen et al. 2003). All the three methyltransferases are essential for 

embryonic development (Okano et al. 1999; Jackson-Grusby et al. 2001) and a total 

lack of methylation leads to abnormal growth or death of embryos, but has no effect 

on viability embryonic stem cells (Li et al. 1992; Tsumura et al. 2006). A study also 

showed that DNMT1 is essential for the human cancer cells to survive and 

proliferate (Chen et al. 2007).  

 

DNMT3L is a DNMT3A and DNMT3B homolog lacking the conserved catalytic 

domain and is expressed in germ cells (Gopalakrishnan et al. 2008). It stimulates 

the DNA methylation activity of DNMT3A and DNMT3B in vivo (Suetake et al. 

2004) and is also essential for maternal methylation imprinting (Hata et al. 2002). 

Loss of DNMTL leads to impaired  spermatogenesis and sterility in males (La Salle 

et al. 2007) and imprinting defects in females (Arima et al. 2006). 

 

CpG methylation is usually the most studied in animals, but studies have shown 

that non-CpG methylation is widespread in plants (Cokus et al. 2008) and has also 

recently been observed in mammals (Lister et al. 2009). A study showed that 

DNMT3A, which is predominantly responsible for the de novo methylation of CpG 
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sites, was also seen to de novo methylate CpA and CpT sites in Drosophila 

(Ramsahoye et al. 2000). Earlier there were doubts about the function of non-CpG 

methylation in mammals, but it has been shown that de novo non-CpG methylation 

in brain is catalysed by DNMT3A and is functionally similar to CpG methylation, 

resulting in transcriptional repression (Guo et al. 2014). Even though the 

methylation at 5’ promoter region of genes in CpG context are widely studied, a 

larger majority of methylation actually takes place outside the promoter region with 

the simple repeats harbouring the most methylation (Jones 2012). It is known that 

promoter region methylation acts as a transcriptional repressor and leads to gene 

silencing, whereas methylation in the gene body has been shown to have a positive 

correlation with transcription (Greenberg and Bourc’his 2019). Intragenic 

methylation has also been linked to the regulation of alternative splicing since it 

acts as a marker for coding regions (Maunakea et al. 2013). The distinct role of 

intragenic methylation in relation to gene expression, however, is still being studied. 

 

1.1.4.2 DNA Hypomethylation 

CpG dinucleotides not associated with CpG islands, and present in the repetitive, 

untranscribed regions of the genome are usually heavily methylated in normal 

somatic cells (Long et al. 2017). Genome wide demethylation of CpG dinucleotides 

has been linked to aging (Jung and Pfeifer 2015) and also cancer. Global 

hypomethylation in tumours as compared to normal cells was, in fact, one of the 

first epigenetic alterations found in human colorectal cancer (Feinberg and 

Vogelstein 1983) and has been observed to be an early event of carcinogenesis 

(Compare et al. 2011). DNA hypomethylation has also been linked to chromosomal 

instability (Eden et al. 2003) and it is now known that the hypomethylation of the 
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pericentromeric regions of chromosomes 1, 16 and 9 is associated with 

immunodeficiency, centromeric instability and facial anomalies syndrome (ICF) 

(Simo-Riudalbas et al. 2015). In addition, DNA hypomethylation has been found 

to be associated with autoimmunity, loss of imprinting and overexpression of proto-

oncogenes (Richardson 2002). 

 

1.2 Epigenetic Crosstalk 

A number of studies have demonstrated that histone modifications and DNA 

methylation work synergistically to determine transcriptional outcomes (Kondo et 

al. 2004; Ohm et al. 2007; Kondo 2009; Lee et al. 2010). This correlation is shown 

in Figure 1.2. Higher levels of H3K4me2 and H3K4me3 deposition are usually seen 

at unmethylated CpG island promoters, signifying that certain histone 

modifications might play a role in protecting the DNA from methylation (Weber et 

al. 2007). It has also been proposed that DNA methylation in intragenic regions 

causes chromatin modification, leading to a decrease in H3K4me2, H3K4me3, 

H3K9ac and H3K14ac, thus inhibiting transcriptional elongation (Lorincz et al. 

2004). A study in Neurospora crassa reported that a mutation in the H3K9 

methyltransferase was correlated with reduced DNA methylation, suggesting that 

DNA methylation is dependent on methylation of H3K9 (Tamaru and Selker 2001). 

In addition, another study observed that H3K4me2 expression is depleted from 

regions with DNA methylation and this pattern was associated with transcriptional 

repression, which suggests that DNA methylation and the presence of H3K4me2 is 

mutually exclusive (Okitsu and Hsieh 2007). 
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Figure 1.2: The correlation between DNA methylation, histone acetylation and 

gene expression. 

DNA methylation is usually associated with a ‘closed’ chromatin conformation, 

making the DNA inaccessible to the transcriptional machinery and correlating with 

gene silencing. In comparison, the absence of DNA methylation coupled with 

presence of histone acetylation is typically associated with an ‘open’ chromatin 

conformation, making the DNA accessible to the transcriptional machinery and 

correlated with gene expression. (Created using BioRender.com) 
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Even though this interdependence is often observed, there are also studies that show 

that epigenetic layers can also function independently. A study reported that the 

presence of H4K16ac was sufficient to impede the 30 nm chromatin fibre formation 

and subsequently, cross fibre interactions (Shogren-Knaak et al. 2006). 

Additionally, a decrease in H3K9me2 was observed when DNA methylation loss 

was coupled with increased transcription, but interestingly, H3K9me2 was not 

affected by fluctuations in DNA methylation alone (Johnson et al. 2002). It has also 

been observed that gene repression by H3K27me3 in cancers was potentially 

independent of DNA methylation at the promoter regions (Kondo et al. 2008). In 

fact, DNA methylation and H3K27me3 were long thought to be mutually exclusive, 

but the development of bisChIP-Seq demonstrated that depending on the genomic 

region, they can colocalise (Statham et al. 2012). 

 

It is known that promoter regions of active genes are characterised by nucleosome-

depleted regions, which allow for RNA Pol II binding (Yuan et al. 2005). An early 

study reported that DNA methylation of CpG sites at these promoters affected the 

nucleosome occupancy in vivo (Davey et al. 1997). In addition, DNMT3B has been 

shown to interact with the hSNF2h chromatin remodeling enzyme, suggesting that 

DNA methyltransferases may be directing the chromatin remodelers to the 

methylated CpG sites, leading to a change in nucleosome occupancy (Geiman et al. 

2004). It has also been reported that DNMT3A and 3B can independently interact 

with nucleosomes associated with methylated CpG islands, signifying DNMT and 

nucleosome interaction for maintenance of methylation (Jeong et al. 2009). This 

interaction between DNMT and nucleosomes was later shown to be essential for 

the maintenance of cellular DNMT3A and 3B levels (Sharma et al. 2011). Another 
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study showed that during differentiation, the changes in nucleosome occupancy 

precede DNA methylation (You et al. 2011). 

 

Despite the increasing number of studies about the epigenetic interdependence, 

exact mechanisms underlying epigenetic crosstalk is still not clear, including 

identification of the initial epigenetic aberration in disease, which would hold high 

therapeutic significance. 

 

1.3 Epigenetics and Disease 

It has been established that epigenetics plays an important role in the regulation of 

transcription and any disruption in the maintenance of the normal epigenetic 

mechanisms can alter the unique epigenetic signature, deregulating the regular gene 

expression pattern. Dynamic epigenetic changes are part of normal aging; a number 

of studies have reported that epigenetic processes can influence the life span of an 

individual, which means that diet and environment in addition to genetics can help 

in determining our life span (Herskind et al. 1996; Kucharski et al. 2008; Pal and 

Tyler 2016). Furthermore, epigenetic studies have led to new findings about the 

role of epigenetic changes in a number of disorders including various cancers 

(Jones and Baylin 2007; Esteller 2008), obesity (Campión et al. 2009), 

cardiovascular diseases (Ordovás and Smith 2010), mental retardation associated 

disorders (Kramer and van Bokhoven 2009; van Bokhoven and Kramer 2010) and 

chromosomal instability (Katoh et al. 2006; Rodriguez et al. 2006).  

 

Unlike genetic mutations, epigenetic modifications are potentially reversible and 

therefore, the development of epigenetic therapies is gaining popularity  (Kelly et 
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al. 2010). A number of epigenetic drugs are already in use for treatment of some 

cancers, including myelodysplastic syndrome (Kaminskas et al. 2005; Gore et al. 

2006; Mann et al. 2007) and memory disorders (Mikaelsson and Miller 2011), with 

many others under development and clinical trial testing. The first human disease 

to be linked to epigenetics was colon and lung cancer (Feinberg and Vogelstein 

1983), and cancers broadly are still the most extensively studied to date. 

 

1.3.1 Epigenetics and cancer 

Cancer is a disease that can be characterised by aberrant gene expression and 

function, where normal growth control is disturbed and cells proliferate 

uncontrollably, invade normal tissues and can eventually spread throughout the 

whole body. Cancers were long considered genetic diseases, but numerous studies 

have since showed that there is substantial interplay between genetic and epigenetic 

processes to drive the initiation and progression of the disease (Jones and Laird 

1999; Jones and Baylin 2002). Alteration in each of the epigenetic layers has been 

observed in cancers (Pageau et al. 2007; Kanwal and Gupta 2012), with 

concomitant changes in chromatin structure and organisation observed in some 

contexts.   

 

1.3.1.1 Chromatin remodelers 

Whole genome and exome sequencing of a number of cancer genomes has revealed 

frequent mutations of the chromatin remodelers (Futreal et al. 2004; Wilson and 

Roberts 2011; Manelyte 2017). More than 20% of human cancers harbour a 

mutation in a subunit of BAF (Brg/Brahma-associated factors) or SWI/SNF, which 

consists of 15 subunits (Kadoch et al. 2013). Mutations can lead to silencing of 
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tumour suppressor genes or activation of oncogenes. For example, ARID1A, a 

subunit of BAF, is mutated and inactivated in a number of cancers, which suggests 

that it has a role of a tumour suppressor (Wu and Roberts 2013). However, 

aberration of the SS18 (synovial sarcoma translocation, chromosome 18) subunit 

of the BAF complex has been found to be linked with synovial sarcoma, where it 

forms a fusion protein with SSX (a closely related gene on the X chromosome) due 

to a chromosomal translocation and activates Sox2, which was required for disease 

proliferation (Kadoch and Crabtree 2013). Multiple new functions of chromatin 

remodelers have been revealed through an increasing number of studies; however, 

their mechanism in normal and cancer cells is still not completely understood (Giles 

and Taberlay 2018). 

 

1.3.1.2 Histone modifications 

Like other epigenetic modifications, histone modifications are also disrupted in 

cancers and play a role in tumourigenesis (Füllgrabe et al. 2011). While some, such 

as the loss of acetylation at H4K16 and tri-methylation at H4K20, is observed in all 

cancers (Fraga et al. 2005), other changes to the histone modification landscape are 

likely to be cancer or cell-specific. Another study showed that lower global levels 

of H3K4me2 and H3K18ac indicated higher incidence of recurrence of prostate 

cancer (Seligson et al. 2005). It has been demonstrated that the methylation levels 

of H4K20 could help monitor prostate cancer disease progression via the patterns 

of mono-, di- and tri-methylation of H4K20, which accurately differentiated 

between the different prostate cancer subtypes (Behbahani et al. 2012).  
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1.3.1.3 DNA methylation 

The earliest studies linked DNA methylation to long term memory function 

(Griffith and Mahler 1969), and later studies have shown that DNA 

hypermethylation of tumour-suppressor genes (Greger et al. 1989; Sakai et al. 1991; 

Herman et al. 1994; Gonzalez-Zulueta et al. 1995; Merlo et al. 1995), and global 

hypomethylation of DNA occurs in human tumours (Cheung et al. 2009). Genome 

wide hypomethylation and regional gains in DNA methylation is now considered a 

hallmark of cancer (Jones and Baylin 2002). DNA hypomethylation is usually 

observed in the repeat regions and in the promoter regions of proto-oncogenes 

leading to karyotypic instability and activation of proto-oncogenes (Ehrlich 2002; 

Pfeifer 2018). On the other hand, aberrant DNA hypermethylation is usually 

observed in the promoter regions of a number of genes possessing tumour 

suppressor functions (Baylin and Herman 2000; Herman and Baylin 2003; 

Jerónimo et al. 2004), particularly overlapping CpG Islands (Figure 1.3). This DNA 

hypermethylation often leads to abnormal gene silencing, which in the case of 

tumour suppressor genes, can eventually contribute to initiation and progression of 

the disease (Li et al. 2004). For example, hypermethylation in the promoter region 

of Glutathione S-Transferase P (GSTP1) is seen in the majority of prostate cancers 

and it has also been observed that the frequency of hypermethylation increases with 

disease progression, suggesting the predictive role of DNA methylation in disease 

progression (Mahon et al. 2014). A recent study in fact revealed pan-cancer 

transcriptional dysregulation related to DNA methylation (Wang et al. 2020). 

  



21 

 

 

Figure 1.3 : Representation of alteration in the DNA methylation landscape in 

cancer.  

A) DNA methylation regulation in normal cell. The CpG islands associated with 

active promoter regions are unmethylated and the intergenic CpGs are 

hypermethylated. Higher gene body methylation is also associated with gene 

expression. B) A global hypomethylation leading to genomic instability and 

activation of oncogenes is observed in cancer. Gene specific hypermethylation can 

be linked to the silencing of tumour suppressor genes. C) The alteration to the DNA 

methylation landscape associated with metastasis has not yet been elucidated. 

White circles represent unmethylated CpG sites and black circles represent 

methylated CpG sites.(Adapted from: Stirzaker et al. 2014) 
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Eventual resistance to treatment is a common attribute of most aggressive cancers, 

and a difference in DNA methylation has been observed between therapy resistant 

and sensitive tumours, depicting the pivotal role DNA methylation plays in therapy 

resistance (Chen et al. 2015; Lund et al. 2017; Zhu et al. 2018). It has been shown 

that altering DNA methylation by treatment with decitabine can re-sensitise therapy 

resistant ovarian cancer to the drug, carboplatin (Matei et al. 2012). Additionally, a 

recent study revealed that DNA methylation can be used to define patient subgroups 

in metastatic melanoma and can therefore be targeted to generate tailored therapy 

combinations for patients falling in different subgroups to overcome the resistance 

to immunotherapy (Emran et al. 2019). DNA methylation marks can therefore, act 

as good targets for cancer therapy either alone or in combination with other 

therapies.  

 

1.4 Prostate cancer 

Prostate cancer is the most commonly diagnosed male cancer in Australia and is 

second only to lung cancer in the number of male cancer deaths (AIHW 2019). The 

majority of prostate cancers are adenocarcinomas (Alizadeh and Alizadeh 2014) 

arising mostly from luminal epithelial cells (Wang et al. 2014). In a normal state, 

androgens are essential for prostate function, however, in prostate cancer, an 

increase in androgen receptor (AR) signalling pathway activity is associated with 

tumour proliferation (Crawford et al. 2019). Almost all cases of prostate cancer are 

initially androgen dependant and require androgens for growth and proliferation, 

which was first shown in 1941 (Huggins and Hodges 1941). Androgen deprivation 

therapy (ADT) is therefore, used as the first line of treatment for advanced prostate 

cancer, which causes a reduction in the AR signalling ultimately leading to 
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apoptosis of both normal and malignant cells (Denmeade et al. 1996). However, 

virtually all prostate cancers then undergo changes to re-activate AR signalling and 

ultimately stop responding to ADT, giving rise to a lethal form of disease known 

as castration resistant prostate cancer (CRPC) (Waltering et al. 2012).  

 

Prostate cancer is generally considered a highly heterogenous disease (Tolkach and 

Kristiansen 2018) in terms of pathology (Ruijter et al. 1996; Tonry et al. 2020), 

mutation profile (Barbieri et al. 2013) and DNA methylation status (Serenaite et al. 

2015). It is also a clinically heterogenous disease with high variability in disease 

progression and outcomes. At the time of primary diagnosis, prostate cancer 

typically presents with multiple distinct foci, which can exhibit variance in 

aggressiveness and can establish tumours independently of each other (Carm et al. 

2019). Interestingly, an extensive amount of inter as well as intra focal 

heterogeneity in terms of mutation profile has been observed in prostate cancer 

(Carm et al. 2019). Most prostate tumours are indolent with low risk of progression; 

however, some can be more aggressive and progress to the lethal form rapidly 

(Tolkach and Kristiansen 2018). The 5 year survival rate, which refers to the 

percentage of people alive 5 years post diagnosis, for localised cancer is 100% but 

is reduced to only 30% once the cancer has metastasised (Harryman et al. 2019). 

The current diagnostic techniques are unable to efficiently differentiate between 

indolent and more aggressive tumours with the propensity to metastasise, at an 

early stage, which leads to inaccurate predictions for prognosis and difficulty in 

applying the most appropriate treatments.  
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1.4.1 Transcriptional changes in prostate cancer metastasis 

Localised prostate cancer is usually considered curable, in contrast to a cancer that 

has metastasised (Chow et al. 2019). While the underlying mechanism/s that 

initially causes prostate cancer is not completely understood, the increasing number 

of transcriptomic studies and gene panels have helped in the identification of genes 

with altered expression between normal prostate epithelial and prostate cancer cells. 

Many genes now have application in clinical practice with four commercially 

available gene panels for localised prostate cancer namely, ProMark, Prolaris, 

Oncotype Dx Prostate and Decipher (reviewed in Couñago et al. 2020) but there 

has been increasing interest in identifying biomarkers of metastasis. However, most 

of the research related to prostate cancer metastasis is based on metastatic CRPC 

(mCRPC) samples that have been subjected to ADT (Gundem et al. 2015; Robinson 

et al. 2015; Sowalsky et al. 2015; Bova et al. 2016), and since mCRPC cells have 

evolved to acquire therapy resistance, these studies do not take into consideration 

the events involved in driving metastatic progression from non-hormone treated 

primary tumours. Two key studies have reported the transcriptional changes that 

distinguish primary and hormone-naïve prostate cancers (Lu et al. 2018; Schmidt 

et al. 2018). Schmidt and colleagues compared hormone-naïve primary prostate 

cancer to matched lymph node metastasis and observed multiple transcripts 

deregulated in metastasis. Based on these transcripts, they developed prognostic 

models to predict metastatic potential and risk of recurrence (Schmidt et al. 2018). 

Lu and colleagues used an in vivo functional screen to identify oncogenes and 

revealed the role of Pygopus family PHD finger 2 (PYOG2) in promoting primary 

tumour growth and metastasis to the lymph nodes and bone. They further validated 

the oncogenic role of PYOG2 using clinical expression analysis, in vitro functional 
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assays and animal models (Lu et al. 2018). Despite the increasing interest, no 

validated gene panels with prognostic or predictive function exist for hormone-

naïve metastasis so far. 

 

The high interpatient and even intra-tumour heterogeneity associated with prostate 

cancer makes it more difficult to identify distinct biomarkers driving disease onset 

and progression. Epigenetic studies, however, are providing greater insight into the 

disease with DNA methylation being the most studied epigenetic modification 

prostate cancer. 

 

1.4.2 DNA methylation changes in prostate cancer metastasis 

Global hypomethylation in prostate cancer was first observed in 1987 (Bedford and 

Van Helden 1987). Soon after, gene specific methylation with impact on gene 

expression was observed for GSTP1 (Lee et al. 1994). It has been found that unlike 

other cancers, global DNA hypomethylation occurs at a later timepoint than CpG 

hypermethylation in prostate cancer (Yegnasubramanian et al. 2008). There is 

increasing interest in the difference in DNA methylation patterns between benign 

and prostate cancer samples to identify prognostic rather than diagnostic 

biomarkers using both solid and liquid biopsies (Kirby et al. 2017; Brikun et al. 

2018; Bakavicius et al. 2019). However, only one commercialised epigenetic assay 

known as ConfirmMDx (MDxHealth, Irvine, CA), has been developed so far, and 

is based on the detection of DNA hypermethylation of GSTP1, RASSF1 and APC 

from solid biopsy samples (Van Neste et al. 2012; Van Neste et al. 2016). This is 

currently being used in conjunction with regular diagnostic procedures to predict 

the need of a repeat biopsy in case of an initial negative result. The efficacy of this 
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test in predicting cancer risk and need for repeat biopsy has been validated by 

multiple studies (Stewart et al. 2013; Partin et al. 2014; Wojno et al. 2014); however, 

this test has not yet been approved by any government authority such as the 

Therapeutic Goods Administration (TGA) or Food and Drug Administration (FDA). 

A molecular based test was developed by Munbjerg in 2017, which predicted the 

metastasis potential of primary foci, in multifocal primary tumour, to pelvic lymph 

nodes. The aggressiveness of one or more primary foci was determined based on 

the strong correlation of DNA methylation pattern between the primary foci and 

matched pelvic lymph node metastasis in solid biopsy samples from 14 patients 

(Mundbjerg et al. 2017).Recently, two DNA methylation based diagnostic tests 

known as Methylation DETection of Circulating Tumor DNA (mDETECT) 

(Carson et al. 2020) and Epigenetic Cancer of the Prostate Test in Urine 

(epiCaPture) (O'Reilly et al. 2019), 2019) have been developed for use with liquid 

biopsies. The mDETECT test measures prostate cancer burden using prostate 

specific circulating tumour DNA from blood, whereas epiCaPture is a urine-based 

test which screens for DNA hypermethylation at the regulatory regions of GSTP1, 

SFRP2, IGFBP3, IGFBP7, APC and PTGS2 gene promoters. These tests, however, 

still require validation prior to approval by government authorities including the 

Therapeutic Goods Administration (TGA, Australia) or the Federal Drug 

Administration (FDA, United States of America) (Carson et al. 2020). 

 

The interest in studying the DNA methylation patterns to identify biomarkers of 

metastasis is increasing, but, similar to the transcriptional studies, most research 

focussing on prostate cancer metastasis is based on mCRPC samples (Aryee et al. 

2013; Ge et al. 2020; Wu et al. 2020; Zhao et al. 2020). To the best of my 
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knowledge, there has been one study that assayed multiple tumour sites, 

premalignant lesions and non-treated lymph node metastasis and revealed that 

DNA methylation heterogeneity correlated with the clonal evolution of prostate 

cancer (Brocks et al. 2014).  

 

1.5 Aims and justifications 

Despite the extensive research going on in this field, the underlying mechanism of 

disease onset and progression is not very well understood. More in-depth study is 

required to identify biomarkers associated with prostate cancer onset and 

progression. Once the cancer metastasises, it is deemed incurable. ADT remains 

the cornerstone treatment for such cancers and it has been shown that patients 

receiving ADT are more likely to develop CRPC, which is the lethal form of 

prostate cancer (Ge et al. 2020). Therefore, it is important to identify biomarkers 

associated with the initiating events of metastasis. This can be done by studying the 

epigenetic and transcriptomic differences between localised and metastasised 

cancer. To achieve this, the current study utilises a model of prostate cancer cell 

lines representing normal prostate epithelium (PrEC), localised prostate tumour 

(22Rv1), lymph node metastasis (LNCaP) and bone metastasis (PC3). The regions 

represented by the cancer cell lines are shown in Figure 1.4 and a schematic 

summarising the experimental plan is shown in Figure 1.5. 
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Figure 1.4: Cell line location characteristics. 

This schematic depicts the equivalent location that the cell lines have been derived 

from within the male human body. (Created using BioRender.com) 
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Figure 1.5 : Schematic outlining the experimental model of the current study. 

Cell structures drawn using biorender (https://biorender.com/). 
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Hypothesis: Transcriptomic and DNA methylation changes are hallmarks of 

prostate cancer metastasis.  

 

Overall Aim: To identify a gene set that includes putative drivers of prostate cancer 

metastasis and determine whether the expression of some of these genes are 

amenable to epigenetic intervention. 

 

The specific aims of this thesis are: 

Aim 1: To characterize genome-wide patterns of divergent transcriptomic events 

across prostate cancer disease stages (Chapter 3).  

Aim 2: To characterise DNA methylation changes that occur in metastasising 

prostate cancer cells that are distinct from localised prostate cancer cells (Chapter 

4).  

Aim 3: To study the key transcriptomic changes in a prostate cancer metastasis 

model in response to 5-Aza-2’-Deoxycytidine treatment (Chapter 5).  
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2. MATERIAL AND METHODS 
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2.1 Cell Culture 

2.1.1 Cell lines and maintenance 

Cell lines representing different stages across prostate cancer progression were 

utilized for the experiments outlined in this thesis. The human prostate carcinoma 

epithelial cell line, 22Rv1 (‘localized’); a left supraclavicular lymph node 

metastatic cell line, LNCaP (‘metastasized’) and the prostatic adenocarcinoma cell 

line, PC3 (‘metastasized’) were obtained from Cell Bank Australia at the 

commencement of this project and cultured according to the manufacturer’s 

instructions. Briefly, 22Rv1, LNCaP and PC3 cell lines were cultured in RPMI 

1640 medium (Gibco, #11875-093) supplemented with 10% foetal bovine serum 

(Bovogen Biologicals, Australia) and 10 mL of 5,000 units/mL of penicillin and 

5,000 µg/mL of streptomycin solution (Pen/Strep; Gibco, #15140-122). All cell 

lines were maintained at 37°C and 5% CO2. 

 

2.1.2 Resuscitation of frozen cells 

Cryovials of cell stocks were removed from vapour phase liquid nitrogen storage 

and placed immediately in a dewar of liquid nitrogen until required. Each cryovial 

was warmed in a water bath at 37°C with gentle agitation until just thawed, and the 

cell suspension was transferred to a 15mL conical tube. Pre-warmed RPMI 1640 

medium (9mL) supplemented with 10% foetal bovine serum (Bovogen Biologicals, 

Australia) and 10 mL of 5,000 units/mL of penicillin and 5,000 µg/mL of 

streptomycin solution (Pen/Strep; Gibco, #15140-122), was added dropwise to the 

cell suspension and mixed gently to ensure even resuspension of cells. Cells were 

centrifuged at 500g for 5 minutes at room temperature. The supernatant was 

aspirated and the cell pellet was gently loosened, resuspended in 10mL RPMI 1640 
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medium, transferred to a 25cm2 flask with a vented cap (Corning Incorporated, 

USA) and incubated at 37°C and 5% CO₂. 

 

2.1.3 Subculturing cells 

Cell lines were sub-cultured once they reached 80-90% confluence. The cell culture 

medium was aspirated and the adherent cells were washed with 10mL PBS that was 

pre-warmed to 37°C. The PBS was then aspirated, and the cells were incubated for 

1 minute in 5mL of 0.05% trypsin (Sigma-Aldrich, USA). The flask was physically 

agitated intermittently to aid cell detachment. Trypsin was neutralised with an equal 

volume (5mL) of medium containing 10% FBS and the contents of the flask were 

transferred to a 50mL conical tube. Cells were centrifuged at 500g for 5 minutes at 

room temperature, the supernatant was aspirated and the cell pellet was 

resuspended in the required amount of medium. Cells were transferred to a larger 

75cm2 flask or multiple 25cm2 flasks, as required, or harvested for experiments. 

22Rv1 and LNCaP cells were sub-cultured at a ratio of either 1:3 or 1:4, and PC3 

cells at either 1:4 or 1:5 for maintenance. 

 

2.2 5-Aza-2’-Deoxycytidine treatment  

Cells were seeded at 30% confluence (Day 0) and incubated for 24 hours at 37°C 

and 5% CO2. On Day 1, cell culture medium was aspirated and replaced with 

medium containing either vehicle (DMSO) or 5-Aza-2’-Deoxycytidine or ascorbic 

acid (Vitamin C) or 5-Aza-2’deoxycytidine + ascorbic acid combination as outlined 

in Table 2.1.  
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Table 2.1 : Treatment Protocol.  

Treatment Vehicle Concentration 

Control DMSO  

5-Aza-2’-

Deoxycytidine 

DMSO 0.3µM 

Vitamin C UltraPure DNase/RNase-

Free distilled water 

57µM 

5-Aza-2’-

Deoxycytidine + 

Vitamin C 

DMSO + UltraPure 

DNase/RNase-Free 

distilled water 

0.3µM + 57 µM 

 

 

Cells were incubated at 37°C and 5% CO2 and treated for one population doubling 

time (see Table 2.2). After a single population doubling, the medium was removed 

and washed in pre-warmed PBS taking care not to detach the cells. Fresh medium 

without vehicle or drug treatment was added to each flask and cells were returned 

to incubation at 37°C and 5% CO2 for two additional population doublings. Cells 

were harvested using a cell scraper for detachment, the flask was washed in an 

additional 10mL of PBS and cells were collected by centrifugation at 500g for 5 

mins at room temperature. The supernatant was aspirated and cell pellets were 

stored at -80°C until required.  
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Table 2.2 : Population doubling time information for the treated cell lines. 

 

 

 

 

 

 

2.3  Nucleic acid extraction  

2.3.1 RNA extraction for RNA sequencing 

TRI reagent (Sigma-Aldrich, USA) was added directly to a cell pellet at a ratio of 

500µL per 2.5-5x106 cells, resuspended and incubated at room temperature for 5 

minutes. Chloroform (100µL; Sigma-Aldrich, USA) was added and then the 

suspension was mixed by vigorous shaking for 15 seconds before incubating at 

room temperature for 10 minutes. Samples were then centrifuged at 15,000 g for 

15 minutes, and the upper aqueous phase transferred to a fresh microcentrifuge tube. 

Isopropanol (250μL; Sigma-Aldrich, USA) was added to the aqueous phase and 

samples were mixed gently by inversion. Samples were precipitated overnight at -

20°C. RNA was collected by centrifugation at 15,000 g for 20 minutes at 4˚C. The 

supernatant was discarded and the pellet was washed by addition of one and a half 

volumes (700μL) of 70% ethanol.  Samples were centrifuged at 6,000 g for an 

additional 5 minutes, supernatant discarded and the pellet allowed to air dry for 

approximately 10 minutes. RNA was resuspended in 50μL of milliQ water, 

incubated at 55-60°C with intermittent mixing prior to storage at -80°C. 

Cell line Population doubling time 

22Rv1 48 hours 

LNCaP 48 hours 

PC3 24 hours 
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2.3.2 Genomic DNA extraction 

DNA was extracted using the DNeasy Blood and Tissue kit (Qiagen, #69504) 

following the manufacturer’s guidelines. Briefly, 5 x 106 cells were resuspended in 

200µL of PBS supplemented with 20µL of proteinase K. Buffer AL (200µL) was 

added to each sample, mixed by vortex and incubated at 56°C for 10 minutes. 

Ethanol (200µL of 100%) was added to the sample, mixed by vortex and transferred 

to a DNeasy mini spin column and 2mL collection tube. Samples were centrifuged 

at 6,000g for 1 minute, then the flow-through was discarded. The spin column was 

placed into a new 2mL collection tube before addition of 500µL Buffer AW1 to the 

column. Samples were centrifuged at 6,000g for 1 minute, then the flow-through 

was discarded. The spin column was placed into a new 2mL collection tube before 

addition of 500µL Buffer AW2 to the column. Samples were centrifuged at 20,000g 

for 3 minutes, then the column was carefully transferred to a new 1.5mL 

microcentrifuge tube. Buffer AE (200µl) was added to each sample and allowed to 

incubate for 1 minute at room temperature. DNA was recovered by centrifugation 

at 6,000g for 1 minute and stored at -20°C. 

 

2.4 Nucleic acid quantification 

2.4.1 NanoDrop spectrophotometric quantification 

The NanoDrop™ spectrophotometer (Thermo Fisher Scientific) was used for 

quantification of nucleic acid samples by ultraviolet absorbance. The concentration 

of DNA or RNA was measured by reading the absorbance of each sample at 260nm 

under the appropriate setting, and the purity was ascertained by the A260/280 

(indicative of protein contaminants) and A260/230 (indicative of organic 

contaminants) absorbance ratios. 
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2.4.2 Qubit fluorometric quantification 

The Qubit fluorometer (Thermo Fisher Scientific) was used for the quantification 

of cDNA libraries to aid in multiplexing prior to RNA-sequencing (Section 2.7). 

The libraries were quantified using high sensitivity DNA kit (Thermo Fisher 

Scientific, #Q32854) according to manufacturer’s instructions using freshly 

prepared standards and 2µL of sample. 

 

2.5  Nucleic acid quality assessment 

2.5.1 TapeStation automated electrophoresis 

The TapeStation 4200 System (Agilent) was used to assess the quality of purified 

RNA prior to making cDNA libraries for total RNA sequencing, as well as the 

completed libraries. The quality and concentration of the purified RNA was 

assessed using high sensitivity RNA tapes (Agilent), and the quality of the final 

libraries was assessed using DNA 1000 tapes (Agilent) both according to 

manufacturer’s instructions.  

 

2.6 Targeted gene expression analysis  

2.6.1 RNA extraction and cDNA preparation 

22Rv1, LNCaP and PC3 cell lines were grown in culture and cells were collected 

for three biological replicates of each cell line according to experiment. RNA was 

extracted and purified using Direct-zol RNA microprep kit (Zymo Research) 

according to manufacturer guidelines. The final RNA was eluted in 15µL of 

nuclease free water and was quantified on NanoDrop. cDNA was prepared using 

qScript cDNA Supermix kit. The reaction assemblies for each sample were 
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prepared according to the manufacturer’s instructions. Briefly, 4µL of qScript 

cDNA Supermix was mixed with 1µg of RNA, and the volume was adjusted to 

20µL with nuclease free water. The samples were then incubated at 25°C for 5 

minutes, 42°C for 30 minutes, 85°C for 5 minutes and held at 4°C. Final cDNA 

volume was adjusted to 40µL using nuclease free water and then stored at -20°C. 

 

2.6.2 qRT-PCR 

Candidate gene expression analysis was performed on the Applied Biosystems 

QuantStudio 7 instrument using SYBR green chemistry (Thermo Fisher Scientific). 

Briefly, a master mix was prepared by addition of 6.25µL of PerfeCTa SYBR 

Green SuperMix (Low Rox; Quantabio), 0.5µL of 5µM forward primer, 0.5µL of 

5µM reverse primer and 2.75µL of nuclease free water. Reactions were performed 

in technical duplicate for each of the three biological replicate samples using 

nuclease free water as the no template control. Cycling conditions were: 95°C for 

3 minutes followed by 40 cycles of 95°C for 15 seconds and 60°C for 40 seconds, 

then melt at 95°C for 15 seconds, 60°C for 1 min and 95°C for 15 seconds. The 

qRT-PCR primers utilised are detailed in Table 2.3.  
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Table 2.3 : qRT-PCR primers to study gene expression. 

Target Direction Sequence 

18S Forward GTAACCCGTTGAACCCCATT 

18S Reverse CCATCCAATCGGTAGTAGCG 

B2M Forward ACTGAATTCACCCCCACTGA 

B2M Reverse CCTCCATGATGCTGCTTACA 

KISS1R Forward CTGGTACGTGACGGTGTTCC 

KISS1R Reverse AGAGCCTACCCAGATGCTGA 

PXMP4 Forward CGTTGGCCGTGCTTAAGGG 

PXMP4 Reverse CCATTCCGGAAGAGAAAGGTCA 

GUCY1A2 Forward GGTGCTGACACCTGATGGAA 

GUCY1A2 Reverse GCAATAACGTGGCATTCGCA 

SLC36A4 Forward AACATGCCAGATCCCCACAA 

SLC36A4 Reverse GCTTGAGGGAAACGCTTTGA 

SLC36A4_variant1 Forward GACCCGCGAGAGATGGAAG 

SLC36A4_variant1 Reverse TGCTCATTTATCAAGGGCCTCA 

SLC36A4_variant2 Forward GGGCGTGTTTGTTTACGGTT 

SLC36A4_variant2 Reverse GCAGAAGCTCTTGCTCATGT 

QSOX1_variant1 Forward ACTTGAGCAAGCGAGACACA 

QSOX1_variant1 Reverse CCCTCAGGGATGTCGACCAG 

QSOX1_variant2 Forward GCTCCCTTCCGGACAATGAA 

QSOX1_variant2 Reverse TCCAGAAGCTTCCAAACCCC 
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2.6.3 Statistical analysis 

GraphPad Prism was used for statistical analysis and to generate graphs of gene 

expression data. For qRT-PCR of untreated cell lines, one-way ANOVA followed 

by a Dunnett’s multiple comparison test was used to compare expression of the 

gene in 22Rv1 to the expression in metastatic cell lines. For analysis of cells treated 

with 5-aza-2’deoxycytidine, one-way ANOVA was used followed by Dunnett’s 

test to compare the expression in treated sample to the control (DMSO). A p-value 

≤ 0.05 was considered statistically significant for all analyses. 

 

2.7 RNA sequencing 

2.7.1 cDNA library preparation 

RNA was extracted using TRIzol reagent and quantified using NanoDrop 

spectrophotometer as described in sections 2.3.1 and 2.4.1. DNA removal and RNA 

purification was performed using the column-based Allprep RNA/Protein Kit 

(Qiagen) according to the manufacturer’s guidelines. Samples were eluted in 50µL 

of RNase free water, and the quality and concentration of the purified RNA was 

assessed using the TapeStation 4200 System. RNA-seq library preparation was 

performed using the first module (Poly(A) mRNA Magnetic Isolation from the 

NEBNext Ultra II Directional RNA Library Prep Kit for Illumina (#E7490, New 

England Biolabs) according to manufacturer’s instructions using 500ng total RNA 

as input material. For the PCR enrichment step, NEBNext Multiplex Oligos for 

Illumina (Set 1, #E7335, New England Biolabs) were used according to the index 

strategy outlined in Table 2.4. The completed libraries were quantitated using the 

Qubit fluorometer, pooled and sequenced on the Illumina HiSeq 2500 using 150bp 

paired end reads (Kinghorn Centre for Clinical Genomics Sequencing Centre, 
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Garvan Institute of Medical Research, Sydney). Post-sequencing read and quality 

control information is shown in Chapter 3 Figure 3.1 and Table 3.2. 

 

 

Table 2.4 : Sample specific primers used for the PCR enrichment of the 

adaptor ligated DNA. 

Sample Illumina 

Index (Set 1) 

Index 

Sequence 

22Rv1_1 2 CGATGT 

22Rv1_2 4 TGACCA 

22Rv1_3 5 ACAGTG 

PC3_1 6 GCCAAT 

PC3_2 7 CAGATC 

PC3_3 12 CTTGTA 

 

 

2.7.2  Bioinformatic analysis of RNA-seq data 

The bioinformatic analyses included in this thesis required extensive optimisation. 

Each chapter describes the final parameters used for each of the analyses. The 

troubleshooting steps for the tools used are described in the Appendix section 7.2. 

 

2.7.2.1 Pre-processing 

Raw data (FASTQ) for three biological replicate RNA-seq datasets for the PrEC 

and LNCaP cell lines were obtained from the Gene Expression Omnibus under 

access number GSE73785 (Taberlay et al. 2016). For this thesis, three equivalent 

biological replicate RNA-seq datasets for the 22Rv1 and PC3 cell lines were 

generated as described in section 2.7. All raw sample files were imported onto 

Nectar research cloud running Ubuntu 16.04.2 LTS x86_64 

(https://nectar.org.au/research-cloud/). The Illumina sequencing adapters were 
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removed using the Trim Galore!, wrapper for Cutadapt and FastQC (version 0.4.3; 

Krueger 2015) using the paired end read option. The quality of the trimmed reads 

was assessed using FastQC version 0.11.5 (Andrews 2017). Any reads not passing 

the quality control requirements were removed from further analysis prior to 

sequence alignment. 

 

2.7.2.2 Read mapping  

TopHat2 (Kim et al. 2013) was utilised for read mapping. TopHat2 uses Bowtie2 

as the underlying mapping engine, which is efficient for detecting short indels, and 

it can handle multi-mapped reads and identify spliced junctions. RNA-seq reads 

were mapped to the Homo sapiens reference genome build version hg38/GRCh38 

using the default parameters for paired end reads. 

 

2.7.2.3 Differential gene expression 

All quantitative analyses were performed within R using various packages as 

outlined in Chapter 3 (Script detailed in Appendix Section 7.3). Briefly, the 

Subread package, featureCounts (Liao et al. 2014), was used to calculate the raw 

read counts within each bam file generated by TopHat2. Each count file was then 

merged to generate one single file detailing the raw read counts for each sample 

and genes with no expression across all the cell lines were removed. Concurrently, 

genes with a minimum counts per million (CPM) value of 0.5 in at least one of the 

cell lines was included in further analyses. This cut off was selected since it 

approximately corresponds to 10 counts per library including adjustment for library 

size. EdgeR (Robinson et al. 2010) was used to calculate differential gene 
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expression values between each the cell lines using multiple pair-wise comparisons 

and visualization plots were generated using gplots and ggplot2 (Warnes et al. 2016; 

Wickham et al. 2016). EdgeR uses trimmed mean of M-values (TMM) to normalise 

the library sizes by estimating a set of scaling factors to account for the differences 

in RNA composition of the samples (Robinson and Oshlack 2010). 

 

2.7.2.4 Detection of alternative splicing events 

The SplAdder tool (Kahles et al. 2016) was used to identify genome-wide 

alternative splicing events between cell lines. Briefly, bam files generated during 

TopHat2 alignment were coordinate-sorted using samtools (Li et al. 2009) and used 

as input for SplAdder and as baseline for generating  an augmented splicing graph 

for all samples. The following alternative splicing events were detected for each 

cell line: alternative 3’, alternative 5’, exon skipping, intron retention and multiple 

exon skipping. The ‘test’ option within SplAdder was then utilised to detect 

pairwise differential alternative splicing between two samples, which was repeated 

for all cell line combinations.  

  

2.7.2.5 Candidate gene selection 

Unique clusters of co-expressed genes were generated using Clust (Abu-Jamous 

and Kelly 2018). Clusters showing concordant gene expression differences or 

directional patterns across prostate cancer stages (detailed in Chapter 3) were then 

subject to Ingenuity Pathway Analysis (IPA; Qiagen). IPA identified the top 

molecular and cellular pathways or networks that were enriched within the 

identified clusters. Selection of candidate genes was subsequently based on the 

observed/expected ratio of gene expression differences in the top 3 pathways, 
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involvement of candidate genes in multiple networks and commonality between 

pairwise comparisons. 

 

2.8  Illumina Infinium MethylationEPIC Beadchip array  

Genomic DNA was extracted as detailed in section 2.3.2, then subject to bisulfite 

conversion and hybridisation to the Illumina Infinium MethylationEPIC Beadchip 

using standard protocols at the Australian Genome Research Facility (AGRF).  

Genomic DNA is subject to bisulfite conversion, which deaminates each 

unmethylated cytosine nucleotide (‘C’) to a uracil (‘U’). Post-sequencing, the uracil 

(‘U’) is converted and ‘read’ as thymidine (‘T’), leaving only the initially 

methylated cytosine residues to be detected as ‘C’ in the genomic code (Pidsley et 

al. 2016).  

 

2.8.1 gMethylationEPIC data analysis 

The Chip Analysis Methylation Pipeline (ChAMP) (Tian et al. 2017) provides a 

merged pipeline consisting of multiple Bioconductor packages and was used to 

analyse MethylationEPIC data (Script detailed in Appendix Section 7.4). Briefly, 

raw data for the red and green channels were used to generate beta, M and intensity 

matrices, and to calculate the sum of beads and the detection P-values (detP) for 

each probe.  Filtering was performed based on the sequential criteria: (1) probes 

with detection detP >0.1 (‘failed’), (2) probes with <3 beads and (3) non-CpG 

containing probes were removed. In addition, multi-hit probes (Nordlund et al. 

2013), probes from Chromosome X and Chromosome Y, as well as probes 

overlapping single nucleotide polymorphisms (SNPs) known to interfere with EPIC 

data analysis (Zhou et al. 2017) were excluded. Remaining probes were normalised 
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using beta mixture quantile (BMIQ) normalisation (Teschendorff et al. 2013), 

which reduced any technical variation and removed type-II probe bias 

(Dedeurwaerder et al. 2011).  Differentially methylated probes (DMP) were 

identified using baseline parameters from the DMRcate package (Peters et al. 2015). 
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3.  STUDYING THE DIVERGENT 

TRANSCRIPTOMIC EVENTS IN 

PROSTATE CANCER CELL LINES  
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3.1 Introduction 

Cancer is a disease originating from an interplay between genetic and epigenetic 

modifications that has potential to alter the gene expression profile of cells with 

detrimental effect. Thus, the transcriptome offers a wealth of information that can 

be assessed in a temporal manner for increased understanding of biological events, 

particularly across disease progression.  

 

The process of metastasis is considered to be the main cause associated with cancer-

related deaths (Dillekås et al. 2019). The majority of RNA-seq studies performed 

in prostate cancer cell lines and on clinical samples to date have focussed on the 

gene expression changes occurring between normal and tumour stages (Kannan et 

al. 2011; Nikitina et al. 2017; Zhang et al. 2018b; Nikas et al. 2019; Pinskaya et al. 

2019). Since RNA-seq can provide an overview of global gene expression patterns, 

the overall aim of Chapter 3 was to compare the genome-wide differences in 

transcription at time points representing cancer onset (localised tumours) to the 

metastasis stage (metastatic lesions). The focus of this study was to identify the 

divergent transcriptomic events that may explain the biology of metastasis by 

drawing comparisons between cells obtained from local tumours and those of 

metastasised cancers. Specifically, this analysis sought to uncover the genes that 

could act as drivers of metastasis in prostate cancer irrespective of the site of 

metastasis.  

 

Alternative splicing is a divergent transcriptomic event that was first reported in 

adenovirus, where it was observed that four segments of viral RNA could be linked 

during the synthesis of mature mRNA (Berget et al. 1977). The process of splicing 
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is catalysed by the splicing machinery known as the spliceosome, which is a 

ribonucleoprotein complex with a dynamic conformation rendering it highly 

flexible and accurate (Will and Lührmann 2011). It has been demonstrated that up 

to 95% of multi-exon human genes are subject to alternative splicing (Pan et al. 

2008; Wang et al. 2008) giving rise to immense transcriptome and proteome 

diversification. The most common alternative splicing event in humans is exon 

skipping, while intron retention is a less frequent (Sammeth et al. 2008) and 

understudied phenomenon that can be interpreted as a splicing error (El Marabti 

and Younis 2018).  

 

Alternative splicing is important for the regulation of gene expression and protein 

diversity (Kelemen et al. 2013) and any aberration to the normal splicing pattern 

can indirectly contribute to a number of diseases, including cancer (Chabot and 

Shkreta 2016; Scotti and Swanson 2016). Cancer cells exhibit their own unique 

splicing landscape that influences the transcriptome in these cells. These non-

canonical variants are potential drivers of disease progression (El Marabti and 

Younis 2018), and it is important to characterise alternative splicing in the context 

of transcriptome dynamics in normal versus cancer (Lee and Abdel-Wahab 2016; 

Trincado et al. 2016) or here, local versus metastatic tumour cells. 

 

A cell line model of prostate cancer is an ideal platform to identify characteristic 

gene expression signatures such as those that define ‘normal’ prostate epithelium 

(untransformed prostate epithelial cells (PrEC)) compared to prostate ‘cancer’, for 

example (Taberlay et al. 2016). Here, this was expanded to represent a combination 
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of prostate cell lines representing distinct stages or origins of prostate cancer 

progression, which were analysed for global and gene-specific expression changes. 

 

 

Specific aims of Chapter 3 are to: 

• Define genome-wide patterns of differential gene expression across prostate 

cancer disease stages. 

• Characterise genome-wide differential alternative splicing events between 

localised and metastatic cancer. 
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3.2 Results 

3.2.1 Approach 

RNA sequencing (RNA-seq) is a next-generation sequencing tool used for the 

sensitive and accurate measurement of gene expression across the transcriptome. It 

provides a largely unbiased approach to study differential gene expression (DGE) 

between samples at the global level (Stark et al. 2019) and quantitatively detects 

transcript isoforms, single nucleotide variants, gene fusions as well as other features 

(Byron et al. 2016). The two main approaches used to perform total RNA-seq with 

the goal of removing ribosomal RNA fragments (rRNA) are: PolyA selection or, 

rRNA depletion. The PolyA selection approach was employed in this study, since 

broadly, this method provides better exon coverage and accurate quantitation of 

transcripts present (Zhao et al. 2018).  

 

The overarching goal of these experiments was to identify a number of putative 

drivers of metastasis. To this end, RNA-seq was employed to map global gene 

expression in a panel of cancer cell lines. Each prostate cell line represents a 

specific time point in disease progression, which can be leveraged for additional 

biological insight. For example, the 22Rv1 cell line was isolated from prostate 

cancer xenograft CWR22R, which was serially propagated in mice and represented 

relapsed tumours post castration-induced regression of the androgen dependent 

parental xenograft CWR22. The cell line is androgen responsive and mimics the 

primary stage of clinical prostate cancer  (Sramkoski et al. 1999). Whereas the 

LNCaP cell line was derived from a metastatic lesion in the left supraclavicular 

lymph node and represents an androgen responsive less aggressive metastatic stage 

(Horoszewicz et al. 1980). And similarly, the PC3 cell line was derived from 
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prostatic adenocarcinoma metastasized to the bone and represents an androgen 

independent, highly aggressive stage of cancer (Kaighn et al. 1979). An important 

consideration is that these cell lines are not a continuum (Figure 1.5); however, they 

have been used in combination here to enable (1) comparison of common events 

that define prostate cancer transcriptomic changes irrespective of cancer location 

or stage and (2) assessment of transcriptomic signatures that define the localised 

and metastatic stages of prostate cancer. 

 

3.2.2 Quality control processing of RNA-seq data 

RNA was extracted from ‘localised’ (22Rv1) and ‘metastasized’ (PC3, bone) cell 

lines, quality assessed, quantified, reverse transcribed and indexed to prepare 

libraries for next-generation sequencing using the HiSeq 2500 instrument in 

combination with v4.0 reagents (Chapter 2, section 2.7). The raw data files for 

PrEC and LNCaP cell lines previously generated by our laboratory were obtained 

from the Gene Expression Omnibus (GEO) under the access number GSE73785 

(Taberlay et al. 2016) and re-processed alongside the new datasets for equivalence 

and to enable direct comparison. Thus, all twelve samples (three each from the four 

cell lines) were subjected to filtering and quality control before further analysis. 

 

Raw, unmapped read data was initially processed using the FastQC tool (Andrews 

2017) to assess library size and quality statistics. For each of the samples, the 

calculated library size ranged between 2 Gbp and 18 Gbp (Table 3.1). Though there 

are larger differences between the historical data sets, the calculated library sizes 

were consistent with the sequencing read depth for each sample (20 million to 149 

million reads per library) as visualised in Figure 3.1. Zero reads were flagged as 
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low quality in all libraries and the libraries displayed a GC nucleotide distribution 

ranging from 47% to 51%. The per base quality score (Phred score) for each library 

was in the range 32-39, indicating that the base call accuracy was at least 99.9%. 

These metrics are shown in Table 3.2. After initial quality assessment, the Illumina 

adapter sequences were removed using the Trim Galore! (Krueger 2015) wrapper, 

which also removed any low-quality bases, (0.7% - 2.8% of base pairs per sample; 

34Mbp - 54Mbp per sample), as well as read pairs where the length of one read in 

the pair was found <20bp after the removal of low quality bases (100,000 to 

700,000 read pairs per sample). The remaining proportion of reads per sample that 

passed quality control after these cumulative steps ranged between 98.51% - 99.29% 

(Table 3.3).  
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Table 3.1 : Library size information in base pairs. 

 

 

 

 

 

 

 

 

 

 

Cell Lines Library size (bp) 

PrEC_1 4,325,080,400 

PrEC_2 4,249,895,400 

PrEC_3 3,760,342,800 

22Rv1_1 8,447,387,750 

22Rv1_2 9,516,261,500 

22Rv1_3 9,386,841,250 

LNCaP1_1 2,001,408,800 

LNCaP1_2 2,963,699,400 

LNCaP1_3 2,580,667,600 

PC3_1 10,946,776,750 

PC3_2 5,982,272,500 

PC3_3 18,706,361,500 
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Figure 3.1 : Barplot representing per sample library size in millions. 
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Table 3.2 : Quality metrics for each sample. 

 

 

  

Cell lines Poor quality 

reads  

% GC Average per 

base quality 

(Phred) score 

PrEC 1 0 49 32-39 

PrEC 2 0 49 32-39 

PrEC 3 0 49 32-39 

22Rv1_1 0 48 32-36 

22Rv1_2 0 47 32-36 

22Rv1_3 0 49 32-36 

LNCaP1_1 0 48 33-39 

LNCaP1_2 0 49 33-39 

LNCaP1_3 0 48 33-39 

PC3_1 0 50 32-36 

PC3_2 0 51 32-36 

PC3_3 0 50 32-36 
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Table 3.3 : Quality trimming information. 

 

 

 

  

Cell lines Percentage of 

quality trimmed 

bases  

(Paired read#1-

Paired read#2) 

Number of read 

pairs removed 

Percentage of 

reads that 

passed the filter  

PrEC 1 1.4-2.5 327034 98.48 

PrEC 2 1.3-2.8 368184 98.26 

PrEC 3 1.2-2.3 244738 98.69 

22Rv1_1 1.0-2.0 317433 99.06 

22Rv1_2 1.0-1.8 291082 99.23 

22Rv1_3 0.7-1.9 264354 99.29 

LNCaP1_1 1.2-2.5 148463 98.51 

LNCaP1_2 1.1-1.8 110295 99.25 

LNCaP1_3 1.1-1.9 106278 99.17 

PC3_1 0.7-2.0 398630 99.08 

PC3_2 0.8-2.3 314981 98.68 

PC3_3 0.8-2.1 719218 99.03 
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Filtered sequencing reads were then aligned to human genome build version 38 

(GRCh38/hg38) using TopHat2 (Kim et al. 2013) with an overall alignment rate 

ranging from 91%-97% (Table 3.4). The raw read counts were then calculated using 

featureCounts, which is a function within the Rsubread package (Liao et al. 2014). 

Libraries were then normalized by size to account for the differences in initial 

sequencing depth, described above, by calculating counts per million (CPM) and 

applying a threshold of CPM > 0.5, which corresponds to approximately 10 read 

counts per minimum library size in millions of base pairs (Figure 3.2). Transcripts 

passing this threshold calculation after adjusting for total library size for all three 

biological replicate datasets were retained for further analysis.  
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Table 3.4 : Per sample overall read mapping rate. 

 

 

 

  

Cell lines Overall read mapping rate to hg38 

PrEC1 95.90% 

PrEC2 96.20% 

PrEC3 96.70% 

22Rv1_1 92.20% 

22Rv1_2 91.30% 

22Rv1_3 91.90% 

LNCaP1 96.50% 

LNCaP2 97.20% 

LNCaP3 97.20% 

PC3_1 95.60% 

PC3_2 95.60% 

PC3_3 95.80% 
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Figure 3.2 : Boxplots of library sizes showing the total number of reads per 

sample before and after normalisation. 

A) Boxplot of raw read counts B) Boxplot of counts per million showing the 

normalisation of library sizes across the samples. The blue line represents the 

median.  
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Next, multidimensional scaling (MDS) was used to plot similarity/differences in 

expression profile between each of the twelve individual RNA-seq data replicates 

(Figure 3.3). The distance between the samples represents the leading log2 fold 

change, which is the root mean square average of the log2 fold changes between 

samples for the genes that distinguish them. As expected, the biological replicates 

for each cell line clustered together; therefore, differences in overall expression 

between cell lines was greater than within the replicates. Interestingly, the plot 

revealed two distinct groupings in the first dimension. This revealed that normal 

prostate epithelial cells (PrEC) were most similar to prostate cancer cells associated 

with bone metastasis (PC3) and the localised prostate tumour cell line (22Rv1) was 

more similar to the prostate cancer lymph node metastasis (LNCaP). All four cell 

lines were approximately equally distributed in the second dimension, suggesting 

that these lines are otherwise quite distinct. 
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Figure 3.3 : Multidimensional Scaling (MDS) plot showing the leading log fold 

change between each pair of samples. 
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Then, a hierarchical clustering heatmap was generated to visualise the Top 500 

genes with maximum variance across the twelve samples (Figure 3.4). The 

hierarchical clustering mirrored similarities from the MDS analysis (Figure 3.3) 

and revealed that there was greater overlap between the Top 500 most variable 

genes shared between PrEC and PC3, while LNCaP was more similar to 22Rv1. 

The heatmap produced three major groups (Figure 3.4). The largest cluster (Figure 

3.4 Cluster A) contains genes with similar expression between PrEC and PC3 and 

the second largest cluster (Figure 3.4 Cluster B) comprises genes with similar 

expression in LNCaP and 22Rv1. A smaller cluster (Figure 3.4 Cluster C), 

consisting of genes with highest expression in PrEC is also observed.  Interestingly, 

ten genes from the keratin (KRT) family were contained within the Top 500 genes. 

The human KRT gene family consists of 54 functional genes that encode for keratin 

proteins, which are part of the epithelial cytoskeleton and are thus important for 

maintenance of stability of tissues (Moll et al. 2008). Of the ten keratin genes, four 

genes, namely KRT81, KRT7, KRT15 and KRT16, were expressed at a higher level 

in PrEC and PC3 compared to 22Rv1 and LNCaP. KRT81 displayed much higher 

expression in PC3 compared to PrEC, and KRT7, KRT15 and KRT16 displayed 

higher expression in PrEC compared to PC3. Five genes, KRT5, KRT6A, KRT14, 

KRT17 and KRT6B, were expressed at a higher level in PrEC relative to 22Rv1, 

LNCaP and PC3 and one gene, KRT6C, displayed higher expression in LNCaP and 

PrEC compared to 22Rv1 and PC3 (Figure 3.5).  Also of interest was the presence 

of the kallikrein (KLK) family in the top 500 most variable genes. The human 

Kallikrein (KLK) family is a family of serine protease and consists of fifteen genes. 

Notably, KLK3 is also known as prostate specific antigen (PSA), which is currently 

measured as one of the diagnostic tests for prostate cancer (Emami and Diamandis 
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2008). Other kallikrein genes are also gaining interest as biomarkers of prostate 

cancer due to their structural similarities with PSA (Hong 2014). A total of eight 

Kallikrein genes were present in the Top 500 most variably genes. Of these, four 

genes (KLK10, KLK5, KLK7, KLK9) were highly expressed in PrEC relative to 

22Rv1, LNCaP and PC3 while four genes (KLK3, KLK4, KLK15, KLK2) were 

expressed in 22Rv1 and LNCaP but not in PrEC or PC3 cells, however KLK15 had 

a very low overall expression (Figure 3.5).  
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Figure 3.4 : Heatmap of the top 500 most variable genes across samples. 

Cluster A consists of genes overexpressed in PrEC and PC3, Cluster B consists of 

genes with higher expression in PrEC compared to the cancer cell lines and Cluster 

C shows higher expression in 22Rv1 and LNCaP. Lower expression is indicated by 

blue colour and depicts lower expression and higher expression is indicated by red. 

Similarly expressed genes and samples have been clustered together. 
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Figure 3.5 : Expression profile of KLK and KRT genes from RNA-seq across 

the cell lines. 

A) Average expression level (RPKM) of KRT gene organised by the expression 

pattern across cell lines. B) Average expression level (RPKM) of KLK gene 

organised by the expression pattern across cell lines. Values are shown as mean ± 

standard error (n=3).  
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3.2.3  Differential gene expression  

Differentially expressed genes were identified using the EdgeR statistical package 

(Robinson et al. 2010). This analysis was conducted using pairwise comparisons 

between each of the cell line combinations (Table 3.5). Approximately 16,000 

genes were differentially expressed across the pairwise analyses. Minimum 

thresholds of: log2 fold change ≥ 2 and FDR ≤ 0.05 were applied, and 3374-4858 

genes passed this filter across the pairwise analyses (Figure 3.6 A), resulting in a 

total of 7,645 unique genes across all comparisons (Figure 3.6 B). A hierarchical 

clustering heatmap derived from the RPKM values for these 7,645 genes was 

generated to visualise the full spectrum of differential gene expression across 

samples (Figure 3.6 C). This hierarchical clustering revealed that overall, the gene 

expression signature from 22Rv1 was most similar and clustered alongside LNCaP 

cells as observed previously (Figure 3.4). However, unlike the Top 500 most 

variable genes, the global signature driven by PC3 now clustered with 22Rv1 and 

LNCaP cancer cell lines, rather than with normal prostate epithelial cells (PrEC). 

As would be predicted, PrEC are distinct from all three cancer cell lines when 

global gene expression values are utilised for hierarchical clustering (Figure 3.6 C).  

 

To study the pathways and biological processes enriched in the differentially 

expressed gene set (n=7,645), a functional annotation was performed using 

Database for Annotation, Visualization and Integrated Discovery (DAVID; Huang 

da et al. 2009). The current version of DAVID, v6.8 consists of a large knowledge 

base determined by a set of functional annotation tools to enable gene set 

enrichment and functional annotation (https://david.ncifcrf.gov/). Gene Ontology 

(GO) enrichment analysis of the 7,645 differentially expressed genes using DAVID 

https://david.ncifcrf.gov/
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revealed that the cell adhesion biological process was the most significantly 

enriched in the data set and included 250 genes. The Top 10 enriched GO terms 

under biological process are shown in Table 3.6. Kyoto Encyclopaedia of Genes 

and Genomes (KEGG) analysis revealed that cancer-associated pathways were 

statistically most enriched, with 215 input genes. Top 10 enriched KEGG pathways 

are shown in Table 3.7.  
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Table 3.5 : Pairwise comparison information for DGE. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Pairwise Comparison DGE Number 

(before filtering) 

DGE Number 

(after filtering) 

(FDR ≤ 0.05; logFC ≥ 

2) 

PrEC versus 22Rv1 16105 4858 

LNCaP versus 22Rv1 16019 3374 

PC3 versus 22Rv1 16044 4554 

PC3 versus LNCaP 15983 4719 

Total unique  7645 
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Figure 3.6 : Visualisation of the differentially expressed genes. 

A) Volcano plots showing differentially expressed genes. Significantly 

differentially expressed genes with FDR<=0.05 and logFC>=2, shown as blue 

circles, were selected for further analysis. The total number of upregulated and 

downregulated genes are written at the top. Red = FDR<0.05, logFC<2; Black = 

FDR>0.05, logFC<2; Grey = FDR>0.05, logFC>2. B) Distribution of the 7,645 

unique differentially expressed genes found from the four pairwise comparisons. C) 

Heatmap of the 7,645 differentially expressed genes. Blue colour marks lower 

expression whereas red colour shows higher expression. Samples with gene 

expression similarity are hierarchically clustered together. 
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Table 3.6 : Top 10 enriched GO terms under the biological process category. 

  

 

 

 

 

 

 

 

 

GO Term Number 

of genes 

involved 

PValue FDR 

GO:0007155~cell adhesion 250 1.79E-21 3.58E-18 

GO:0007156~homophilic cell 

adhesion via plasma membrane 

adhesion molecules 

110 1.78E-20 3.57E-17 

GO:0001525~angiogenesis 138 1.95E-18 3.91E-15 

GO:0007165~signal transduction 494 3.24E-12 6.50E-09 

GO:0030198~extracellular matrix 

organization 

113 3.29E-12 6.58E-09 

GO:0007411~axon guidance 94 3.83E-11 7.67E-08 

GO:0030335~positive regulation of 

cell migration 

104 1.25E-10 2.51E-07 

GO:0042060~wound healing 55 3.09E-10 6.20E-07 

GO:0007416~synapse assembly 45 4.93E-10 9.87E-07 

GO:0008284~positive regulation of 

cell proliferation 

215 3.85E-09 7.71E-06 
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Table 3.7 : Top 10 enriched KEGG pathways. 

 

 

 

 

 

 

 

 

  

Pathway Number of 

genes 

involved 

PValue FDR 

Pathways in cancer 215 2.34E-20 3.11E-17 

Proteoglycans in cancer 112 1.24E-11 1.66E-08 

Axon guidance 79 1.87E-11 2.49E-08 

ECM-receptor interaction 58 2.75E-10 3.67E-07 

Focal adhesion 111 3.62E-10 4.83E-07 

Rap1 signaling pathway 109 8.62E-09 1.15E-05 

PI3K-Akt signaling pathway 162 1.94E-08 2.59E-05 

Arrhythmogenic right ventricular 

cardiomyopathy (ARVC) 

45 2.74E-08 3.66E-05 

Ras signaling pathway 113 6.39E-08 8.52E-05 

cAMP signaling pathway 99 4.64E-07 6.18E-04 
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3.2.4 Co-expression patterns 

Co-expressed gene clusters can demonstrate genetic and physical interactions, thus 

revealing key genes contributing to disease. Therefore, to identify co-expressed 

gene clusters, the selected differentially expressed genes (n=7,645) were processed 

using Clust (Abu-Jamous and Kelly 2018). Clust identifies clusters of biologically 

relevant co-expressed genes by only clustering genes with coordinate changes 

rather than assigning each gene to a cluster. This way, each cluster has a unique 

profile and consists of a distinct set of genes.  

 

Out of the 7,645 genes, Clust identified 5,627 as behaving co-ordinately which then 

made it to the clustering step. Clust generated thirteen unique clusters, each 

containing 119-938 genes with similar expression profiles across the normal 

prostate epithelial cells and prostate cancer disease states (Figure 3.7). The clusters 

with the maximum number of genes were C0 with 938 genes and C8 with 884 genes. 

The expression profile of both these clusters revealed similarly expressed genes 

between 22Rv1 and LNCaP and between PrEC and PC3. Cluster C10 with 586 

genes represented genes with differential expression in the cancer cell lines to 

normal prostate epithelial cells. Clusters C2 (481), C3 (135) and C9 (387) consisted 

of genes with expression profiles similar in PrEC and 22Rv1 that were distinct from 

both LNCaP and PC3, whereas clusters C4 (204), C7 (593), C12 (329) and C5 (238) 

depicted a similar expression pattern in both of the metastasis cell lines compared 

to PrEC and 22Rv1. However, since the clusters with the maximum number of 

genes mirrored the hierarchical clustering observed in Figure 3.4, and at least 10 of 

the 13 clusters contained genes with differential expression between PrEC and 
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22Rv1, it is possible that due to the presence of PrEC samples, important metastasis 

specific genes may have been excluded from the clustering step. 
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Figure 3.7 : Clusters generated by Clust. 

Each unique cluster shows a pattern of co-expressed genes. A total of 13 clusters 

consisting of 5627 genes were generated. 
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3.2.5 Quality control processing of cancer specific RNA-seq data 

In order to focus on identifying drivers of metastasis, a repeat analysis was 

performed using only transformed cell lines representing localised (22Rv1) and 

metastatic (LNCaP and PC3) prostate contexts. First, the read counts from three 

biological replicate libraries from PrEC cells were extracted from the raw read 

count files generated by featureCounts (described in section 3.2.2). Genes with zero 

read counts across all nine remaining samples were removed, libraries adjusted for 

size and a threshold of CPM>0.5 was applied. Transcripts passing this threshold 

calculation after adjusting for total library size for all three biological replicate 

datasets were retained for further analysis (Figure 3.8 A). As expected, the MDS 

analysis showed that biological replicate data points clustered together in the first 

dimension, indicating that the difference between samples was greater than the 

difference between replicates (Figure 3.8 B). As observed previously (Figure 3.3), 

the localised prostate tumour cell line (22Rv1) was more similar to the prostate 

cancer lymph node metastasis (LNCaP) than the bone metastasis (PC3). However, 

22Rv1 was distinct from both metastatic cell lines in the second dimension (Figure 

3.8 B). A heatmap of the Top 500 most variable genes indicated that, as previously 

(Figure 3.4), LNCaP and 22Rv1 clustered together hierarchically whereas PC3 

appeared to form a distinct node ( Figure 3.9). Of the three major clusters that were 

observed ( Figure 3.9 Cluster A), the largest cluster contained genes that displayed 

a higher level of expression in PC3 compared to 22Rv1 and LNCaP. Conversely, 

the second largest cluster ( Figure 3.9 Cluster B) contained genes that exhibited a 

higher level of expression in 22Rv1 and LNCaP compared to PC3. A third cluster 

( Figure 3.9 Cluster C) depicted genes that were most highly expressed in 22Rv1 

compared to both LNCaP and PC3. This cluster could potentially consist of 
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metastasis suppressor genes that may be inactivated over the course of disease 

progression. On comparing this list of Top 500 most variable cancer-specific genes 

( Figure 3.9) with the Top 500 genes from the prior analysis that also included PrEC 

cells (Figure 3.4), it is worth noting that 314 genes were observed in both heatmaps, 

and 187 genes were unique. Only three keratin (KRT6C, higher in LNCaP; KRT7 

and KRT81, higher in PC3) and three Kallikrein (KLK2, KLK3, KLK4; similar 

levels of expression in 22Rv1 and LNCaP) genes were retained in this new analysis. 

However, the 186 unique cancer-specific genes included Aldehyde Dehydrogenase 

(ALDH) with four genes from this family showing varied expression across the cell 

lines. ALDH16A1 and ALDH3B2 had a higher expression in 22Rv1 and LNCaP as 

compared to PC3, although the expression of ALDH3B2 was much higher in 

LNCaP relative to 22Rv1. ALDH3A1 displayed the highest level of expression in 

PC3 and ALDH7A1 was highly expressed in both 22Rv1 and PC3 (Figure 3.10).  
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Figure 3.8 : Quality control of cancer specific cell lines. 

A) Boxplots of library sizes showing the total number of reads per sample for the 

cancer cell lines before and after normalisation. i) Boxplot of raw read counts ii) 

Boxplot of counts per million showing the normalisation of library sizes across the 

samples. The blue line represents the median. B) Multidimensional Scaling (MDS) 

plot for cancer cell lines showing the leading log fold change between each pair of 

samples. 
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 Figure 3.9 : Heatmap of the top 500 most variable genes across cancer samples. 

Blue colour indicates lower expression whereas red indicates higher expression. 

The hierarchical clustering groups together similarly expressed genes and samples. 
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Figure 3.10 : Expression profile of KLK, KRT and ALDH genes from RNA-seq 

across the cancer cell lines. 

A)-C) Average expression level (RPKM) of KRT, KLK and ALDH gene organised 

by the expression pattern across cell lines. Values are shown as mean ± standard 

error (n=3). 
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3.2.6 Cancer specific differential gene expression  

Differentially expressed genes were identified using the EdgeR statistical package 

(Robinson et al. 2010). This analysis was conducted using pairwise comparisons 

between each of the cell line combinations (Table 3.8). Minimum thresholds of: 

log2 fold change ≥ 2 and FDR ≤ 0.05 were applied, and genes passing this filter 

were retained (Figure 3.11 A). Between 3221-4350 genes were differentially 

expressed across both of the pairwise analyses and passed EdgeR filtering 

thresholds. Finally, a stringent requirement that only genes identified in both of the 

pairwise analyses was applied. This captured genes that were consistently 

differentially expressed in both metastatic cell lines, compared to 22RV1, and 

identified 1,936 genes (Figure 3.11 B).  
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Table 3.8 : Pairwise comparison information for metastasis specific DGE. 

 

 

 

 

 

 

 

 

 

 

 

 

 

  

Pairwise comparison DGE number 

(before filtering) 

DGE number 

(after filtering) 

(FDR ≤ 0.05; 

logFC ≥ 2) 

LNCaP versus 22Rv1 15602 3221 

PC3 versus 22Rv1 15603 4350 

Common  1936 



82 

 

 

Figure 3.11 : Visualisation of differentially expressed genes across cancer cell 

lines. 

A) Volcano plots showing differentially expressed genes. Significantly 

differentially expressed genes with FDR<=0.05 and logFC>=2, were selected for 

further analysis. The circles in pink colour were upregulated in 22RV1 and the ones 

in orange and red were upregulated in LNCaP and PC3 respectively with the total 

number of genes written at the top. The candidate genes selected from this aim are 

labelled in blue. B) Venn diagram representing the common genes between the two 

pairwise analyses. 
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3.2.7 Co-expression patterns 

The Clust algorithm was then used to allocate genes to groups based on gene co-

expression patterns (Figure 3.12 A). A total of 1,391 genes were clustered into 

eleven distinct groups each containing 24-334 genes with similar expression 

signatures across the prostate cancer disease states.  

 

The overarching aim of the current study was to find the putative candidate genes 

that may drive localised to metastatic progression. To this end, the two metastasis 

samples utilised in this study were considered as a ‘pseudocombined state’ and 

compared to the 22Rv1 localised cell line (Figure 3.12 A). Clusters C0 and C6 

showed consistency between the pattern of expression between LNCaP and PC3, 

compared to 22Rv1 and were selected for further analysis. Cluster C0 identified 

334 genes, and Cluster C6 identified 295 genes resulting in a total of 629 common 

genes that are differentially up- or down-regulated in the metastasis-derived 

samples. Hierarchical clustering confirmed that expression of these genes was 

distinct in the localised 22Rv1 cell line, and that the LNCaP and PC3 metastatic 

cell lines displayed concordant up- or down-regulation of the common 629 genes 

(Figure 3.12 B). These data suggest that there is an overall downregulation of the 

majority of these 629 genes as the disease progresses.  
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Figure 3.12 : Co-expression analysis using Clust to identify genes that are co-

expressed between metastases. 

A) Clusters generated by Clust. Each unique cluster shows a pattern of co-

expressed genes. A total of 11 clusters consisting of 1391 were generated where the 

largest cluster contains 334 genes and the smallest is made up of 24 genes. B) 

Heatmap of the 629 genes selected from Clust analysis (C0 and C6). Red colour 

indicates higher expression whereas blue colour indicates lower expression. 

Hierarchical clustering clusters similarly expressed genes and samples together. 
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3.2.8 Candidate gene selection 

To aid with candidate gene selection, a core analysis was performed using 

Ingenuity Pathway Analysis (IPA) (https://digitalinsights.qiagen.com/products-

overview/discovery-insights-portfolio/analysis-and-visualization/qiagen-ipa/). 

The input encompassed the common 629 genes; however, the two pairwise analyses 

(22Rv1:LNCaP and 22Rv1:PC3) were treated separately to ensure that the most 

robust pathways were identified. The core analysis within IPA generated a list of 

top canonical pathways based on a manually curated scientific literature-based 

database. For each pathway, IPA identified the differentially expressed genes (the 

input data) and reported the ‘expected’ (in a normal functioning pathway) and 

‘observed’ (in the input cancer dataset) expression values. The Top 3 canonical 

pathways are shown in Table 3.9 and were prioritised by statistical power. These 

three pathways each included 11 of the input genes and was identified in the two 

separate pairwise analyses. The Top 3 pathways were interrogated with a focus on 

the expression of genes in the input data compared to the expected expression. On 

closer examination, the GUCY1A2 (Guanylate cyclase 1 soluble subunit alpha 2) 

gene had an observed expression value that did not follow the predicted trend and 

this was evident in both of the pairwise analyses. Interestingly, GUCY1A2 has 

known roles in sperm motility and corticotropin releasing hormone signalling 

pathways relevant to prostate biology.  In addition, IPA identifies networks that are 

enriched for the 629 input genes based on the literature-based database. GUCY1A2 

was observed to be involved in a network where it indirectly acted upon Rap1 (Ras- 

related protein 1) (Figure 3.13 A), whose activation has been shown to promote 

prostate cancer metastasis (Bailey et al. 2009). Upon interrogation of the Top 500 

most variable gene lists (Figure 3.4 and  Figure 3.9), GUCY1A2 was common and 

https://digitalinsights.qiagen.com/products-overview/discovery-insights-portfolio/analysis-and-visualization/qiagen-ipa/
https://digitalinsights.qiagen.com/products-overview/discovery-insights-portfolio/analysis-and-visualization/qiagen-ipa/
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displayed the highest expression in 22Rv1 cells. Conversely, GUCY1A2 was 

repressed in PrEC and exhibited negligible expression in the LNCaP and PC3 

metastatic cell lines (Figure 3.13 B). The upregulation of GUCY1A2 in 22Rv1 cells 

suggests that is may have a role in tumour initiation; however, the subsequent 

downregulation of expression in metastasis suggests that GUCY1A2 may function 

as a metastasis suppressor in this context, which makes it an interesting candidate 

for further investigation. 
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Table 3.9 : Table showing the top 3 canonical pathways along with the list of 

genes from the input dataset that enrich the pathway. 

 

 

 

 

 

 

 

 

 

Ingenuity 

Canonical 

Pathways 

p-value Molecules 

Sperm Motility 3.49E-04 SLC9A5, TXK, PLB1, PLCG2, GUCY1A2, 

PTK6, PRKAR1B, CACNA1H, RARRES3, 

PLA2G4F, PRKCH 

Atherosclerosis 

Signaling 

4.62E-04 ALOX15, ALB, ALOX15B, PLB1, IL36RN, 

APOC1, RARRES3, PLA2G4F, PDGFD, 

COL18A1, CLU 

Corticotropin 

Releasing 

Hormone 

Signaling 

9.43E-04 GLI3, GUCY2D, CACNA1B, PLCG2, 

GUCY1A2, SMO, PRKAR1B, CACNA1H, 

PRKCH, CREB5, NOS3 
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Figure 3.13 : Network interaction and expression information for GUCY1A2. 

A) Network analysis by IPA showing the interaction of GUCY1A2 with Rap1 (red 

box). The green colour shows downregulation and red shows upregulation of the 

corresponding gene. The intensity of the colour shows the level of up or 

downregulation. B) Average expression levels (RPKM) of GUCY1A2 across cell 

lines determined by RNA-seq. Expression across all cell lines, where significance 

was calculated relative to the normal epithelial cell line, PrEC and localised prostate 

cancer cell line, 22Rv1. Values are shown as mean ± standard error (n=3). 

Significance was calculated by one-way ANOVA with Dunnett’s test for multiple 

comparison. (**** p<0.0001) 
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To complement the IPA analysis, the String database (Szklarczyk et al. 2016) was 

used to generate networks by combining known and predicted functional 

interactions between proteins of interest (input; 629 genes). Each interaction 

generated in String is annotated with a confidence score ranging between 0 and 1 

indicating the likelihood of the interaction being biologically meaningful. Using 

the StringApp in cytoscape (Doncheva et al. 2019), both pairwise analyses were 

used as input to study the overall interactions between the proteins, similar to the 

IPA analysis. A network consisting of 531 nodes was generated as a result (Figure 

3.14 A). This network was subjected to a stringent filtering criterion where the 

minimum confidence score of the interaction was set to 0.9 to reveal interactions 

that were statistically and biologically most relevant. The resulting network 

consisted of 114 nodes (Figure 3.14 B). To aid in the selection of key genes, this 

network was further filtered to only contain nodes with at least five interacting 

neighbours (Figure 3.14 C), resulting in a network with 32 nodes and one major 

hub. This hub consisted of 14 genes. Functional annotation using DAVID revealed 

that 12 out of the 14 genes from this hub were associated with the top statistically 

significant enriched KEGG pathway, Neuroactive ligand-receptor interaction. Of 

these 12 genes, BDKRB2 (Bradykinin Receptor B2) was found to be interacting 

with all the other nodes in this hub and was therefore selected for further analysis. 

However, qPCR detected an overall low expression of the BDKRB2 gene across 

the prostate cancer cell lines used for this experiment (For primers see Appendix 

Table 7.1), and therefore, the network interactions generated by IPA were studied 

further. One network generated by IPA revealed KISS1R (Kisspeptin receptor) 

directly acting on EGFR (Epidermal growth factor receptor) (Figure 3.15 A) which 

is a transmembrane protein, acting as a receptor for proteins from the epidermal 
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growth factor family. Mutations causing altered activity or expression of EGFR 

have been associated with several cancers including lung, breast and glioblastoma 

(Zhang et al. 2007; Sigismund et al. 2018). Interestingly, EGFR mediated 

metastasis occurs through Rap1 activation in pancreatic cancer (Huang et al. 2012). 

As noted earlier (Figure 3.13 A), GUCY1A2 was of interest and associated with 

indirect activation of Rap1. The expression of KISS1R followed a similar pattern to 

that observed for GUCY1A2; KISS1R was repressed in PrEC, highly expressed in 

22Rv1 and subsequently reduced in the LNCaP and PC3 metastasis cell lines 

(Figure 3.15 B). Additionally, KISS1R can act as a suppressor of metastasis in many 

cancers (Beck and Welch 2010). These data suggest that GUCY1A2 and KISS1R 

may be coordinatively involved in metastasis. Relative GUCY1A2 and KISS1R 

expression was then validated across the panel of prostate cancer cell lines by qRT-

PCR, as described in Chapter 2 Section 2.6. Consistent with the RNA-seq data, 

GUCY1A2 was highly expressed in 22Rv1 cells, and repressed in LNCaP and PC3 

cells (p<0.001;Figure 3.16 A). The expression of KISS1R was high in the 22Rv1 

and PC3 cell lines, and low in LNCaP; however, these differences were not 

statistically significant. (Figure 3.16 B). 
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Figure 3.14 : String generated network. 

A) Network consisting of all the possible interactions between query proteins. B) 

This network contains interactions with a confidence score of at least 0.9 C) 

Network containing nodes with at least 5 neighbours. 
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Figure 3.15 : Network interaction and expression information for KISS1R. 

A) Network generated by IPA showing the interaction of KISS1R with EGFR (red 

box). The green colour shows downregulation and red shows upregulation of the 

corresponding gene. The intensity of the colour shows the level of up or 

downregulation. B) Average expression levels (RPKM) of KISS1R across cell lines 

determined by RNA-seq. Expression across all cell lines, where significance was 

calculated relative to the normal epithelial cell line, PrEC and localised prostate 

cancer cell line, 22Rv1. Values are shown as mean ± standard error (n=3). 

Significance was calculated by one-way ANOVA with Dunnett’s test for multiple 

comparison. (**** p<0.0001) 
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Figure 3.16 : qRT-PCR validation of A) GUCY1A2 and B) KISS1R in prostate 

cancer cell lines. 

Total RNA was isolated from 22Rv1, LNCaP and PC3 cell lines, reverse 

transcribed and amplified by quantitative PCR for GUCY1A2. The mRNA levels 

are expressed relative to 18S mRNA. Values are shown as mean ± standard error 

(n=3). Significance was calculated using one-way ANOVA followed by Dunnett’s 

test for multiple comparison. (***p<0.001)  
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3.2.9 Differential alternative splicing is not necessarily a major driver of 

differential gene expression in metastasis. 

Alternative splicing has the potential to provide substantial molecular diversity. 

However, the role of differential alternative splicing in driving aberrant gene 

expression in cancer is often overlooked. Therefore, the next step was to interrogate 

whether the observed differential expression patterns could at least partly be 

explained by differential alternative splicing events between localised and 

metastatic cancer cell lines. Alternative splicing events across the model of 

localised and metastatic prostate cancer states was examined using Spladder 

(Kahles et al. 2016). An augmented splicing graph for each biological replicate of 

22Rv1, LNCaP and PC3 was generated based on the genome annotation file and 

merged into a common splicing graph which was then used to detect alternative 

splicing events between 22Rv1, LNCaP and PC3, including: alternative 3’, 

alternative 5’, exon skipping, intron retention and multiple exon skipping. The ‘test’ 

option was used to identify pairwise differential alternative splicing events between 

the localised and metastasis samples. A comparison of 22Rv1 and LNCaP 

identified 28,738 genes that were differentially spliced, and an additional 30,949 

between 22Rv1 and PC3. Each gene list was subject to a filtering criterion of q-

value ≤ 0.05. A total of 2,795 genes and 2,412 genes passed this filter, respectively 

(Table 3.10). Then, the gene lists were intersected with Clusters C0 and C6 from 

the clust analysis (see Chapter 3.2.4), to reveal genes that are both differentially 

expressed and alternatively spliced in both metastatic prostate cancer cell lines. 

This analysis yielded 14 genes, which was only ~2.2% of the metastasis specific 

gene list (n=629) selected from the clust analysis. These 14 genes were sorted in 

descending order of the mean event count number to depict the average event 
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frequency (Table 3.11). This process identified the gene QSOX1 as the top gene hit 

with an overall higher frequency of event occurrence in the metastatic cell lines and 

was selected for further investigation. The alternative splicing event associated with 

QSOX1 was intron retention, and the frequency of occurrence for this event was 

higher in both LNCaP (141.16 mean events) and PC3 (1071.54 events) compared 

to 22Rv1 cells (16.29 events compared to LNCaP and 29.36 events compared to 

PC3) (Table 3.11). This is consistent with the observation that the expression of 

QSOX1 was consistently higher in the metastatic cell lines. (Figure 3.17).  
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Table 3.10 : Differential Alternative Splicing metrics. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Pairwise Comparison Alternative Splicing 

(before filtering) 

Alternative Splicing 

(after filtering) 

(qval ≤ 0.05) 

22Rv1 versus LNCaP 28738 2795 

22Rv1 versus PC3 30949 2412 
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Table 3.11 : Information regarding the 14 genes showing differential alternative splicing and differential expression across 

both the pairwise analyses. 

Gene 22Rv1 versus PC3 22Rv1 versus LNCaP 

 

 

Event type Mean event count 

in 22Rv1 

Mean event 

count in PC3 

Event type Mean event count 

in 22Rv1 

Mean event 

count in 

LNCaP 

QSOX1 Intron retention 29.36139242 1071.536 Intron retention 16.28617323 141.1573 

GPAT2 

Alternative 3 

prime 137.9939922 0 Intron retention 79.34062222 0 

COL18A1 Exon skipping 0 98.73892 Exon skipping 0 9.735439 

EPHB6 

Alternative 3 

prime 0.657805322 67.17343 

Alternative 3 

prime 0 6.03658 

CCHCR1 

Alternative 5 

prime 54.76122163 0 

Alternative 3 

prime 13.08844917 0.517247 

TCF19 

Alternative 5 

prime 31.83390565 0 

Alternative 5 

prime 16.23860749 0 

EPS8L1 Intron retention 31.10735777 0 Intron retention 17.2717525 0 

TRIM38 

Alternative 5 

prime 0 21.63 

Alternative 5 

prime 0 11.64343 

MFSD13A Exon skipping 29.81474096 8.229143 Exon skipping 15.17088362 1.577174 

ATP6V1C2 

Alternative 3 

prime 21.45754345 0 

Alternative 3 

prime 10.57929395 0 

CHRNE 

Alternative 5 

prime 11.80254207 0 Intron retention 16.41368935 0 
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GOLGA2P7 

Alternative 3 

prime 27.19600272 16.16377 

Alternative 5 

prime 0.689904704 15.21848 

COL9A3 Intron retention 11.34712232 4.41235 Intron retention 6.297106035 5.665552 

IQSEC2 Exon skipping 0 5.901723 Exon skipping 11.52311877 12.04172 
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Figure 3.17 : RNA-seq generated expression profile of QSOX1 in the prostate 

cancer cell lines. 

Average expression levels (RPKM) of QSOX1 across prostate cancer cell lines 

determined by RNA-seq. Values are shown as mean ± standard error (n=3). 

Significance was calculated by one-way ANOVA with Dunnett’s test for multiple 

comparison. (ns-not significant, ** p<0.01)  
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QSOX1 can be transcribed as two distinct mRNA species from twelve (Variant 1) 

or thirteen (Variant 2) exons (Figure 3.18 A). Interestingly however, Variant 2 is 

wholly contained within, and overlaps Variant 1 (Figure 3.18 A).  Therefore, a 

primer set was designed to specifically detect Variant 1, while a second primer set 

detected both Variant 1 and Variant 2 (Figure 3.18 B). These data showed that the 

expression of QSOX1 Variant 1 was greater in 22Rv1 than both LNCaP and PC3 

(Figure 3.19 A). This result contrasts the RNA-seq data (Figure 3.17), suggesting 

that the RNA-seq profile is driven predominantly by QSOX1 Variant 2 expression. 

This was confirmed in PC3 cells (Figure 3.19 B); however, the qRT-PCR result 

was not consistent with the RNA-seq data for either 22Rv1 and LNCaP, revealing 

a switch between 22Rv1 and LNCaP. Thus, it is possible that the expression of 

QSOX1 in RNA-seq data reflected the combination of the two variants. Based on 

this and the fact that only ~2% of the metastasis specific differentially expressed 

gene set showed differential alternative splicing, suggests that differential 

alternative splicing is not necessarily a major contributor to the differential gene 

expression signatures observed in metastasis. 
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Figure 3.18 : Alternative splicing of QSOX1. 

A) Splicing graph of QSOX1 depicting the intron retention at exon 12. B) Regions 

of QSOX1 detected by the two primer sets. Section marked as blue was detected by 

the Variant1 primers. As visible, the detected section is only present in one variant 

of QSOX1. The red section depicts the region detected by Variant2 primers. It is 

visible that the region detected by the Variant2 primers is present in both variants 

of QSOX1. 
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Figure 3.19 : The expression level of QSOX1 variants was validated in the 

cancer cell lines using qRT-PCR. 

Total RNA was isolated from 22Rv1, LNCaP and PC3 cell lines, reverse 

transcribed and amplified by quantitative PCR for QSOX1. A) represents the 

Variant 1 expression and B) represents the combination of Variant1 and 2 

expression levels. The mRNA levels are expressed relative to 18S mRNA. Values 

are shown as mean ± standard error (n=3). Significance was calculated using one-

way ANOVA followed by Dunnett’s test for multiple comparison. (*p<0.05, 

**p<0.01)  
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3.3 DISCUSSION 

In this chapter, global gene expression changes that take place at different stages of 

disease progression to a metastatic state was studied. The most common metastatic 

sites for prostate cancer are lymph nodes and bone (Pascale et al. 2017), and were 

modelled using the LNCaP and PC3 cell lines. It was observed in the MDS and 

hierarchical clustering analyses that overall gene expression in LNCaP was similar 

to 22Rv1 whereas PC3 unexpectedly clustered further from the other two cancer 

cell lines, irrespective of localised or metastatic derivation. This could be due to the 

fact that 22Rv1 and LNCaP are both androgen responsive, whereas PC3 is hormone 

independent (Kaighn et al. 1979; Horoszewicz et al. 1983; Sramkoski et al. 1999). 

It has also been demonstrated that LNCaP retains prostate specific properties in 

contrast to PC3 cells, which represent a more aggressive phenotype (Dozmorov et 

al. 2009). LNCaP and 22Rv1 both express Androgen Receptor (AR), which 

regulates the secretion of Prostate Specific Antigen (PSA) and as would be 

predicted from a clinical trajectory, LNCaP cells produce more PSA compared to 

22Rv1. Being unresponsive to hormone, PC3 cells express neither AR nor PSA 

(Attardi et al. 2004; Tai et al. 2011). This was also observed in the current study 

where KLK3 (also known as PSA) expression was detected at a higher level in 

LNCaP compared to 22Rv1, and 10-fold lower in PC3 in comparison to 22Rv1 

(Figure 3.5). Even though LNCaP and PC3 represent different levels of 

aggressiveness, the overall aim was to identify target genes that may potentially act 

as drivers of metastasis. Therefore, the focus remained on genes that were 

differentially expressed between localised prostate cancer and in prostate cancer 

metastasis, irrespective of the site. 
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Ten genes from the keratin (KRT) family and eight from the kallikrein (KLK) were 

found in the Top 500 most variable genes across PrEC, 22Rv1, LNCaP and PC3 

cell lines. Of the ten keratin genes, KRT15, KRT14, KRT17 have been found to be 

included in a long-range epigenetic silencing (LRES) region, which consists of 

genes that show concordant epigenetically controlled transcriptional suppression in 

prostate cancer compared to normal tissue (Coolen et al. 2010). This study showed 

a suppression of these genes in LNCaP compared to PrEC which correlated with 

the results of Chapter 3 where a higher expression of these genes was observed in 

PrEC compared to LNCaP. Additionally, of the 8 KLK genes, KLK15, KLK3, KLK2, 

and KLK4 have been found to be included in a long range epigenetic activation 

(LREA) region, consisting of genes with epigenetically regulated concordant 

transcriptional activation in prostate cancer relative to normal (Bert et al. 2013) and 

this expression correlated with the data generated in this chapter where the 

expression of these genes was higher in the cancer cell lines compared to PrEC 

samples. The Top 500 most variable genes across the cancer cell lines (excluding 

PrEC) revealed ALDH as a new gene family not found in the previous dataset. It 

has been shown that based on cellular context, ALDH can be associated with either 

increased or decreased metastasis in solid tumours (Rodriguez-Torres and Allan 

2016). Most of the KRT and KLK genes were not found in this dataset, suggesting 

that the expression of these genes is PrEC specific and the variability exists between 

normal and cancer phenotype. Since these genes were variable across the cell lines 

and LNCaP and PC3 represent different levels of aggressiveness, most of these 

genes show variability between the two metastatic cell lines. Therefore, the 

differentially expressed genes were subjected to a co-expression analysis to focus 
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on genes that were co expressed between LNCaP and PC3 and show variability 

between localised cancer and metastasis. 

 

The unique differentially expressed genes across all pairwise analyses for PrEC, 

22Rv1, LNCaP and PC3 were found to be enriched in the cell adhesion process. 

Cell adhesion is a key aspect of cancer initiation and progression as cell-cell 

adhesion is lost when the cells transform from an epithelial to an invasive 

mesenchymal phenotype, promoting metastasis (Montanari et al. 2017). In addition, 

it was observed that the overall number of genes downregulated in metastasis was 

greater than the number of upregulated genes, which suggests that the inactivation 

of metastasis suppressor genes together with the atypical activation of genes that 

promote metastasis contribute to the progression of prostate cancer (Daves et al. 

2011). Amongst the three candidate genes selected from the analyses performed in 

Chapter 3, KISS1R and GUCY1A2 were downregulated whereas QSOX1 was 

upregulated in the LNCaP and PC3 metastatic cell lines compared to the localised 

22Rv1 cell line.  

 

There is evidence that KISS1R functions as a metastasis suppressor gene in multiple 

cancers including melanoma (Nash and Welch 2006), colorectal cancer (Okugawa 

et al. 2013), uveal melanoma (Martins et al. 2008), bladder cancer (Cebrian et al. 

2011), ovarian cancer (Prentice et al. 2007) however, there is some conflicting 

evidence. For example, two independent studies have revealed that KISS1R can 

promote metastasis in breast and liver cancer (Schmid et al. 2007; Blake et al. 2017; 

reviewed in Guzman et al. 2018). Conversely, studies performed using both cell 

lines and primary human samples have shown that KISS1R has a role as a metastasis 
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suppressor that becomes dysregulated over the course of prostate cancer (Wang et 

al. 2012; Xoxakos et al. 2020). These data are supported by the transcriptional 

analysis conducted here, showing that KISS1R expression increased in both 

metastatic cell lines. This highlights the common finding that many key 

transcriptional regulators have dual roles in cancer cells and have the capacity to 

function as both tumour suppressors and oncogenes depending on context. 

 

GUCY1A2 encodes the alpha subunit of soluble Guanylyl Cyclase (sGC), which is 

a heterodimeric protein consisting of two α and two β subunits. GUCY1A2 

typically serves as a receptor for nitric oxide, which acts as a vasodilator by 

activating the sGC and increasing the intracellular cyclic guanosine 

monophosphate (cGMP) levels (Bellamy et al. 2002; Klinger and Kadowitz 2017; 

Rippe et al. 2019). According to GeneCards, the human gene database (Stelzer et 

al. 2016), GUCY1A1 which encodes the second alpha subunit of sGC, is a paralog 

of GUCY1A2. It has been observed that the expression of GUCY1A1, is regulated 

by androgen and is expressed at a higher level  in advanced prostate cancer (Cai et 

al. 2007). The data presented in Chapter 3 demonstrates that the expression of 

GUCY1A2 is greater in localised cancer and repressed in the metastasis cell lines. 

This suggests that GUCY1A2 modifies it function across progression of prostate 

cancer. When this study commenced and GUCY1A2 was selected as a candidate 

gene, there was no other research linking the expression of GUCY1A2 to prostate 

cancer. However, a recent study used microarray data based on KUCaP-2, a 

xenograft model of prostate cancer, to show that GUCY1A2 can drive castration 

responsive cells to castration resistant prostate cancer (Rotimi et al. 2019).  
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A third candidate gene was selected based on additional parameters. Unlike KISS1R 

and GUCY1A2 that were downregulated, QSOX1 followed the inverse gene 

expression pattern and was differentially alternative spliced between localised and 

metastatic cancer cell lines. A prior study has linked increased expression of 

QSOX1 to invasiveness and overall more aggressive prostate cancer phenotypes 

(Baek et al. 2018). This observation correlated with the RNA-seq data from Chapter 

3, which demonstrated that the expression of QSOX1 was higher in LNCaP and 

PC3 in comparison to 22Rv1. QSOX1 has two known alternative spliced isoforms; 

‘Variant 1’ is transcribed from 12 exons spanning 3314 base pairs encoding a 

peptide of 747 amino acids, while ‘Variant 2’ is transcribed from 13 exons and 

spans 2588 base pairs encoding a peptide of 604 amino acids  (Lake and Faigel 

2014). The qRT-PCR results presented here revealed that the expression of Variant 

1 was higher in 22Rv1 compared to the LNCaP and PC3 cell lines whereas Variant 

2 expression was increased in PC3 cell lines, as expected from the global RNA-seq 

data. More detail was obtained using primers that could detect the presence of both 

Variant 1 and Variant 2, or only Variant 1. This analysis suggested that Variant 2 

may be the dominant isoform that is driving the higher level of QSOX1 expression 

observed in the metastatic cell lines which correlated with a study done in 

pancreatic cancer (Katchman et al. 2011).  

 

The additional 143 amino acids in QSOX1 Variant 1 include a functional 

transmembrane domain which the more abundant QSOX1 Variant 2 lacks (Portes 

et al. 2008). Variant 1 is normally a membrane associated protein, which has been 

shown to be proteolytically cleaved during carcinogenesis (Antwi et al. 2009). 

Further, the Variant 1 is cleaved and secreted as a dimer and QSOX1 Variant 2 can 
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associate with Variant 1 within the cells, which suggests the secretion of QSOX1 

Variant 2 is prevented until the cleavage of Variant 1 (Rudolf et al. 2013). Therefore, 

a higher level of QSOX1 expression in 22Rv1 could mean that Variant 1 is secreted 

at disease onset, and that Variant 2 is secreted following Variant 1 cleavage, 

possibly aiding in disease progression. The suppression of Variant 2 in LNCaP cells 

is may be an artefact of the Variant 2 primer set being non-specific, and also 

amplifying Variant 1. This hypothesis is supported by the increase in expression 

detected in PC3 cells compared to both 22Rv1 and LNCaP cells.  

 

Taken together, Chapter 3 has revealed global differences in gene expression 

between prostate cancer cell lines representing different stages in disease 

progression and highlights the importance of studying genes that may drive the 

transition to metastasis. To this end, three candidate genes were selected for further 

study in Chapter 4 and 5, to obtain further detail that may explain the epigenetic 

mechanisms used by cells to occupy sites distant from primary tumours. It is worth 

noting that the selection of candidate genes identified here was highly dependent 

on the filtering approach and the validation of the functional role of these genes 

would be required in future studies. Nonetheless, the filtering approach was based 

on stringent criteria revealing a panel of genes differentially expressed in metastasis. 

The expression of the selected genes was also confirmed using qRT-PCR, 

indicating that the overall gene set, as well as these specific genes, are good 

candidates to study their role in driving metastasis.  
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4.  GENOME-WIDE DNA METHYLATION 

ANALYSIS IN PROSTATE CANCER 

CELL LINES  
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4.1 Introduction 

DNA methylation remains one of the best-characterised epigenetic modifications 

and is most commonly associated with the silencing of genes with promoters 

overlapping CpG islands (Lowdon et al. 2016). The process of DNA methylation 

involves the addition of a methyl group (CH3) to the fifth carbon of the cytosine 

ring and occurs predominantly in the CpG context in humans (Lister et al. 2009; 

Moore et al. 2013). DNA methylation has the potential to alter gene expression 

through multiple mechanisms including the modulation of transcription factor 

binding, local DNA accessibility and global chromatin structure (Yin et al. 2017). 

However, there are nuances in interpreting the role of DNA methylation, including 

the discovery that DNA hypermethylation of exons is correlated with increased 

transcription (Ball et al. 2009; Rauch et al. 2009).  

 

DNA methylation has long been associated with regulation of gene expression with 

an indirect association suggested from analysis of the β-globin gene in 1979 

(McGhee and Ginder 1979). A more direct association between gene expression 

and DNA methylation was confirmed using a mouse model of cellular 

differentiation (Jones and Taylor 1980). Specifically, this study utilised 5-

azacytidine (a cytidine analogue) to demonstrate that inhibition of DNA 

methylation resulted in a new cellular phenotype (Jones and Taylor 1980). Later 

studies revealed that DNA methylation is essential for normal development (Li et 

al. 1992) and that methylation of CpG islands associated with promoter regions 

lead to heritable silencing of the associated gene (Jones 1996). It is now known that 

DNA methylation is highly regulated in normal cells and alterations to the normal 

DNA methylation pattern is a hallmark of cancer (Pfeifer 2018; Mahmood and 
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Rabbani 2019). Global hypomethylation in tumours compared to adjacent normal 

tissue was, in fact, one of the first epigenetic alterations found in human colorectal 

cancer (Feinberg and Vogelstein 1983) and has since been observed as an early 

event of carcinogenesis (Compare et al. 2011).  

 

The earliest studies of DNA methylation in prostate cancer linked global 

hypomethylation to a more aggressive phenotype (Bedford and Van Helden 1987). 

Since then, it has been reported that the expression of many prostate cancer-

associated genes is modulated by DNA methylation including those involved in 

DNA repair (Glutathione S-Transferase Pi 1, GSTP1), hormone response 

(Androgen receptor, AR), tumour suppression (Adenomatous polyposis coli, APC) 

and cell invasion (homing cell adhesion molecule, HCAM). For example, DNA 

hypermethylation across the promoter region of GSTP1 was associated with 

carcinogenesis and also linked to lower expression of GSTP1 in prostate cancer 

compared to normal cells (Lee et al. 1994). Interestingly, contrary to other cancer 

types, global DNA hypomethylation is delayed in the course of prostate cancer 

progression compared to the hypermethylation of CpG island promoters and is 

more likely to be involved in metastasis than the onset of cancer 

(Yegnasubramanian et al. 2008). Since DNA methylation is reversible, identifying 

drivers of metastasis that are amenable to DNA methylation inhibition and gene 

expression modulation holds increasing interest and may be of high therapeutic 

value. 

 

Initially, global DNA methylation was analysed using techniques such as high 

performance liquid chromatography (HPLC; Kuo et al. 1980), high performance 
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capillary electrophoresis (HPCE; Fraga et al. 2000), liquid 

chromatography/electrospray ionization mass spectrometry (LC/ESI-MS; Friso et 

al. 2002), luminometric methylation assay (LUMA) based on enzymatic digestion 

using enzymes like MspI and HpaII (Karimi et al. 2006), and enzyme linked 

immunosorbent assays (ELISA; Kremer et al. 2012). However, while they remain 

accurate means of measuring DNA methylation, these techniques require large 

amounts of sample, specialist equipment and are expensive. 

 

The ability to interrogate DNA methylation at single nucleotide resolution across 

individual gene promoters was made possible with the development of bisulfite 

conversion combined with Sanger sequencing (Frommer et al. 1992). The principle 

centres on chemical conversion of unmethylated cytosine residues to uracil by 

treatment with sodium bisulfite, whereas methylated cytosine residues are 

protected from conversion, allowing them to be detected in sequencing data as 

cytosine base residues  (Frommer et al. 1992; Clark et al. 1994). The invention of 

‘next-generation’ sequencing (NGS) platforms has made it possible to study base 

pair resolution DNA methylation at a genome-wide level. The current ‘gold 

standard’ is whole genome bisulfite sequencing (WGBS), which involves high 

throughput sequencing of the bisulfite converted DNA library, and covering ~95% 

of the total ~28 million cytosines in the genome (Stirzaker et al. 2014). This was 

first performed in Arabidopsis thaliana (Cokus et al. 2008; Lister et al. 2008), but 

remains relatively expensive, driven by the cost to obtain sufficient sequencing 

depth for accurate readout. Alternatively, Methyl-DNA Immunoprecipitation 

(MeDIP-seq) and Methyl-CpG binding domain (MBD) based capture and 

sequencing (MBDCap-seq) are based on enrichment of methylation regions using 
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targeted ‘pull-down’ followed by NGS and cover ~18% of the cytosine residues 

across the genome (Weber et al. 2005; Serre et al. 2009). These assays provide a 

more cost-effective option than WGBS; however, MeDIP- seq demonstrates bias 

towards regions of low CpG density while MBDCap-seq favours CpG dense 

regions (Nair et al. 2011). Due to this, they are generally only used for the 

interrogation of distinct genomic regions of interest (Nair et al. 2011). Reduced 

representative bisulfite sequencing (RRBS) was developed as a modified version 

of the WGBS method that can analyse the methylation at single nucleotide level. 

RRBS offers coverage of ~3.2% of CpG sites; however, it can only be used to 

interrogate CpG rich regions such as CpG island promoters (Meissner et al. 2008). 

The Infinium Methylation Assay (Illumina, Inc.) is one of the most cost effective 

and popular methods to study DNA methylation at single nucleotide resolution, 

especially for clinical samples that are often degraded or of limited availability. The 

chemistry and capability of these arrays has evolved from the first ‘27K’ option to 

the latest iteration, the MethylationEPIC Beadchip, which covers greater than 

850,000 CpG sites (~3% of the genome) (Pidsley et al. 2016). 

 

Utilising these techniques, increasing numbers of studies are now focussing on the 

identification of biomarkers for prostate cancer. Currently, there is one 

commercialised epigenetic assay, known as ConfirmMDx (MDxHealth, Irvine, CA) 

that allows for PCR based detection of the DNA methylation levels of GSTP1, 

RASSF1 and APC from prostate biopsy samples (Van Neste et al. 2012). This test 

has not yet been FDA approved, however, it is being used as a supplement to current 

diagnostic options to assess the need for a repeat biopsy by detecting the presence 

of cancer in histologically negative prostate tissues (Van Neste et al. 2016). It has 
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been shown to have a negative predictive value of >90% for high grade cancers in 

African American cohort (Waterhouse et al. 2019). With potential for promoter 

DNA methylation to be developed for use as biomarkers in prostate cancer and 

increasing capability for high-throughput use of epigenetic testing, there is great 

interest in identifying changes that may detect and facilitate monitoring of prostate 

cancer progression. Thus, there is increasing interest in studying the genome-wide 

differences in DNA methylation between localised and advanced prostate cancer 

(Lin et al. 2013; Ge et al. 2020; Zhao et al. 2020) . However, almost all of the 

aforementioned studies have focused on metastatic castration resistant prostate 

cancer (mCRPC), which represents an evolved phenotype showing progression 

after acquiring resistance to androgen deprivation therapy and is the lethal form of 

prostate cancer (Ku et al. 2019). In addition, none of the biomarkers associated with 

metastatic prostate cancer have so far been validated for use in a clinical setting. 

Therefore, it is important to identify biomarkers to study the initiating events of 

metastatic progression, in order to identify biomarkers or therapeutic targets for 

intervention in this process. 

 

The overarching aim of Chapter 4 was to measure differences in DNA methylation 

between localized and metastatic prostate cancer cell line models using the Illumina 

MethylationEPIC Beadchip array, with the goal of identifying genes that may 

contribute to the process of metastasis.  
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Specific aims of Chapter 4 are to: 

• Study global DNA methylation changes that characterise metastatic prostate 

cancer cells. 

• Identify genes with significant differences in DNA methylation in their 

promoter regions. 

• Study the link between promoter DNA methylation and metastasis specific 

differential gene expression.  
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4.2 Results 

4.2.1 Approach 

In Chapter 3, differences in gene expression profiles between the localised and 

metastatic prostate cancer cell lines were used to select putative target gene sets 

that drive metastatic progression. Here, the study was expanded to understand the 

association between DNA methylation and gene expression changes observed in 

metastatic prostate cancer cell lines. The Illumina Infinium MethylationEPIC 

Beadchip array (EPIC; https://sapac.illumina.com/products/by-type/microarray-

kits/infinium-methylation-epic.html) can quantitatively measure DNA methylation 

levels of over 850,000 CpG dinucleotides at single nucleotide resolution when 

coupled with short read sequencing. These sites cover 99% of the RefSeq genes, 

targeting CpG islands, shores and shelves, 5’ and 3’ UTR regions, gene bodies, and  

enhancer regions identified by the FANTOM5 (Lizio et al. 2015) and ENCODE 

(Siggens and Ekwall 2014) projects. The EPIC approach to assessing DNA 

methylation uses two types of probe designs, Infinium-I and Infinium-II to enable 

the capture of a range of genome-wide methylation values. Infinium-I uses two 

probes, one methylated and one unmethylated to determine the methylation status 

of the locus (Pidsley et al. 2016). Additionally, it works on a co-methylation 

assumption (Eckhardt et al. 2006)  where it assumes the same methylation status of 

CpG sites within a 50-bp region to infer the DNA methylation status of a genomic 

block and interpret underlying biology (Bibikova et al. 2011). Infinium-II probe 

design uses a single probe to assess the methylation status of a CpG site and enables 

the assessment of the query site without the co-methylation assumption (Bibikova 

et al. 2011) making these more suitable to interrogate less CpG dense regions 

(Pidsley et al. 2016).  
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The methylation of CpG islands overlapping gene promoters, in particular, is 

correlated with transcriptional silencing (Jones and Baylin 2007). Each annotated 

RefSeq promoter is represented by at least one CpG site on the EPIC platform, 

enabling each of the n=629 genes from Clusters C0 and C6, representing genes with 

consistent expression across LNCaP and PC3 compared to 22Rv1, to be 

interrogated (Figure 3.12 A). The primary goal of Chapter 4 was to identify genes 

displaying a correlation between DNA methylation pattern identified using EPIC 

array and the metastasis-specific gene expression changes that were identified in 

Chapter 3.  

 

4.2.2 Quality control and processing of Illumina MethylationEPIC Beadchip 

Array data 

DNA was extracted from the ‘localised’ (22Rv1; provided by Ms. Dayna Challis 

and Dr Kate Brettingham-Moore, Tasmanian School of Medicine, College of 

Health and Medicine, University of Tasmania) and ‘metastasized’ (PC3, bone) 

prostate cancer cell lines, quality assessed and quantified, bisulfite converted and 

hybridised to the Illumina Infinium MethylationEPIC Beadchip at the AGRF 

(Chapter 2, Section 2.8). The raw files for the metastatic LNCaP cell line were 

publicly available and obtained from the Gene Expression Omnibus (GEO) under 

the accession number GSE86833 (Pidsley et al. 2016) and re-processed with the 

new datasets for equivalence and to enable direct comparison. Six samples (two 

replicates each from three cell lines) were subjected to filtering and quality control 

before further analysis.  
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The EPIC array includes both Type-I and Type-II Infinium probes used in previous 

iterations of the technology (Pidsley et al. 2016), and raw data from each sample 

consists of a red channel (unmethylated) and a green channel (methylated) data file 

for analysis. Raw, intensity data in idat format was processed, filtered and analysed 

concurrently. These steps were conducted using the ChAMP package (Tian et al. 

2017), which incorporates and streamlines multiple Bioconductor packages to 

manage the data in R.  ChAMP reads the information contained in the idat files and 

automatically generates a bead count and detection P value matrix, which are used 

for quality control and intensity matrix consisting of methylated (‘C’ after bisulfite 

conversion) and unmethylated (‘T’ after bisulfite conversion) signal intensities. 

Additionally, it generates a beta (β) matrix, consisting of β values for each probe in 

each sample, which is calculated as:  

 

β =  
intensity of methylated signal

intensity of methylated signal+intensity of unmethylated signal+100
 

 

Beta values represent the proportion of DNA methylation at a CpG site and can 

range from 0 to 1 with ‘0’ representing 0% DNA methylation and ‘1’ representing 

100% DNA methylation at that site. The raw dataset consisted of 865,918 

methylated and unmethylated probes along with 411 control probes. This dataset 

was subjected to preliminary filtering using the default settings of ChAMP based 

on the matrices generated. Firstly, low quality probes defined as those with a 

detection P-value >0.01 (n= 3,426 probes) in one or more samples and probes with 

bead count <3 in at least 5% of the samples per probe (n=10,589 probes) were 

removed from the analysis. Next, non-CpG probes (n=2,942 probes) were removed. 

Eleven probes overlapping known multi-hit probes (Nordlund et al. 2013); 16,568 
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probes from Chromosome X and Chromosome Y, since PC3 lacks a Y chromosome 

(Vijayakumar et al. 2005); as well as 96,638 probes overlapping single nucleotide 

polymorphisms (SNPs) known to interfere with EPIC data analyses (Zhou et al. 

2017) were excluded. A total of 735,744 (84.96%) of all probes across six samples 

passed this internal filtering.   

 

An MDS plot was generated using the β value for the 735,744 probes, and enabled 

visualization of the relationship between the samples (Figure 4.1). As expected, the 

biological replicates for each cell line clustered together, suggesting there was 

greater difference in DNA methylation between cell lines than within the replicates. 

A similar clustering was observed in transcriptomic data generated in Chapter 3 

(Figure 3.8 B), where MDS plots showed that 22Rv1 and LNCaP clustered closer 

in the first dimension distinct from PC3. Together, this suggests that 22Rv1 and 

LNCaP share partial similarity in their DNA methylation patterns. In the second 

dimension all the three cell lines (22Rv1, LNCaP and PC3) were equally distributed, 

suggesting that there were also distinct DNA methylation patterns defining each 

cell type.   
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Figure 4.1 : Multidimensional Scaling (MDS) plot showing the similarity 

between samples based on the probes that passed quality control across the 

samples. 
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Type-I and type-II probes have different hybridisation chemistries and exhibit 

different distributions, with Type-II probes showing a lower dynamic range. This 

can lead to technical variation especially when studying differentially methylated 

regions that are covered by both probe types (Dedeurwaerder et al. 2011; Tian et 

al. 2017). Based on this information, the 735,744 probes were subjected to beta 

mixture quantile (BMIQ) normalisation (Teschendorff et al. 2013) to reduce 

technical variation and type-II probe bias (Dedeurwaerder et al. 2011). Density 

plots of the β value distributions were generated for Type-I and Type-II probes, and 

the distribution across the samples was assessed before and after normalisation to 

validate the effectiveness of BMIQ normalisation (Figure 4.2). The density plots 

indicated that technical bias was removed, resulting in a bimodal distribution of β 

values across the samples. The normalised β distribution plots indicated that a 

higher proportion of probes exhibited beta values close to 0, classified as 

unmethylated, and indicative of global hypomethylation characteristic of cancer in 

all three cell lines. On closer inspection, the LNCaP and PC3 metastatic cell lines 

displayed similar average hypomethylated peak values (~3.8), compared to 22rRv1 

(~4.2). Conversely, the hypermethylation pattern was more similar between the 

22Rv1 and LNCaP cell lines (average peak value of ~2.7) and distinct from PC3 

(average peak value of ~3.1). This suggests that the rate of hypomethylation can 

differ from the rate of hypermethylation, and that this balance could define prostate 

cancer stages.  
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Figure 4.2 : Quality control and normalisation of DNA methylation data. 

A) Density plot showing β-value distribution of Type-I and Type –II probes i) 

before normalisation and ii) after normalisation by BMIQ. B) Density plot showing 

β-value distribution across all the samples i) before normalisation and ii) after 

normalisation by BMIQ. 
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LNCaP data was previously generated by another research laboratory (available 

under GSE86833; Pidsley et al. 2016) and was not processed with 22Rv1 and PC3. 

Therefore, batch correction was required to remove technical variation that is 

common between sequencing runs. To achieve this, the singular value 

decomposition method (SVD) tool (Teschendorff et al. 2009) was used to identify 

sources of variation between LNCaP, and 22Rv1 and PC3 datasets. However, the 

nature of the source of variation (biological or technical) could not be ascertained 

given that one cell line was processed on a different array batch. Since batch 

correction could not be performed, quality control and subsequent analyses were 

repeated for 22Rv1 and PC3 samples, excluding the LNCaP data.  

 

Filtering was done as previously. Firstly, low quality probes with a detection P-

value >0.01 (n= 2,913 probes), probes with bead count <3 in at least 5% of the 

samples per probe (n= 7,278 probes) and non-CpG probes (n=2,953 probes) were 

removed. Secondly, the eleven probes overlapping  known multi-mappers 

(Nordlund et al. 2013); 16,670 probes from Chromosome X and Chromosome Y; 

as well as 97,185 probes overlapping single nucleotide polymorphisms (SNPs) 

known to interfere with EPIC data analysis (Zhou et al. 2017) were excluded. A 

total of 738,908 (85.33%) of all probes passed internal filtering. The filtered probes 

were then subjected to normalisation using BMIQ to remove within array technical 

variability. Next, density plots of the β-value distribution across samples and Type-

I and Type-II probes were generated (Figure 4.3) for both pre- and post-

normalisation, confirming that BMIQ normalisation was sufficient to remove the 

technical bias between 22Rv1 and PC3 datasets. 
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Figure 4.3 : Quality control and normalisation for 22Rv1 and PC3 samples. 

A) Density plot showing β-value distribution of Type-I and Type –II probes across 

22Rv1 and PC3 i) before normalisation and ii) after normalisation by BMIQ. B) 

Density plot showing β-value distribution across 22Rv1 and PC3 samples i) before 

normalisation and ii) after normalisation by BMIQ. 
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4.2.3 Identification of differentially methylated regions 

Differentially methylated regions (DMRs) are genomic regions comprising of 

multiple consecutive CpG sites with variable DNA methylation patterns across 

samples. DMRs, depending on context, can be functionally important and play a 

role in regulation of transcription (Eckhardt et al. 2006). Identification of DMRs 

between 22Rv1 and PC3 was done using the DMRcate package (Peters et al. 2015). 

Individual CpG sites with FDR<0.05 within a 1000bp window were grouped and 

this group was called a DMR if it contained at least 7 CpG sites. DMRcate returned 

a total of 16,865 DMRs encompassing 218,341 individual CpG sites. Of these, 

DMRs with mean β fold change >0.25 (George et al. 2019; Souren et al. 2019) 

between 22Rv1 and PC3 were selected for downstream analysis resulting in a total 

of 3,516 DMRs comprising of 42,418 CpG dinucleotides.  

 

4.2.4 Candidate gene selection 

DNA methylation across the promoter region of a gene is highly correlated with 

gene silencing or repression (Moore et al. 2013). Therefore, to aid with selection of 

candidate genes that may have functional implications for prostate cancer 

metastasis, DMRs generated by DMRcate (n=3,516) were filtered and restricted to 

those overlapping UCSC known promoters (+/−2,000 bp from transcription start 

site (TSS); defined as pDMRs) generating 2,798 pDMRs. Then, to identify genes 

that exhibit concordant change in both transcription and DNA methylation, pDMRs 

were intersected with differentially expressed genes from Clusters C0 and C6 

(Chapter 3, Section 3.2.7; Figure 3.12 A). This analysis revealed that 137 of 629 

genes from C0 and C6 were also present in the pDMR list (n=2,798). Interestingly, 

of the 137 regions, 102 pDMRs had a mean β fold change >0.25, indicating that 
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these regions were hypermethylated in PC3 cells. Conversely, only 35 pDMRs had 

a mean β fold change <-0.25, indicating hypermethylation in 22Rv1 cells 

(summarised in Figure 4.4). To study the biological processes and pathways 

enriched by the genes included in the pDMRs, a functional annotation was 

performed using DAVID. GO enrichment analysis revealed cellular response to 

amino acid stimulus (including 5 genes) and cell adhesion (including 12 genes) as 

the most significantly enriched biological processes. The Top 10 enriched GO 

terms under biological process are shown in Table 4.1. KEGG analysis revealed 

focal adhesion as the statistically most enriched pathway with 7 genes. The list of 

enriched KEGG pathways is shown in Table 4.2. 
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Table 4.1 : Top 10 enriched GO terms under the biological process category. 

 

  

GO Term Number of 

genes involved 

PValue 

GO:0071230~cellular response to amino 

acid stimulus 

5 3.17E-04 

GO:0007155~cell adhesion 12 3.62E-04 

GO:0030198~extracellular matrix 

organization 

7 0.002508154 

GO:0048384~retinoic acid receptor 

signaling pathway 

3 0.006846703 

GO:0048557~embryonic digestive tract 

morphogenesis 

3 0.006846703 

GO:2000172~regulation of branching 

morphogenesis of a nerve 

2 0.020758734 

GO:1902476~chloride transmembrane 

transport 

4 0.027192444 

GO:0051209~release of sequestered 

calcium ion into cytosol 

3 0.033079099 

GO:0038170~somatostatin signaling 

pathway 

2 0.03435995 

GO:0021631~optic nerve morphogenesis 2 0.03435995 
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Table 4.2 : List of enriched KEGG pathways.  

Pathway Number of genes 

involved 

PValue 

Focal adhesion 6 0.017639126 

ECM-receptor interaction 4 0.02631084 

Nicotine addiction 3 0.035139355 

PI3K-Akt signaling pathway 7 0.040968262 

Platelet activation 4 0.071311745 

Oxytocin signaling pathway 4 0.099330602 
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Figure 4.4 : Flowchart for the identification of candidate genes. 
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To identify the most robust hits, the 137 pDMRs were sorted in descending order 

using the maxbeta fc value, which represents the maximum absolute beta fold 

change at CpG sites across the region, to identify regions with increased DNA 

methylation in PC3 cells compared to 22Rv1. The top 10 candidates are shown in 

Table 4.3. The top ranked candidate with a maxbeta fc =0.952686 overlapped the 

promoter of PXMP4 (Peroxisomal Membrane Protein 4) on Chromosome 20 

(chr20:33718690-33721217). The pDMR associated with PXMP4 spanned 

2,528bp and included fifteen probes (Figure 4.5 A) with a mean β fold change =0.6 

for CpG sites within this region, suggesting that this pDMR had on average 60% 

greater DNA methylation in PC3 compared to 22Rv1. A graph depicting the DNA 

methylation pattern for this region in 22Rv1 and PC3 cells was generated, with the 

loess line (locally weighted smoothing) representing the DNA methylation trend 

(Figure 4.5 B). Here, the loess line revealed DNA hypermethylation in PC3 cells 

compared to 22Rv1 across the PXMP4 promoter region. The promoter 

hypermethylation in PC3 cells was consistent except for one probe within the 

TSS200 region that displayed a reduction in DNA methylation in PC3 cells. 

Additionally, the methylation level in PC3 cells reduced near the gene body. 

Conversely, the 139 pDMRs was sorted in ascending order using the maxbeta fc 

value to identify regions with decreased DNA methylation in PC3 cells compared 

to 22Rv1. The top 10 candidates are shown in Table 4.4. The top ranked candidate 

had maxbeta fc =-0.94833, overlapped the SLC36A4 (solute carrier family 36 

member 4) gene, spanned 1,614bp and included fifteen probes (Figure 4.6 A). The 

mean beta fold change =0.77 for CpG sites within this region, suggesting on 

average 77% greater DNA methylation in the localised 22Rv1 cells compared to 

the metastatic PC3 cells. A graph was generated to depict the DNA methylation 



131 

 

trend in 22Rv1 compared to PC3 cells across this region (Figure 4.6 B). Here, the 

loess line revealed an increase in DNA methylation across the SLC36A4 promoter 

region 22Rv1 cells, which was retained into the gene body. A single probe showed 

a reduction in DNA methylation near the TSS200 genomic region in 22Rv1 cells. 

This analysis further revealed that these fifteen probes were associated with 

multiple TSS200 regions, suggesting that the association between DNA 

methylation and SLC36A4 expression may be complex.  
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Table 4.3 : Top 10 DMRs with increased DNA methylation in PC3 compared to 22Rv1. 

 

DMR ID Chr DMR Start DMR End DMR 

width 

Number 

of CpGs 

FDR Maxbetafc Meanbetafc Overlapping 

promoters 

DMR_368 chr20 33718690 33721217 2528 15 0 0.952686 0.617341 PXMP4 

DMR_5954 chr7 44145241 44147711 2471 10 0 0.94851 0.321572 GCK 

DMR_233 chr3 158105300 158107407 2108 17 0 0.947427 0.816064 SHOX2, RSRC1 

DMR_798 chr5 141349025 141351741 2717 16 0 0.945387 0.460551 PCDHGB1 

DMR_738 chr19 35755494 35759262 3769 27 0 0.94451 0.347322 HSPB6, C19orf55 

DMR_2859 chr16 69351644 69352944 1301 8 0 0.943658 0.69972 TMED6, RP11-

343C2.7 

DMR_248 chr5 111068984 111073769 4786 24 0 0.941319 0.389755 TSLP 

DMR_69 chr17 4898583 4904463 5881 30 0 0.940591 0.554035 CHRNE, C17orf107 

DMR_3276 chr6 54845601 54846678 1078 7 0 0.939549 0.651573 FAM83B 

DMR_653 chr6 62285618 62287218 1601 13 0 0.93784 0.483279 KHDRBS2 



133 

 

 

Figure 4.5 : A differentially methylated region was identified between 22Rv1 

and PC3 overlapping the promoter region PXMP4. 

A) Location of the individual fifteen probes included in the pDMR associated with 

PXMP4 in 3’ to 5’ annotation. B) Methylation values of individual probes in the 

pDMR. The mean methylation level in 22RV1 (blue line) and PC3 (pink line) is 

shown. The x-axis shows the gene components and the CpG locations. Loess line 

for 22RV1 is shown with a green dotted line and for PC3 is shown with yellow 

dotted line. 
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Table 4.4 : Top 10 DMRs with decreased DNA methylation in PC3 compared to 22Rv1. 

DMR ID Chr DMR Start DMR End DMR 

width 

Number 

of CpGs 

FDR Maxbetafc Meanbetafc Overlapping 

promoters 

DMR_441 chr11 93197229 93198842 1614 15 0 -0.94833 -0.77702 SLC36A4 

DMR_4491 chr2 172427180 172429365 2186 24 0 -0.94727 -0.25061 ITGA6 

DMR_3886 chr8 78514913 78516490 1578 12 0 -0.94103 -0.35962 PKIA 

DMR_2187 chr4 101790472 101791240 769 8 0 -0.93038 -0.82485 BANK1 

DMR_828 chr1 58574976 58578438 3463 17 0 -0.93015 -0.34853 TACSTD2 

DMR_1247 chr14 38207505 38208013 509 10 0 -0.92557 -0.8012 SSTR1 

DMR_8130 chr2 102355598 102356332 735 9 0 -0.92327 -0.28387 IL18R1 

DMR_1254 chr2 154697474 154700278 2805 20 0 -0.92203 -0.25108 KCNJ3 

DMR_2091 chr11 22191211 22194155 2945 13 0 -0.9142 -0.25446 ANO5 

DMR_5390 chr2 55047052 55051291 4240 23 0 -0.91369 -0.32751 RTN4 



135 

 

 

Figure 4.6 : A differentially methylated region was identified between 22Rv1 

and PC3 overlapping the promoter region of SLC36A4. 

A) Location of the individual fifteen probes included in the pDMR associated with 

SLC36A4 in 3’ to 5’ annotation. B) Methylation values of individual probes in the 

pDMR. The mean methylation level in 22RV1 (blue line) and PC3 (pink line) is 

shown. The x-axis shows the gene components and the CpG locations. Loess line 

for 22RV1 is shown with a green dotted line and for PC3 is shown with yellow 

dotted line. It can be noted that this gene has multiple transcription start sites and 

first exons. 
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Of the 2,798 regions that were filtered on the basis of mean beta fold change and 

were overlapping known UCSC promoters, no pDMRs overlapped previously 

selected candidate genes: GUCY1A2, KISS1R and QSOX1 even though they all had 

CpG islands associated with their promoter regions. This could be due to the 

stringent criteria for DMR identification and filtering. Therefore, in order to study 

if individual probes associated with these genes showed differential methylation 

between 22Rv1 and PC3, a differentially methylated probes (DMP) analysis was 

performed in ChAMP. Individual CpG sites showing differential methylation 

between 22Rv1 and PC3 with FDR<0.05 were returned as DMPs. This analysis 

revealed a total of 425,118 probes associated with 18,601 genes as differentially 

methylated. The candidate genes were then manually searched within this DMP list. 

The loess line analyses for these three genes revealed that there was minimal 

difference in DNA methylation across KISS1R and QSOX1 in 22Rv1 and PC3 

(Figure 4.7 A,B). However, for GUCY1A2, probes located in the TSS1500 and gene 

body regions were hypermethylated in 22Rv1 compared to PC3 cells (Figure 4.7 

C).  
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Figure 4.7 : Methylation pattern of differentially expressed probes associated 

with A) KISS1R, B) QSOX1 and C) GUCY1A2. 

The mean methylation levels in 22RV1 (blue line) and PC3 (yellow line) are 

depicted. The x-axis shows the gene components and the CpG locations. The loess 

line for 22RV1 is shown with an orange dotted line and for PC3 is shown with 

green dotted line. 
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Next, the RNA-seq data was assessed in order to verify the concordance between 

DNA methylation and gene expression changes. As expected, these data revealed 

that PXMP4 was highly expressed in 22Rv1, and repressed ~14-fold (p-

value=2.59E-162) in PC3 cells (Figure 4.8 A). For interest, PrEC data were also 

plotted to visualise the gene expression trend across the cell lines (Figure 4.8 A ). 

These data revealed a low level of PXMP4 expression in PrEC cells, a ~2.3-fold 

(p-value=8.56E-26) increase in expression is observed in the 22Rv1 cells, and gene 

expression is silenced in both metastatic cell lines, LNCaP and PC3 (Figure 4.8 A). 

Conversely, SLC36A4 was highly expressed in PC3 cells, and repressed ~4.8-fold 

(p-value=3.56E-57) in 22Rv1. LNCaP had a ~2.9-fold (p-value= 2.15E-22) higher 

expression of SLC36A4 compared to 22Rv1 (Figure 4.8 B). The normal prostate 

epithelial cells highly express SLC36A4, a ~2.9-fold (p-value= 2.47E-16) reduction 

in expression is observed in 22Rv1, and relatively higher expression is observed in 

metastatic LNCaP (~0.1-fold relative to PrEC; p-value= not significant) and PC3 

(~2-fold relative to PrEC; p-value= 4.33E-12) cells (Figure 4.8 B). Relative PXMP4 

and SLC36A4 expression was validated across the panel of prostate cancer cell lines 

via qRT-PCR, as described in Chapter 2 Section 2.6. Consistent with the genome-

wide data, PXMP4 was highly expressed in 22Rv1 cells, and repressed ~600-fold 

in LNCaP and ~450-fold in PC3 cells using qRT-PCR detection (Figure 4.9). Since 

the probes in the pDMR overlapping SLC36A4 were found to be associated with 

multiple TSS200 sites (Figure 4.6), this gene was searched in the UCSC Genome 

Browser.  Visualisation of the promoter region of SLC36A4 using UCSC (Figure 

4.10) revealed that this gene exhibits multiple transcriptional start sites (TSS). 

Therefore, to gain additional detail, three sets of qRT-PCR primers were designed 

exclusively to detect Variant 1 and Variant 2, as well as one set to detect the 
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presence of both variants (Figure 4.10). The expression of Variant 1 was ~2000-

fold higher in PC3 and ~80-fold higher in LNCaP compared to 22Rv1 (Figure 4.11 

A). The expression of SLC36A4 Variant 2 was not detected in 22Rv1 but was highly 

expressed in PC3 and LNCaP cells (Figure 4.11 B). The combinatorial primer set 

that detected both SLC36A4 variants revealed that expression was ~200-fold higher 

in PC3 and ~8-fold higher in LNCaP compared to 22Rv1 (Figure 4.11 C).  

Collectively, these data confirm that PXMP4 and SLC36A4 had expression values 

corresponding to promoter DNA methylation levels in the localised and metastasis 

cell lines.  
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Figure 4.8 : Expression profile of candidate genes from RNA-seq (in Chapter 

3). 

A) Average expression levels (RPKM) of PXMP4 across cell lines determined by 

RNA-seq. Expression across all cell lines, where significance was calculated 

relative to the normal epithelial cell line, PrEC and localised prostate cancer cell 

line, 22Rv1. B) Average expression levels (RPKM) of SLC36A4 across cell lines 

determined by RNA-seq. Expression across all cell lines, where significance was 

calculated relative to the normal epithelial cell line, PrEC and localised prostate 

cancer cell line, 22Rv1. Values are shown as mean ± standard error (n=3). 

Significance was calculated by one-way ANOVA with Dunnett’s test for multiple 

comparison. (ns-not significant, ** p<0.01, *** p<0.001, **** p<0.0001) 
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Figure 4.9 : qRT-PCR validation of PXMP4 expression in prostate cancer cell 

lines. 

Total RNA was isolated from 22Rv1, LNCaP and PC3 cell lines, reverse 

transcribed and amplified by quantitative PCR for PXMP4. The mRNA levels are 

expressed relative to 18S mRNA. Values are shown as mean ± standard error (n=3). 

Significance was calculated using one-way ANOVA followed by Dunnett’s test for 

multiple comparison. (*p<0.05) 
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Figure 4.10 : Visualisation of SLC36A4 and qRT-PCR primer locations in 

UCSC. 

Two variants of SLC36A4 that utilise different first exons are visible. The vertical 

lines in the primer location track represent the location of the forward and reverse 

qRT-PCR primers (3’ to 5’). Black lines represent the primers detecting SLC36A4 

Variant 1 and red lines represents primers for Variant 2.  The orange lines represent 

the primer set that can detect either variant. 
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Figure 4.11 : qRT-PCR validation of SLC36A4 expression in prostate cancer 

cell lines. 

Total RNA was isolated from 22Rv1, LNCaP and PC3 cell lines, reverse 

transcribed and amplified by quantitative PCR for SLC36A4. A) Expression pattern 

detected by Variant 1 specific primer set. B) Expression pattern detected by Variant 

2 specific primer set. C) Expression pattern detected by the primer set that could 

detect the presence of either variant. The mRNA levels are expressed relative to 

18S mRNA. Values are shown as mean ± standard error (n=3). Significance was 

calculated using one-way ANOVA followed by Dunnett’s test for multiple 

comparison. (ns-not significant, *p<0.05, **p<0.01)   
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4.3 DISCUSSION 

In Chapter 4, the genome-wide differences in DNA methylation patterns between 

cell lines representing localised prostate cancer (22Rv1) and bone metastasis (PC3) 

were studied with the aim of identifying genes displaying variable methylation that 

correlated with differential gene expression. Somatic mutations usually vary 

between patients, whereas epigenetic modifications originating from the same 

tissue are more consistent across patients (Gai and Sun 2019). Additionally, DNA 

methylation biomarkers can also be useful where the tissue sample is not available, 

by testing the cell free circulating tumour DNA (cfDNA) in body fluids, also known 

as a “liquid biopsy” (Gai and Sun 2019).  

 

This study utilised the Illumina MethylationEPIC Beadchip to assess DNA 

methylation of ~850,000 CpG sites across the genome, representing approximately 

3% of all CpG dinucleotides. The proportion of DNA methylation at any site was 

calculated using β- values. While β values are more biologically intuitive, M values, 

which are logit transformed β values, are more statistically relevant (Du et al. 2010). 

β values were therefore, utilised for visualisations and were transformed into M 

values for the identification of DMRs using DMRcate as suggested by Du et al. (Du 

et al. 2010).  Each RefSeq gene was covered by at least one CpG dinucleotide probe, 

which allows this data to be intersected with the RNA-seq findings. This, together 

with the RNA-seq information generated in Chapter 3, provides insight into the 

biological changes that are associated with metastasis.  

 

The genes associated with the 137 pDMRs were found to be enriched in the cellular 

response to amino acid stimulus and cell adhesion biological processes. According 
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to the GO term definition on EMBL, cellular response to amino acid stimulus 

consists of any change in cellular response including movement, gene expression 

in response to amino acid stimulus (https://www.ebi.ac.uk/QuickGO/), which can 

suggest that these genes are involved in driving changes in cellular response making 

the cells more migratory. Similarly, cell adhesion has a major contributory role to 

metastasis as the loss of cell adhesion allows the cells to become metastatic 

(Montanari et al. 2017).  Additionally, these genes most significantly enriched the 

focal adhesion pathway. It has been found that adhesion of cells to the extra cellular 

matrix (ECM) plays a key role in their migration and Integrin proteins play a major 

role in mediating this cell adhesion by forming structures known as focal adhesions 

(Nagano et al. 2012). This suggests that the top two most significantly enriched 

pathways for these genes also represent their main role in driving metastasis. Of the 

137 pDMRs that overlapped the promoter regions of genes from the differentially 

expressed gene list (n=629) generated in Chapter 3, 110 were found to be 

hypermethylated and 37 showed hypomethylation in PC3 compared to 22Rv1. This 

correlates with the Chapter 3 results, where an overall downregulation of gene 

expression was observed in metastasis compared to localised cancer. A study 

observed that the promoter hypermethylation of metastasis suppressor gene CD44 

was linked to its lower expression and ultimately correlated with progression of 

prostate cancer (Lou et al. 1999). Therefore, widespread changes in promoter 

hypermethylation correlated with the overall downregulation of gene expression in 

PC3 compared to 22Rv1 might suggest a role for DNA methylation in silencing of 

metastasis suppressor genes as the disease progresses. Interestingly, initial 

clustering of all three cell lines (22Rv1, LNCaP and PC3) based on β-values 

revealed a hierarchy that mirrored sample clustering using RNA-seq data (Chapter 
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3; Figure 3.8 B), where LNCaP clustered with 22Rv1 while PC3 was relatively 

distinct, suggesting that global DNA methylation and gene expression signatures 

are highly correlated in each of the three cell lines. 

 

Previously identified candidate genes KISS1R and QSOX1 displayed minimal 

change in DNA methylation between 22Rv1 and PC3, suggesting that their 

expression could potentially be modulated by mechanisms other than DNA 

methylation. In the case of GUCY1A2, the DNA methylation pattern at the 

TSS1500 region displayed a higher level of methylation in 22Rv1 compared to PC3 

cells, which did not correlate with the expression pattern. However, it is worth 

noting that probes associated with the gene body of GUCY1A2 displayed higher 

DNA methylation in 22Rv1, which can correlate to higher levels of gene expression 

(Yang et al. 2014).  

 

PXMP4 is also known as PMP24 and is a 24kDa intrinsic membrane protein that 

was isolated from rat liver peroxisomal membrane (Reguenga et al. 1999). A study 

performed in 2004 used methylation sensitive restriction fingerprinting (MSRF) to 

show PXMP4 contributes to the progression from androgen dependence to 

androgen independence in prostate cancer cell lines (Wu and Ho 2004). This study 

revealed that promoter hypermethylation of PXMP4 was associated with loss of 

expression in PC3 (androgen insensitive) and LNCaPCS (androgen insensitive 

subline of LNCaP) but not LNCaP (androgen sensitive) using semi-quantitative 

PCR and bisulfite genomic sequencing. Further, treatment with the DNA 

methyltransferase inhibitor, 5-aza-2’deoxycytidine, only caused reactivation of 

PXMP4 in PC3 and LNCaPCS but not LNCaP. Since the transfection of PXMP4 
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into PC3 and LNCaPCS reduced the cell growth significantly, this study concluded 

that PXMP4 has anti-tumour properties. Here, genome-wide DNA methylation 

patterns were compared between 22Rv1 and PC3 and correlated with the RNA-seq 

expression data from Chapter 3. These data showed that PXMP4 expression 

increased significantly in 22Rv1 compared to PrEC (Figure 4.8 A (ii)), signifying 

that the expression of PXMP4 increases at the onset of cancer. Interestingly, 

PXMP4 was found to be silenced in both LNCaP and PC3, which does not correlate 

with the earlier finding that PXMP4 was silenced in PC3 but not LNCaP. This 

expression pattern suggests that PXMP4’s role is context dependent such that it 

could function as an oncogene at the onset of cancer and as a tumour suppressor 

gene in later disease states. The DNA methylation pattern identified here confirms 

that the expression of PXMP4 is correlated with promoter hypermethylation in PC3, 

however, the correlation between LNCaP expression and methylation pattern 

warrants further investigation. 

 

SLC36A4 is part of the solute carrier (SLC36) family which functions as 

transmembrane amino acid transporters (Thwaites and Anderson 2011). It is also 

known as proton-assisted amino-acid transporter 4 (PAT4) and the high expression 

of this gene is associated with colorectal cancer progression and an overall poorer 

survival post colorectal cancer surgery (Fan et al. 2016). Mammalian target of 

rapamycin complex (mTORC) signalling has emerged as an important cell-

signalling pathway commonly deregulated in cancer (Guertin and Sabatini 2007). 

It has been observed that reducing the levels of SLC36A4 (PAT4) inhibits mTORC1 

signalling and cell proliferation in breast cancer cells (Heublein et al. 2010); 

however, the role of SLC36A4 in prostate cancer has not yet been elucidated. The 
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current study revealed that SLC36A4 is expressed in normal prostate epithelial cells 

and that the expression decreases at the onset of cancer, suggesting that it might 

function in normal cells as a tumour suppressor; however, this change was not 

statistically significant. In PC3, a significant increase in SLC36A4 expression is 

observed compared to both PrEC and 22Rv1, which correlates with earlier studies 

in breast and colorectal cancer showing that the overexpression of SLC36A4 was 

linked to higher proliferation rates (Heublein et al. 2010; Fan et al. 2016). However, 

since the expression of SLC36A4 is not significantly higher in LNCaP compared to 

22Rv1, it is possible that SLC36A4 is linked to a more aggressive form of prostate 

cancer. The expression pattern of SLC36A4 correlated with the DNA methylation 

in 22Rv1 and PC3 cells suggesting that promoter methylation may silence 

SLC36A4 in 22Rv1 cells. 

 

Taken together, in Chapter 4 identification of genes with a potential role in prostate 

cancer metastasis was based on the correlation of promoter DNA hypermethylation 

patterns with metastasis specific gene expression. The data presented provide a 

strong indication of the involvement of DNA methylation in regulating the 

differential gene expression observed in prostate cancer progression. It should be 

noted that selection of these genes was based on stringent filtering criteria and less 

stringent thresholds would identify many other candidates. However, the functional 

annotation of the genes associated with the 137 pDMRs identified from Chapter 4 

strongly suggests their role in driving metastasis, making them good candidates for 

further study.  
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5. METASTASIS-SPECIFIC GENE 

EXPRESSION CHANGES CAN BE 

INFLUENCED BY INHIBITION OF DNA 

METHYLATION 
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5.1 Introduction 

Chapter 4 identified genes displaying differential promoter methylation and that 

correlated with differential expression (Chapter 3) between localised and 

metastasised cancers. However, differences in gene expression and promoter DNA 

methylation do not infer causality and function. It was hypothesized that if DNA 

methylation drives the aberrant gene expression associated with prostate cancer 

metastasis, reversing the methylation should restore the gene expression pattern. 

This is the rationale for targeting epigenetic changes for therapeutic intervention in 

cancer (Kelly et al. 2010). 

 

DNA methylation is one of the most studied epigenetic modification in cancer and 

therefore, there is high interest in therapeutic targeting of aberrant methylation. 

DNA methyltranserase inhibitors (DNMTi) 5-azacytidine and 5-aza-2’-

deoxycytidine (5AzaCdR) are considered to be the first discovered epigenetic drugs 

(Diesch et al. 2016). 5AzaCdR was first synthesised in 1964 (Pliml and Šorm 1964), 

and its effect as a chemotherapeutic agent for the treatment of leukemia was 

described in 1968 (Sorm and Veselý 1968). It is an analogue of the nucleoside, 2’-

deoxycytidine (Taylor and Jones 1982), that at low concentration, incorporates into 

replicating DNA in place of cytosine residues (Plimack et al. 2007) and elicits 

epigenetic effects (Jones and Taylor 1980). Once incorporated, 5AzaCdR 

irreversibly binds to and blocks the activity of DNMT1, which is responsible for 

maintenance of post-replication DNA methylation, ultimately degrading free 

DNMT1 (Ghoshal et al. 2005; Patel et al. 2010). This leads to division-dependent 

hypomethylation of the DNA, which can potentially reactivate aberrantly silenced 

tumour suppressor genes (Jones 1985). At higher concentrations however, 
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5AzaCdR has cytotoxic effects mediated by de novo DNA methyltransferases 

DNMT3a and DNMT3b (Oka et al. 2005). 5AzaCdR is currently being used as an 

epigenetic drug under the trade name Dacogen®, which was approved by the Food 

and Drug Administration (FDA) of the United States of America in 2006 for 

treatment of patients with MDS (Myelodysplastic syndrome). There is also 

increasing interest in studying the therapeutic potential of 5AzaCdR in solid 

tumours (Morel et al. 2020). A phase-II trial of 5AzaCdR in hormone independent 

metastatic prostate cancer patients completed in 1998 revealed that 5AzaCdR was 

well tolerated but showed modest clinical response (Thibault et al. 1998), which is 

consistent with trials in other solid tumours where a low dose of 5AzaCdR was 

generally used in combination with traditional chemotherapy (Appleton et al. 2007; 

Fang et al. 2010; Fan et al. 2014; Xia et al. 2014; Jansen et al. 2019). Therefore, 

greater research into the mode of activity or the use of 5AzaCdR as part of a 

combinatorial drug treatment program is important.  

 

Global DNA demethylation in normal cells is actively regulated by ten eleven 

translocation (TET) enzymes (Cheng et al. 2019), which are responsible for the 

conversion of 5-methylcytosine (5mC) to 5-hydroxymethylcytosine (5hmC), an 

important intermediate in the process of demethylation (Tahiliani et al. 2009). This 

regulation of DNA demethylation can be disrupted in cancer. For example, a 

significant loss of 5hmC along with a low expression of TET genes was observed 

in breast, pancreatic, liver, lung and prostate cancers (Yang et al. 2013). 

Interestingly, it has been found that Vitamin C acts as a cofactor for TET enzymes 

and subsequently promotes DNA demethylation (Yin et al. 2013). Additionally, a 

Vitamin C deficiency is commonly observed in patients with advanced cancer and 
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has been associated with lower survival rates in various cancers (Mayland et al. 

2005) including colorectal cancer (Kuiper et al. 2014) and endometrial cancer 

(Kuiper et al. 2010). Two studies have tested the effect of vitamin C (ascorbic acid) 

in prostate cancer, showing that pharmacological treatment inhibited the 

proliferative rate of cell lines (Maramag et al. 1997) and suppressed tumour growth 

and metastasis in hormone-refractory prostate cancer in rats (Pollard et al. 2010). 

A phase-II trial completed in 2017, however, showed that ascorbic acid did not 

induce remission in metastatic castration-resistant prostate cancer (Nielsen et al. 

2017). Interestingly, vitamin C treatment alone had minimal effect on cell growth 

but when combined with 5AzaCdR, both compounds acted synergistically to inhibit 

cancer cell growth almost two-fold in colorectal carcinoma cells (Liu et al. 2016). 

Liu and colleagues further noted that relative to 5AzaCdR alone, the combination 

treatment upregulated genes involved in inducing apoptosis in cancer cells in 

HCT116 (colorectal cancer), HL60 (acute myeloid leukemia) and SNU398 

(hepatocellular carcinoma) cell lines, which could explain increased rates of 

apoptosis observed in the cells treated with the combination regime. Gerecke and 

colleagues found that treatment with a combination of vitamin C and 5AzaCdR 

resulted in a significant increase in apoptosis along with the reactivation of 

aberrantly silenced tumour suppressor p21(CDKN1A) in colorectal cancer 

(Gerecke et al. 2018). Additionally, a pilot trial to test the effect of Vitamin C in 

Danish patients with myeloid cancers treated with 5-azacytidine suggested that 

Vitamin C supplementation may improve the efficacy of DNA methyltransferase 

inhibitors (Gillberg et al. 2019). 

 



153 

 

Although the effect of 5AzaCdr on solid tumours is not yet fully characterised, 

increasing studies have found that treatment with 5AzaCdR can cause the 

reactivation of aberrantly silenced genes in cancer (Liu et al. 2016; Gerecke et al. 

2018; Yu et al. 2019). Therefore, the overall aim of Chapter 5 was to determine if 

epigenetic intervention can alter the gene expression pattern associated with 

prostate cancer progression. 

 

 

The specific aim of Chapter 5 is to: 

• Study the effect of demethylation on candidate gene expression by treating the 

cells with 5AzaCdR alone and in combination with Vitamin C.  
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5.2 Results 

5.2.1 Approach 

The overarching goal of Chapter 5 was to validate whether a selection from the 

candidate gene sets identified in Chapter 3 and Chapter 4 are responsive to DNA 

methyltransferase inhibition using 5-Aza-2’-Deoxycytidine treatment. To this end, 

the panel of cancer cell lines representing distinct stages of prostate cancer 

progression (22Rv1, LNCaP and PC3) was used to test whether expression of select 

genes were amenable to epigenetic intervention. Specifically, a treatment protocol 

was developed based on the prior studies of Liu et al. (Liu et al. 2016) combining 

the DNA methylation inhibitor, 5-Aza-2’-Deoxycytidine (5AzaCdR) and Vitamin 

C (ascorbic acid). Each of the cell lines was treated with 5AzaCdR alone or a 

combination of 5AzaCdR and Vitamin C as outlined in Chapter 2; Table 2.1 and 

incubated for one population doubling to facilitate incorporation of the drug 

(Stresemann and Lyko 2008). 5AzaCdR and Vitamin C were removed, and cells 

were expanded for an additional two population doublings as described in Chapter 

2, Section 2.2. Gene expression changes were monitored by qRT-PCR as described 

in Chapter 2 Section 2.6. This approach would allow for the identification of 

therapeutically relevant biomarkers for metastasis with expression that can be 

modulated by DNA methylation inhibitors.  

 

5.2.2 Change in expression of candidate genes post treatment 

Cell lines were treated with 5AzaCdR and Vitamin C as outlined in Table 2.1. The 

expression pattern of the candidate genes, GUCY1A2, KISS1R, SLC36A4 and 

PXMP4 were assessed using qRT-PCR as described in Chapter 2 Section 2.6. 

Statistical testing was performed in GraphPad Prism using a one-way ANOVA 
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followed by Dunnett’s test (p-value ≤ 0.05). Housekeeping gene selection is cell 

type specific (Barber et al. 2005; Zhang et al. 2005; Jacobsen et al. 2014) and while 

the majority of studies utilise GAPDH as the ‘housekeeping’ gene, our laboratory 

has previously found that this gene is sensitive to 5AzaCdR treatment. It should be 

noted that the majority of ‘housekeeping’ gene promoters overlap a CpG island 

(Larsen et al. 1992; Zhu et al. 2008), and therefore, it is plausible that these genes 

follow the general trend that CpG islands are prone to DNA methylation in cancer 

cell lines. An initial experiment was performed using a number of widely accepted 

‘housekeeping’ genes including ACTB, 18S rRNA, B2M. These genes were tested 

for the suitability as ‘housekeeping’ genes in a subset of samples from the PC3 cell 

line, to enable selection of the least affected by 5AzaCdR and Vitamin C treatment. 

Initial testing indicated that ACTB and 18s RNA displayed variability whereas B2M 

(β-2-microglobulin) displayed the most consistent expression across control and 

drug treated PC3 samples and was selected as the internal control for subsequent 

5AzaCdR experiments (Appendix Figure 7.1).  

 

As detailed in Chapter 3, GUCY1A2 was highly expressed in the 22Rv1 ‘localised’ 

prostate cancer cell line and repressed in lymph node (LNCaP) and bone (PC3) 

‘metastasis’ cell lines (Chapter 3, Figure 3.13 B). Interestingly, a 137bp long CpG 

island spans the promoter region of GUCY1A2 (Figure 5.1) and, given the 

expression pattern revealed by global RNA-seq and qRT-PCR validation (Chapter 

3, Figure 3.13 B and Figure 3.16 A), it was hypothesized that GUCY1A2 expression 

might be regulated by DNA methylation levels. However, treatment with 5AzaCdR 

alone or in combination with Vitamin C did not significantly alter the expression 

of GUCY1A2 (Figure 5.2). There was no significant difference in GUCY1A2 
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expression detected between DMSO treated and 5AzaCdR +/- Vitamin C treated 

22Rv1 cells (Figure 5.2 A). Interestingly, in LNCaP cells, 5AzaCdR treatment 

repressed GUCY1A2 expression compared to the DMSO treated control whereas 

Vitamin C caused no change in expression and the combination of 5AzaCdR and 

Vitamin C treatment resulted in repression of GUCY1A2 compared to the DMSO 

control (Figure 5.2 B). In PC3, 5AzaCdR alone or in combination with Vitamin C 

did not alter the expression of GUCY1A2 compared to DMSO. However, whilst not 

significant, there was a trend towards repression of GUCY1A2 with Vitamin C 

treatment alone (Figure 5.2 C).  
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Figure 5.1 : Visualisation of CpG islands overlapping the promoter region of 

GUCY1A2 in UCSC. 
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Figure 5.2 : Expression of GUCY1A2 post treatment. 

Total RNA was isolated from A-C) 22Rv1, LNCaP and PC3 cell lines respectively 

after treatment, reverse transcribed and amplified by quantitative PCR for 

GUCY1A2. The mRNA levels are expressed relative to B2M mRNA. Values are 

shown as mean ± standard error (n=3). Significance was calculated using one-way 

ANOVA followed by Dunnett’s test for multiple comparison. (ns-not significant) 
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Like GUCY1A2, RNA-seq data revealed that KISS1R was highly expressed in the 

22Rv1 ‘localised’ prostate cancer cell line and repressed in lymph node (LNCaP) 

and bone (PC3) ‘metastasis’ cell lines (Chapter 3, Figure 3.15 B). In addition, 

KISS1R overlaps a 302bp CpG island associated with its promoter region and 

spanning the majority of the gene length (Figure 5.3) making this an ideal candidate 

for testing whether a DNA methylation inhibitor could restore gene expression. 

However, qRT-PCR analysis revealed no significant change in the expression of 

KISS1R expression following 5AzaCdR +/- Vitamin C treatment in neither 22Rv1, 

LNCaP nor PC3 (Figure 5.4). Indeed, in all three cell lines, 5AzaCdR repressed 

KISS1R and the addition of Vitamin C had no effect in 22Rv1 and PC3, but 

repressed KISS1R in LNCaP.  
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Figure 5.3 : Visualisation of CpG islands overlapping the promoter regions of 

KISS1R in UCSC. 

 

 

 

 

 

Figure 5.4 : Expression of KISS1R post treatment. 

Total RNA was isolated from A-C) 22Rv1, LNCaP and PC3 cell lines respectively 

after treatment, reverse transcribed and amplified by quantitative PCR for KISS1R. 

The mRNA levels are expressed relative to B2M mRNA. Values are shown as mean 

± standard error (n=3). Significance was calculated using one-way ANOVA 

followed by Dunnett’s test for multiple comparison. (ns-not significant) 
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SLC36A4 is differentially methylated in 22Rv1 compared to PC3 cells (Chapter 4), 

with EPIC data revealing that higher levels of promoter DNA methylation occurred 

in 22Rv1 compared to PC3 cells, which was highly correlated with the levels of 

SLC36A4 expression (Figure 4.6 B and Figure 4.8 B) in both cell types. It was 

therefore hypothesized that DNA methylation was a primary regulator of SLC36A4 

gene expression. 22Rv1, LNCaP and PC3 cells were treated with 5AzaCdR alone 

or in combination with Vitamin C to test the direct relationship between DNA 

methylation and SLC36A4 gene expression. qRT-PCR based expression validation 

revealed no significant change in expression of SLC36A4 in any of the three cell 

lines following treatment with 5AzaCdR +/- Vitamin C (Figure 5.5). However, 

unlike GUCY1A2 and KISS1R, SLC36A4 showed a partial response to 5AzaCdR 

treatment relative to vehicle, and a modest increase with addition of Vitamin C in 

22Rv1 cells (Figure 5.5 A). These data suggest that Vitamin C partially increases 

the efficacy of DNA methyltransferase inhibition at SLC36A4; however, Vitamin 

C alone had no effect on SLC36A4 gene expression. No trend was observed in 

LNCaP and PC3 cells, with DMSO treated samples and 5AzaCdR +/- Vitamin C 

samples expressing similar amounts of SLC36A4 (Figure 5.5 B and C).  
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Figure 5.5 : Expression of SLC36A4 post treatment. 

Total RNA was isolated from A-C) 22Rv1, LNCaP and PC3 cell lines respectively 

after treatment, reverse transcribed and amplified by quantitative PCR for SLC36A4. 

The mRNA levels are expressed relative to B2M mRNA. Values are shown as mean 

± standard error (n=3). Significance was calculated using one-way ANOVA 

followed by Dunnett’s test for multiple comparison. (ns-not significant) 
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Similar to SLC36A4, PXMP4 was differentially methylated in 22Rv1 compared to 

PC3 cells. Higher promoter DNA methylation was observed in PC3 compared to 

22Rv1 cells, which was highly correlated with the levels of PXMP4 expression 

(Figure 4.5 B and Figure 4.8 A) in both cell types. qRT-PCR based expression 

validation revealed no significant change in expression of PXMP4 in 22Rv1 cells 

following treatment with 5AzaCdR +/- Vitamin C (Figure 5.6 A); however, a 

modest increase in PXMP4 expression was observed in Vitamin C treated 22Rv1 

cells. Significantly higher PXMP4 expression was observed following treatment 

with 5AzaCdR alone as well as in combination with Vitamin C compared to DMSO 

treated control samples in both LNCaP and PC3 cell lines (Figure 5.6 B and C; p-

value≤0.05). No change in PXMP4 expression was observed in either LNCaP or 

PC3 cells treated with Vitamin C alone (Figure 5.6 B and C). Together, these data 

suggest that PXMP4 is regulated, at least in part, by DNA methylation. 
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Figure 5.6 : Expression of PXMP4 post treatment. 

Total RNA was isolated from A-C) 22Rv1, LNCaP and PC3 cell lines respectively 

after treatment, reverse transcribed and amplified by quantitative PCR for PXMP4. 

The mRNA levels are expressed relative to B2M mRNA. Values are shown as mean 

± standard error (n=3). Significance was calculated using one-way ANOVA 

followed by Dunnett’s test for multiple comparison. (ns-not significant, *p≤0.05) 
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It was however noted that the gene expression data points from individual 

biological replicates of the candidate genes were generally highly variable. Further 

interrogation revealed that the B2M ‘housekeeping’ gene was responding to 

treatment with 5AzaCdR +/- Vitamin C, which could affect interpretation of the 

results. Therefore, The change in B2M expression was assessed using the 2–ΔCT 

method, where ΔCT = (CTTreated-CTDMSO) (Schmittgen and Zakrajsek 2000), which 

enabled comparison of the 5AzaCdR treated samples with DMSO samples 

(Schmittgen and Zakrajsek 2000)(Figure 5.7). Whilst the changes in B2M gene 

expression were non-significant, there was a clear trend showing that 5AzaCdR 

increased the expression of B2M in 22Rv1 and LNCaP cells. Interestingly, as noted 

in initial testing for suitable housekeeping genes, there was minimal effect observed 

in PC3 cells (Figure 5.7 C). Therefore, some but not all variability between replicate 

treatment regimens can be attributed to fluctuations in B2M ‘housekeeping’ gene 

expression. Given this observation, gene expression data was re-analysed using the 

2–ΔCT method to verify that results were not skewed by B2M expression. 
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Figure 5.7 : Graphs showing change in expression of B2M post treatment 

relative to DMSO (2–ΔCT). 

Total RNA was isolated from A-C) 22Rv1, LNCaP and PC3 cell lines respectively 

after treatment, reverse transcribed and amplified by quantitative PCR for B2M. 

The expression levels were calculated relative to control sample (DMSO) using 2–

ΔCT method. Values are shown as mean ± standard error (n=3). Significance was 

calculated using one-way ANOVA followed by Dunnett’s test for multiple 

comparison. (ns-not significant) 
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As determined previously using relative gene expression (Figure 5.2, Figure 5.4, 

Figure 5.5), the 2–ΔCT calculation revealed no statistically significant difference in 

gene expression for GUCY1A2, KISS1R and SLC36A4 across 22Rv1, LNCaP and 

PC3 cell lines following treatment with 5AzaCdR +/- Vitamin C. In 22Rv1, there 

was minimal upregulation of GUCY1A2 expression in response to all three 

treatments (Figure 5.8 A). Contrary to the 2–ΔΔCT method (Figure 5.2 ), GUCY1A2 

was upregulated in response to the 5AzaCdR and 5AzaCdR + Vitamin C treatment 

in both LNCaP and PC3 cells (Figure 5.8 B and C). There remained no response to 

Vitamin C treatment in LNCaP cell line, although, Vitamin C treatment also did 

not alter the expression of GUCY1A2 in the PC3 cell line by the 2–ΔCT calculation 

(Figure 5.8 B and C). Contrary to the 2–ΔΔCT method, there was a non-significant 

increase in KISS1R in response to the 5AzaCdR and 5AzaCdR + Vitamin C 

detected using the 2–ΔCT method in 22Rv1 (Figure 5.9 A). The expression of 

KISS1R followed a similar trend using both 2–ΔΔCT and 2–ΔCT calculations for 

LNCaP and PC3, however, there was no change observed with the combination 

treatment in LNCaP (Figure 5.9 B and C). Taken together, both analysis methods 

suggest that the downregulation of KISS1R observed in untreated metastatic cell 

lines is not primarily modulated by DNA methylation. Interestingly, however, 

KISS1R expression is upregulated with Vitamin C treatment in PC3, suggesting that 

Vitamin C might regulate KISS1R in a context or cell-type specific manner.  
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Figure 5.8 : Expression of GUCY1A2 post treatment relative to DMSO (2–ΔCT). 

Total RNA was isolated from A-C) 22Rv1, LNCaP and PC3 cell lines respectively 

after treatment, reverse transcribed and amplified by quantitative PCR for 

GUCY1A2. The expression levels were calculated relative to control sample 

(DMSO) using 2–ΔCT method. Values are shown as mean ± standard error (n=3). 

Significance was calculated using one-way ANOVA followed by Dunnett’s test for 

multiple comparison. (ns-not significant) 

 

 

  



169 

 

 

 

Figure 5.9 : Expression of KISS1R post treatment relative to DMSO (2–ΔCT). 

Total RNA was isolated from A-C) 22Rv1, LNCaP and PC3 cell lines respectively 

after treatment, reverse transcribed and amplified by quantitative PCR for KISS1R. 

The expression levels were calculated relative to control sample (DMSO) using 2–

ΔCT method. Values are shown as mean ± standard error (n=3). Significance was 

calculated using one-way ANOVA followed by Dunnett’s test for multiple 

comparison. (ns-not significant)  
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The expression pattern of SLC36A4 was highly similar using both 2–ΔΔCT and 2–ΔCT 

methods in 22Rv1 cells (Figure 5.5 and Figure 5.10 A). The addition of Vitamin C 

to 5AzaCdR did not increase SLC36A4 expression calculated using the 2–ΔCT 

method, suggesting that a change in B2M expression in 5AzaCdR +/- Vitamin C 

treated samples had minimal effect on data interpretation.  Additionally, there was 

a trend towards increased SLC36A4 expression following 5AzaCdR and 5AzaCdR 

+ Vitamin C treatment in LNCaP (Figure 5.10 B). This same pattern was also 

observed in PC3 cells (Figure 5.10 C), and additionally, SLC36A4 partially 

responded to Vitamin C treatment in these cells (Figure 5.10 C). Together, these 

data infer that DNA methylation could contribute to the expression of SLC36A4 in 

22Rv1 cells; however, the results also suggest that other mechanisms are 

coordinating the expression in the localised prostate cancer cell line.  
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Figure 5.10 : Expression of SLC36A4 post treatment relative to DMSO (2–ΔCT). 

Total RNA was isolated from A-C) 22Rv1, LNCaP and PC3 cell lines respectively 

after treatment, reverse transcribed and amplified by quantitative PCR for SLC36A4. 

The expression levels were calculated relative to control sample (DMSO) using 2–

ΔCT method. Values are shown as mean ± standard error (n=3). Significance was 

calculated using one-way ANOVA followed by Dunnett’s test for multiple 

comparison. (ns-not significant) 
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As previously demonstrated (Figure 5.6 A), there was no significant difference in 

PXMP4 expression following 5AzaCdR +/- Vitamin C treatments in 22Rv1 using 

the 2–ΔCT calculation (Figure 5.11 A). However, the change in PXMP4 gene 

expression in response to 5AzaCdR +/- Vitamin C treatments in LNCaP was 

statistically significant using 2–ΔCT (Figure 5.11 B), as determined previously using 

2–ΔΔCT (Figure 5.6 B). The expression trend in PC3 was similar to using the 2–ΔΔCT 

method (Figure 5.6 C), however the change relative to control was not statistically 

significant using 2–ΔCT (Figure 5.11 C).  

 

The Cancer Genome Atlas Prostate Adenocarcinoma (TCGA-PRAD) dataset was 

next interrogated to confirm the expression levels and DNA methylation of PXMP4 

in matched localised and metastatic patient samples. In this cohort of n=501, a 

single prostate cancer sample was annotated as ‘metastatic’. From the same patient, 

one localised tumour biopsy was available for study. Figure 5.12 shows the 

correlation between DNA methylation (utilising Illumina Methylation 450K probes) 

and mRNA expression of PXMP4 in these two samples, TCGA-V1-A9O5-01 and 

TCGA-V1-A9O5-06. This finding correlates with the results from this thesis, 

where expression of PXMP4 was high and DNA methylation was low in the 

localised 22Rv1 cell line, while expression of PXMP4 was low and DNA 

methylation was high in the PC3 metastatic cell line (Figure 4.5).  

 

The correlation between mRNA expression and DNA methylation of PXMP4 

across all prostate cancer samples available on TCGA (n=501), is shown in the 

Appendix (Figure 7.2). Using both the metastasis-specific data (Figure 5.12) and 

the expanded dataset (Appendix Figure 7.2), these results suggest that an inverse 
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correlation between PXMP4 mRNA expression and DNA methylation pattern is 

generally observed across prostate cancer samples.  
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Figure 5.11 : Expression of PXMP4 post treatment relative to DMSO (2–ΔCT). 

Total RNA was isolated from A-C) 22Rv1, LNCaP and PC3 cell lines respectively 

after treatment, reverse transcribed and amplified by quantitative PCR for PXMP4. 

The expression levels were calculated relative to control sample (DMSO) using 2–

ΔCT method. Values are shown as mean ± standard error (n=3). Significance was 

calculated using one-way ANOVA followed by Dunnett ’ s test for multiple 

comparison. (ns-not significant, **p<0.01, ***p<0.001) 

  



175 

 

 

Figure 5.12: Correlation between PXMP4 methylation and mRNA expression 

in TCGA localised and matched metastasis samples. 

The mRNA expression (RSEM normalised counts) is plotted on the x-axis, with 

higher normalised count values corresponding to higher expression. DNA 

methylation beta-values are plotted on the y-axis, with beta = 0 corresponding to 

absence of DNA methylation (0%) and beta = 1 corresponding to complete DNA 

methylation (100%). Spearman and Pearson coefficients were calculated (−1.00 

and −1.00, respectively). Data obtained from cBioPortal.  
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5.3 DISCUSSION 

Tumour suppressor gene silencing associated with aberrant hypermethylation at 

gene promoter regions is commonly observed in cancer (Baylin et al. 2001). 

Chapter 5 aimed to understand the role of modulating DNA methylation on 

candidate gene expression in a model of prostate cancer metastasis. All candidate 

genes selected for this study had a CpG island overlapping their promoter regions. 

However, only PXMP4 showed a statistically significant change in gene expression 

in response to treatment in LNCaP and PC3 metastatic cell lines. This partly agrees 

with a study done by Wu and Ho where they observed that 5AzaCdR treatment 

increased the expression of PXMP4 in  androgen insensitive cell lines (PC3 and 

LNCaPCS; an androgen insensitive subline of LNCaP) but not androgen sensitive 

cell line (LNCaP) and suggested that PXMP4 might play a role in prostate cancer 

progression to androgen independence (Wu and Ho 2004). Chapter 5 results 

however reveal that treatment with 5AzaCdR +/- Vitamin C reactivated PXMP4 in 

both LNCaP and PC3, which suggests the involvement of PXMP4 in prostate 

cancer progression to a metastatic state irrespective of androgen dependence and 

that DNA methylation potentially contributes to PXMP4 regulation.  

 

It has been found that the expression of housekeeping genes may vary depending 

on cell-type and experimental conditions (Sullivan-Gunn et al. 2011; Turchinovich 

et al. 2019), which makes it important to select a housekeeping gene ideal for the 

experimental setup. Here, a panel of potential ‘housekeeping’ genes were tested 

using a subset of all four treatments in PC3 samples. ACTB, 18S rRNA and B2M 

were assessed and of these three genes, B2M showed the least amount of difference 

in expression in the PC3 cells tested. Based on these preliminary data, B2M was 
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selected as the most suitable ‘housekeeping’ gene for the larger experiment, 

including 22Rv1 and LNCaP. While B2M expression remained consistent in PC3 

cells, the expression was sensitive to 5AzaCdR in both 22Rv1 and LNCaP cells. It 

is possible that B2M is partially methylated in 22Rv1 and LNCaP cell lines, but not 

in PC3. Consistent with this, it was noted that there is a CpG island overlapping the 

B2M promoter (Figure 5.13), and this is common for many ‘housekeeping’ genes 

(Zhu et al. 2008). This could explain why there is no ideal panel of ‘housekeeping’ 

genes and the observation that 5AzaCdR can modulate ‘housekeeping’ gene 

expression as also observed here.   
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Figure 5.13 : Visualisation of CpG islands overlapping the promoter region of 

B2M in UCSC. 
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5AzaCdR is a DNA methyltransferase inhibitor that has potential to reactivate 

tumour suppressor genes by facilitating their progressive de-methylation (Seelan et 

al. 2018). The loss of DNA methylation induced by transient, low dose 5AzaCdR 

is reversible and global re-methylation gradually occurs via DNMT3B activity 

(Yang et al. 2014). However, many genes that regain DNA methylation carry an 

epigenetic imprint of the drug in the form of partial re-methylation (Ramos et al. 

2015). No significant change in expression was observed for GUCY1A2, KISS1R 

and SLC36A4 following 5AzaCdR +/- Vitamin C treatment suggesting that either, 

this dose or time point was insufficient to cause a change in DNA methylation, that 

DNA methylation changes were transient and not captured at this time point, that 

expression of these genes is not primarily regulated by DNA methylation and/or 

that additional co-factors are required for their re-expression. For example, the 

KISS1 gene which acts via the G-protein coupled receptor KISS1R (Guzman et al. 

2018), has been found to be hypermethylated and associated with bladder cancer 

progression (Cebrian et al. 2011). Additionally, it has been found that 5AzaCdR 

treatment upregulates KISS1 expression in gastric cancer (Yamashita et al. 2006) 

and colorectal cancer (Chen et al. 2014). Based on this and the fact that 

demethylated CpGs can regain the original methylation pattern in a time dependent 

manner (Yang et al. 2014), Chapter 5 results may suggest that either KISS1R 

methylation is cancer specific or that it is remethylated in the current experimental 

setup. In the case of GUCY1A2, it was observed in Chapter 4 that almost half of the 

probes found differentially methylated between 22Rv1 and PC3 from the DMP 

analysis were associated with the gene body and it has been found that CpG 

dinucleotides in the gene body are re-methylated at a faster rate compared to those 
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located within the promoter region following 5AzaCdR treatment (Yang et al. 

2014), suggesting a possible re-methylation of this gene.  

 

It is also worth noting that DNA methylation is just one component of a complex 

system of transcriptional regulation and therefore, the expression of GUCY1A2, 

KISS1R and SLC36A4 could potentially be regulated by other epigenetic 

mechanisms such as histone modifications. For example, promoter 

hypermethylation of multi-drug resistance-1 (MDR1) is commonly observed in 

prostate cancer. However, it has been found that promoter DNA methylation does 

not influence the expression of this gene whereas post-translational modifications 

of histones are primarily responsible for regulating the expression of MDR1 

(Henrique et al. 2013). Alternatively, it is possible these target genes could be DNA 

methylation dependent though a change in expression following 5AzaCdR 

treatment is not detectable due to a lack of cognate transcription factors (Ramos et 

al. 2015) and their expression might not be regulated by DNA methylation. 

Additional cofactors that could affect the differential expression of these genes in 

the cell lines are mentioned below: 

KISS1R: It has been observed that the expression of KISS1 in highly metastatic 

breast cancer cell lines is regulated by two transcription factors, known as activator 

protein 2α (AP-2α) and specificity protein (SP1) (Mitchell et al. 2006). 

Additionally, another study found that the knockdown of STEAP2 reduced the 

invasive potential of prostate cancer cells and increased the expression of KISS1, a 

downstream target of STEAP2, by 3-fold in PC3 cells (Burnell et al. 2018). 

GUCY1A2: A weak correlation in the expression of GUCY1A2 and ERG was 

observed by Zhou et al. ERG acts as an oncogenic factor in prostate cancer 
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development and the ERG oncogenic pathway is activated by the TMPRSS2-ERG 

gene fusion event (Zhou et al. 2019). A study interrogated the role of circular RNA 

in prostate cancer cell lines and found circular GUCY1A2 (circGUCY1A2) to be 

related to prostate cancer pathogenesis. They studied the expression of 

circGUCY1A2 in RWPE-1, a prostate normal cell line (Source: American Type 

Culture Collection (ATCC)), 22Rv1 and PC3. The expression correlated with the 

results of Chapter 3 where the highest expression was seen in 22Rv1. Additionally, 

an earlier study in gastric cancer showed that circRNA can regulate gene expression 

via circRNA-miRNA-mRNA interaction (Sui et al. 2017).  

SLC36A4: In a study done on cell survival upon glutamine deprivation, it was 

shown that SIRT6, a NAD+ histone deacetylase is recruited to SLC36A4 gene 

promoter and represses gene expression (Zhang et al. 2018a). It is possible that 

similarly in case of prostate cancer, histone modification and not DNA methylation 

is the main contributor of differential gene expression of SLC36A4. 

In addition, optimal 5AzaCdR dose is determined empirically, dependent on 

experimental hypothesis and aims, and is cell-type specific since changes in DNA 

methylation can be transient (early- or late- responding genes) or permanent, and 

contingent on the time point studied (Yang et al. 2014; Roulois et al. 2015). 

 

Interestingly, Vitamin C treatment caused an increase in expression, albeit non-

significant, in KISS1R and SLC36A4 in PC3 cells. Vitamin C acts as a cofactor for 

ten eleven translocation (TET) enzymes (Yin et al. 2013), which are responsible 

for the conversion of 5-methylcytosine (5mC) to 5-hydroxymethylcytosine (5hmC) 

(Pastor et al. 2013) and has been shown to promote DNA demethylation in 

embryonic stem cells by increasing TET activity (Chung et al. 2010; Blaschke et 



182 

 

al. 2013). Vitamin C also increases the enzymatic activity of Jumonji-C domain-

containing histone demethylases (JHDMs) leading to loss of histone methylation 

(Satheesh et al. 2020). Additionally, it has been found that Vitamin C inhibits the 

growth of breast (Sant et al. 2018) and bladder cancer (Peng et al. 2018). 

Interestingly, in the aforementioned studies, Sant et al. used 100µM Vitamin C 

(Sant et al. 2018)  and Peng et al. used a range of Vitamin C concentrations 

(100µM-1mM) and revealed that high-dose of Vitamin C caused the growth arrest 

in bladder and breast cancer (Peng et al. 2018; Sant et al. 2018). In comparison, the 

concentration of Vitamin C used in Chapter 5 (57µM) was much lower, which 

might be insufficient to induce significant changes in the gene expression. 

Therefore, further investigation into the role of Vitamin C is warranted to 

understand how KISS1R and SLC36A4 are controlled across metastasis and 

specifically, prostate cancer development. 

 

Taken together, Chapter 5 revealed that the expression of PXMP4 was possibly 

regulated, by DNA methylation, which was amenable to modulation by 5AzaCdR.  
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6. FINAL DISCUSSION AND FUTURE 

DIRECTIONS  
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6.1 Discussion and Conclusions 

Prostate cancer is the most commonly diagnosed male cancer in Australia (AIHW 

2019). In 2020, it is estimated to be the overall second most diagnosed cancer in 

Australia after breast cancer (AIHW 2020). While the available diagnostic options 

are relatively limited, the broad process of prostate cancer tumorigenesis is 

reasonably well understood, and this has enabled the development of gene panels 

that are commercially available to detect the consistently robust gene expression 

differences between ‘normal’ and ‘cancer’ cells  (Couñago et al. 2020). However, 

at an early stage in disease progression, the current diagnostic and prognostic tools 

are unable to differentiate between low-risk indolent tumours and those with the 

propensity to develop into aggressive tumours. This is hampered by the fact that 

the molecular and cellular changes occurring in metastasis remain largely a mystery. 

When localised, prostate cancer is generally deemed curable; however, once the 

cancer metastasises, patients currently have a single systemic treatment option 

before eventual palliation (Chow et al. 2019). Due to the lack of knowledge and 

treatment availability, there is increasing interest in identifying gene sets that may 

be developed as biomarkers for better initial diagnosis and ongoing prognostic 

monitoring of prostate cancers. Past research related to prostate cancer metastasis 

has focussed on studying genes involved in cell adhesion and epithelial to 

mesenchymal transition processes (Nauseef and Henry 2011; Li et al. 2014; Khan 

et al. 2015); however, this is a simplified approach that fails to consider that the 

cells have to evolve multiple cellular pathways and processes to detach from the 

primary tumour, migrate and reseed (Guan 2015; Nikolaou and Machesky 2020). 

Therefore, there is a clinical need to identify biomarkers associated with the events 

of metastasis and transcriptomic studies can provide an ideal view of this process. 
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The research presented in this thesis developed a pipeline for identifying candidate 

genes that may serve as biomarkers of metastasis, based on divergent 

transcriptomic events correlated with differential promoter DNA methylation. My 

research investigated a cell line model representing metastatic and localised disease 

and revealed a candidate gene set consisting of 629 genes that were co-expressed 

between both the metastatic cell lines (LNCaP and PC3) and displayed differential 

expression compared to localised cancer (22Rv1) (Chapter 3), of which 139 had 

differentially methylated regions associated with their promoter regions (Chapter 

4). These 629 differentially expressed genes were associated with the metastatic 

state, irrespective of lymph node or bone metastasis. In prostate cancer, 

differentially expressed gene sets can be correlated with clinical behaviour and be 

used to accurately predict patient outcome, including the risk of recurrence (Singh 

et al. 2002). The filtering criteria used to identify these genes means that this gene 

set is likely to include the most robust candidates involved in the initiation and 

maintenance of metastatic cell behaviour. Then, integration of gene expression 

profiles with genome-wide DNA methylation enabled more accurate prioritisation 

of putative biomarkers, as these combinatorial techniques can be feasibly used with 

liquid biopsies (Gai and Sun 2019). For example, representative gene panels with 

possible prognostic potential have recently been reported in breast and colorectal 

cancer by integrating DNA methylation and differential gene expression patterns 

(Wei et al. 2016; de Almeida et al. 2019; Fan et al. 2020; Kuang et al. 2020; Sun et 

al. 2020). Additionally, a study identified and validated biomarkers related to 

progression in cutaneous melanoma by integrating genome-wide methylation data 

(using 450K array) with publicly available gene expression data (Wouters et al. 

2017). Interestingly, of the 2798 pDMRs identified in Chapter 4, three (SFRP2, 
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IGFBP7 and PTGS2) were found to overlap with the epiCaPture gene panel 

(Chapter 1, Section 1.4.2)  (O'Reilly et al. 2019). All three pDMRs showed higher 

DNA methylation in PC3 cells compared to 22Rv1 cells, and DNA 

hypermethylation of these genes was associated with increased aggressiveness in 

prostate cancer tissues (O'Reilly et al. 2019). This confirms that the gene set 

showing differential methylation between 22Rv1 and PC3 cell lines generated in 

Chapter 4 includes genes already shown to have metastasis associated DNA 

hypermethylation. Therefore, integration of the genome-wide differential 

expression data with genome-wide differential methylation provides an effective 

approach for the identification of putative drivers of metastasis. 

 

A recent study utilised a similar approach and combined whole-genome, whole-

methylome and whole-transcriptome sequencing to study the role of DNA 

methylation in metastatic castration resistant prostate cancer (mCRPC) (Zhao et al. 

2020). Using 100 biopsy samples of mCRPC along with 10 matched benign tissues, 

and publicly available WGBS data for primary prostate tumours (n=5) and matched 

benign prostate (n=4), Zhao et al. showed that global levels of methylation decrease 

as the cancer progresses to the mCRPC state. However, the DNA methylation data 

from this thesis found that the vast majority (~75%) of differentially methylated 

regions were hypermethylated in the metastatic cell line (PC3) compared to primary 

tumour cells (22Rv1). This difference could be attributed to the fact that EPIC array  

covers ~3% of the genome-wide CpG sites mainly consisting of regulatory 

elements (Pidsley et al. 2016) whereas global hypomethylation in prostate 

metastasis has mainly been observed in repeat sites (Yegnasubramanian et al. 2008). 

Consistent with the results of this thesis, Zhao et al. found a negative correlation 
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between gene expression and promoter DNA methylation. Their study involved 

comprehensive integration of genomic and DNA methylation landscape of mCRPC; 

however, it should be noted that mCRPC represents cells that have acquired 

resistance to androgen deprivation therapy by genomic and epigenomic aberrations 

along with alteration of gene expression and tumour morphology (Ku et al. 2019), 

resulting in a highly evolved phenotype. Therefore, this study did not identify 

prognostic and predictive biomarkers for hormone naïve prostate metastasis. The 

metastatic cell line model utilised in this thesis represents hormone naïve metastasis, 

where the LNCaP cell line has been derived from the supraclavicular lymph node 

of a 50 year old Caucasian male (Source: American Type Culture Collection 

(ATCC)) and the PC3 cell line was derived from the bone metastasis of grade IV 

adenocarcinoma of a 62 year old Caucasian male (ATCC). The inclusion of the 

androgen sensitive LNCaP cell line along with the androgen independent PC3 cell 

line in the initial screening of differentially expressed genes between localised 

cancer (22Rv1) and both metastases lines provides the opportunity to identify 

changes occurring earlier in metastasis. 

 

It is also worth noting that the role of alternative splicing in regulating gene 

expression is often overlooked. To address this gap, this thesis integrated metastasis 

specific differentially expressed gene sets with differential alternative splicing and 

differentially methylated regions associated with the promoter regions of the 

selected genes. Of the 629 differentially expressed genes, 14 showed differential 

alternative splicing. Studying differential alternative splicing can aid in identifying 

variants that may have opposing functions and contribute to disease progression. 

For example, the tumour suppressor gene caspase-9, is alternatively spliced into 
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two isoforms where the longer isoform (caspase-9a) is pro-apoptotic and the shorter 

isoform (caspase-9b) is anti-apoptotic (Li et al. 2017). In addition, the ratio of the 

9a and 9b isoforms is reduced in non-small cell lung cancer (NSCLC), which has 

been found to be involved in the growth and maintenance of the NSCLC tumour 

(Goehe et al. 2010). Interestingly, the work from this thesis found that ~2% of the 

629 genes exhibited some form of differential alternative splicing between localised 

and both metastatic cell lines, and it is possible that there will be many more events 

that are unique to LNCaP or PC3. Of these 14 differentially alternatively spliced 

genes, QSOX1 was the top ranked candidate. The qRT-PCR validation of QSOX1 

revealed that the expression of QSOX1 detected by RNA-seq was possibly due to 

the combination of the two variants suggesting that alternative splicing may not 

play a major role in the differential expression of QSOX1. While these results 

suggested that differential alternative splicing is not the primary driver of the 

differential gene expression associated with prostate cancer metastasis, the 

cumulative change of alternative splicing of even this small percentage of genes 

should be investigated further to understand the contributions of these events to 

cancer progression.  

 

Of the 139 differentially expressed genes with concordant changes in DNA 

methylated regions associated with their promoter regions, PXMP4 expression was 

partially modulated by a change in DNA methylation following treatment with 

5AzaCdR. PXMP4 was highly expressed in localised cancer cells compared to 

normal epithelial samples and both of the metastatic cell lines used here. This 

finding is consistent with a previous study where no expression of PXMP4 was 

observed in PC3 cells and transient transfection of PXMP4 in PC3 resulted in 
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reduced cell growth; therefore, the authors concluded that PXMP4 had anti-tumour 

properties in these cells (Wu and Ho 2004). The results from this thesis suggest a 

context-dependent role for PXMP4 where it can function as an oncogene at the 

initiation of prostate cancer and as a potential suppressor of metastasis in the later 

stages of disease. Further, treatment with 5AzaCdR revealed that reactivation of 

PXMP4 can be achieved in LNCaP and PC3, suggesting that its expression was 

amenable to epigenetic intervention. This suggests that there is potential for 

identifying the role of other epigenetic mechanisms in controlling PXMP4 

expression, and potentially the other genes from the list, to identify major 

regulatory mechanisms and new therapeutic targets. 

 

Interestingly, around 70% of the differentially expressed gene set did not have 

differential promoter methylation or differential alternative splicing. There may be 

a number of possible explanations for this – firstly, it remains possible that DNA 

methylation is modulating the expression of these genes via other regulatory 

regions that were not detected by this analysis since the pipeline that was developed 

here focussed on known promoter regions. Specifically, the EPIC array covers only 

~2-3% of all CpG sites and analysis pipelines implemented here rely on specific 

patterning to detect DMRs (Peters et al. 2015), which may preference changes 

occurring in CpG rich regions such as promoters. Yet, for example, differential 

DNA methylation has been associated with distal regulatory enhancers (Aran et al. 

2013; Taberlay et al. 2014; Fleischer et al. 2017; Ordoñez et al. 2019) and gene 

body regions (Ball et al. 2009; Yang et al. 2014; Arechederra et al. 2018). Secondly, 

the EPIC array utilised here, like all standard bisulfite approaches, does not 

distinguish between 5-methylcytosine and 5-hydroxymethylcytosine (Nestor et al. 
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2010). Changes in gene expression may therefore correspond to loss of 5-

methylcytosine but gain of 5-hydroxymethylcytosine without changing the EPIC 

array readout. Thirdly, it is likely that the expression of these genes is also regulated 

by additional epigenetic processes such as histone modifications and the 

contribution of local and global chromatin remodeling. 

 

Taken together, this thesis generated a gene set with metastasis specific differential 

gene expression, ~22% of which had corresponding differentially methylated 

promoter regions and ~2% had differential alternative splicing (Figure 6.1). Of note, 

PXMP4 had differential promoter methylation correlated with gene expression and 

was found to have a context dependent role in prostate cancer where it may function 

as an oncogene at the onset of disease and later, as a potential metastasis suppressor 

as disease progresses. Given the key finding of this thesis, it is proposed that the 

approach followed can guide the identification of key genes involved in driving 

metastasis. 
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Figure 6.1: The overall schematic summarising the approach for candidate 

gene identification and the final identified candidate gene set.  

The pie chart of the candidate gene set indicates the proportion of metastasis-

specific differentially expressed genes that exhibited differential alternative 

splicing (marked in blue; 2%) and differentially methylated regions associated with 

their promoter regions (marked in orange; 22%). 
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6.2 Future directions 

The candidate gene set identification in this thesis was achieved by following a 

genome-wide approach and confirmation of these genes as drivers of metastasis 

requires further functional validation. Therefore, a more targeted approach is 

needed to fully elucidate the role of these genes in driving metastasis. The logical 

next step would be to implement knockdown strategies to modulate PXMP4 alone 

or concurrently with other genes identified in this study, such as the four genes 

highlighted throughout: GUYCA12, KISS1R, QSOX1 and/or SLC36A4. A 

complementary strategy could include the overexpression of single gene, or a panel, 

in each of the metastatic cell lines followed by a number of cell biology assays to 

determine effects on cell behaviour and growth. For example, scratch assays, 

phenotype and structural changes, growth curves and invasion assays would 

contribute important information about the potential for a selection of candidate 

genes to function as metastasis suppressors. This information would enable further 

classification of the metastasis-specific set of 629 genes, such as tumour 

suppressors, oncogenes and cell cycle regulators broadly, but of most interest, the 

potential to classify these genes as ‘metastasis suppressors’ or ‘metastasis drivers’. 

This study utilised cell lines as the model for studying localised and metastatic 

prostate cancer. While they make a good starting point for identification of genes, 

publicly available datasets were searched to validate the findings of this thesis. A 

thorough search revealed limited patient samples that were comparable to the data 

utilised in this thesis (GSE59745 and GSE73549). Due to legacy techniques being 

utilised for the generation of these datasets, the genes from this thesis could not be 

validated in these datasets. The correlation between DNA methylation and mRNA 

expression for PXMP4 was validated using the TCGA PRAD dataset. In future, the 
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implementation of CRISPR-cas9 strategies to alter the expression or epigenetic 

profile of these target genes in vivo using mouse models, alongside epigenetic and 

transcriptional characterisation of clinical patient samples, and patient derived 

primary and metastatic prostate cancer organoids will be imperative to confirm a 

functional role in metastasis.  

 

In addition, it has recently been found that gene expression detected in circulating 

tumour cells (CTCs) reflects the expression observed in primary and spinal column 

metastasis in prostate cancer (Josefsson et al. 2018). Further, gene expression 

alterations detected in CTCs could mirror the development of CRPC (Josefsson et 

al. 2019), which means that if these genes are validated to be drivers of metastasis, 

they could be used as diagnostic markers from liquid biopsies leading to a more 

personalised treatment. The validated biomarkers could then be incorporated into 

an epigenetic assay such as ConfirmMDx for Prostate Cancer (MDxHealth, Inc, 

Irvine, CA), which is used to diagnose the risk of prostate cancer by detecting the 

DNA methylation levels of GSTP1, RASSF1 and APC where the initial biopsy 

results are negative, and predict the need for a repeat biopsy (Wojno et al. 2014) .  

 

Although the EPIC array provides important information about DNA methylation 

at the regulatory elements (Pidsley et al. 2016), the complete characterisation of the 

global methylation landscape of metastatic prostate cancer would be best achieved 

using whole genome bisulfite sequencing (WGBS) (Lister et al. 2008). There is 

additional scope to relax the selection criteria to identify additionally important 

genes and future potential to combine chromatin immunoprecipitation sequencing 

(ChIP-seq) with the current datasets to better predict gene regulatory networks 
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(Angelini and Costa 2014) involved specifically in metastasis distinct from 

tumorigenesis. Since it has been shown that DNA methylation changes affect gene 

expression patterns in 33 cancer types present in The Cancer Genome Atlas 

(Spainhour et al. 2019), the workflow generated in this thesis can be easily applied 

to other types of cancers or chronic diseases.  

 

In summary, the dataset generated in this study, provides a resource for further 

enquiry into drivers of prostate cancer metastasis. The resulting gene set offers 

robust candidates for the identification and functional validation of biomarkers with 

prognostic and predictive potential associated with prostate cancer metastasis. 

Additionally, the expression of genes with correlated differential promoter 

methylation could be amenable to epigenetic therapy making them therapeutically 

important. Finally, the pipeline for candidate gene selection utilised here can be 

applied to the study of other cancer types or disease models to understand the 

validity of putative metastasis drivers and suppressors. 
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7. APPENDIX 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



196 

 

7.1 Appendix Figures and Tables 

 

Table 7.1: qRT-PCR primers to study BDKRB2 expression. 

Target Direction Sequence 

BDKRB2 Forward AGGTGTGGCCTCACTCACAT 

BDKRB2 Reverse CATGTCGGCGCTGAAAGAGG 
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Figure 7.1: Housekeeping gene expression following treatment of PC3 cells 

with 5-AzaCdR relative to DMSO control (2–ΔCT).  

The housekeeping genes tested were A) ACTB, B) 18S and C) B2M. Values are 

shown as mean ± standard error (n=3). Significance was calculated using one-way 

ANOVA followed by Dunnett’s test for multiple comparison. (ns, not significant). 
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Figure 7.2: Correlation between PXMP4 methylation and mRNA expression 

from TCGA prostate cancer samples. 

The mRNA expression (RSEM normalised counts) is plotted on the x-axis, with 

higher normalised count values corresponding to higher expression. DNA 

methylation beta-values are plotted on the y-axis, with beta = 0 corresponding to 

absence of DNA methylation (0%) and beta = 1 corresponding to complete DNA 

methylation (100%). Spearman and Pearson coefficients were calculated (−0.45 

and −0.57, respectively). Data obtained from cBioPortal.  
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7.2 Bioinformatic troubleshooting 

A. There was no predefined pipeline for the analysis of RNA-seq data in our 

laboratory when this work commenced. To establish a pipeline that could 

analyse the data and answer the biological questions required extensive 

troubleshooting. Firstly, the computational power required for this analysis 

was much greater than a personal computer and needed a server level power. 

Virtual box (Oracle) on Windows allows the use of Linux within a Windows 

computer however the resources from a personal computer were not enough 

for this kind of work. National eResearch Collaboration Tools and 

Resources project (Nectar) is a cloud-based computing platform available 

to Australian and New Zealand researchers and contains the computational 

resources required for this type of work (https://nectar.org.au/research-

cloud/). Nectar allows the bioinformatic analyses to be run on a linux based 

platform however there is a learning curve associated with the setting up of 

an instance in Nectar. Following the installation of the required tools, public 

datasets were utilised to set up the RNA-seq pipeline required for the 

analyses in this thesis. At the time this was conducted, Nectar was new and 

was expanding its nodes (state-based organisations that maintain the cloud 

resources) to Tasmania. Due to this, the current instance existing in a 

different node had to be truncated and a new instance within the Tasmanian 

node had to be launched. This necessitated a reinstallation of all the tools in 

the new instance. 

 

B. An annotation file is required for the alignment of RNA-seq raw files to the 

human genome. The annotation file (in gff3 format) for the human genome 



200 

 

version hg38 downloaded from NCBI was not recognised by the tools 

requiring an annotation file. On closer inspection it was found that this file 

was missing some informative columns and therefore, a new genome and 

genome annotation file with NCBI track was downloaded using the UCSC 

table browser (https://genome.ucsc.edu/cgi-bin/hgTables).    

 

C. Once this pipeline was set up, it was applied to the RNA-seq data of four 

prostate cancer cell lines, PrEC, 22Rv1, LNCaP and PC3. The raw data 

(FASTQ) for three biological replicate RNA-seq datasets for the PrEC and 

LNCaP cell lines were obtained from the Gene Expression Omnibus under 

access number GSE73785 (Taberlay et al. 2016) and three equivalent 

biological replicate RNA-seq datasets for the 22Rv1 and PC3 cell lines were 

generated as described in Section 2.7. After extensive troubleshooting it 

was found that the datafile of one of the samples downloaded from GEO 

was incomplete, and a duplicate copy of the data was subsequently accessed 

directly from the authors. The RNA-seq pipeline was then performed for 

differential gene expression analysis as described in Chapter 3. 

 

D. There are a number of tools currently available for studying alternative 

splicing from RNA-seq data. Based on a comprehensive literature search at 

the time this analysis was performed, a few tools were shortlisted for this 

study: rMATS (Shen et al. 2014), ASprofile (Florea et al. 2013), MISO 

(Katz et al. 2010) and Spladder (Kahles et al. 2016). Upon further 

assessment of the shortlisted tools, ASprofile and Spladder were 
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downloaded for testing with the current data. The individual alignment files 

for each sample generated from Tophat2 were used as input into Cufflinks 

to obtain FPKM values and a gff3 file for each individual sample, which 

was required for ASprofile. The testing phase revealed that Spladder 

yielded results best suited to the current study, since ASprofile did not give 

information about differential alternative splicing events between the 

samples. Therefore, Spladder was selected for the analysis, which was 

performed as described in Chapter 3, Section 3.2.9. 
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7.3 Chapter 3: Studying the divergent transcriptomic events in prostate 

cancer cell lines 

 

Script Overview 

 

# 1. Generate raw read counts 

# 2. Read in the counts and replicate information file 

# 3. Remove lowly expressed genes 

# 4. Heatmap of most variable genes 

# 5. Generate MDS plot 

# 6. Perform DGE 
 

 

 

#######################################################################

# 

# 1. Generate raw read counts  

#######################################################################

# 

library(Rsubread) 

fc <- featureCounts(files = "PrEC/PrEC1.bam", annot.inbuilt = 

"hg38",annot.ext=NULL,isGTFAnnotationFile = FALSE,GTF.featureType = 

"exon",GTF.attrType = "gene_id") 

write.table(x=data.frame(fc$annotation[,c("GeneID","Length")],fc$counts,stringsAsFact

ors=FALSE),file="counts.txt",quote=FALSE,sep="\t",row.names=FALSE) 

 

#######################################################################

# 

# 2. Read in the counts and replicate information file  

#######################################################################

# 

library(edgeR) 

library(limma) 

library(Glimma) 

library(gplots) 

library(RColorBrewer) 

 

count<-read.table(file= "counts.txt", head= TRUE, sep="\t", row.names=1) 

sampleinfo <- read.delim("replicateinfo.txt") 

sampleinfo 
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#######################################################################

# 

# 3. Remove lowly expressed genes  

#######################################################################

# 

countdata<-count 

samplenames <- substring(colnames(countdata), 9, nchar(colnames(countdata))) 

samplenames 

myCPM <- cpm(countdata) 

thresh <- myCPM > 0.5 

table(rowSums(thresh)) 

# Set thresh >=3 since there are 3 replicates each 

keep <- rowSums(thresh) >= 3 

# Subset the rows of countdata to keep the more highly expressed genes 

counts.keep <- countdata[keep,] 

summary(keep) 

 

#######################################################################

##4. Heatmap of most variable genes 

#######################################################################

# 

kept_counts<-counts.keep 

logcounts <- cpm(kept_counts,log=TRUE) 

var_genes <- apply(logcounts, 1, var) 

head(var_genes) 

select_var <- names(sort(var_genes, decreasing=TRUE))[1:500] 

head(select_var) 

highly_variable_lcpm <- logcounts[select_var,] 

dim(highly_variable_lcpm) 

head(highly_variable_lcpm) 

mypalette <- brewer.pal(11,"RdYlBu") 

morecols <- colorRampPalette(mypalette) 

heatmap.2(highly_variable_lcpm,col=rev(morecols(50)),trace="none", main="Top 500 

most variable genes across samples",scale="row") 
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#######################################################################

##5. Generate MDS plot 

#######################################################################

# 

y <- DGEList(counts.keep) 

# Get log2 counts per million 

logcounts <- cpm(y,log=TRUE) 

plotMDS(y) 

levels(sampleinfo$CellLine) 

col.cell <- c("dark green","magenta","orange","red")[sampleinfo$CellLine] 

data.frame(sampleinfo$CellLine,col.cell) 

plotMDS(y,col=col.cell,cex=1.5,bg="light grey") 

legend("top",fill=c("dark 

green","magenta","orange","red"),legend=levels(sampleinfo$CellLine),cex=1.0) 

 

 

#######################################################################

##6. Perform DGE 

#######################################################################

# 

 

data <- counts.keep 

 

#22RV1 vs LNCaP 

conditions <- factor(c(rep("22RV1", 3), rep("LNCaP", 3))) 

y <- DGEList(counts=data, group=conditions) 

y<- calcNormFactors(y) 

y<- estimateCommonDisp(y) 

y<- estimateTagwiseDisp(y) 

et <- exactTest(y, pair=c("22RV1", "LNCaP")) 

tTags <- topTags(et) 

write.table(tTags, "22RV1_vs_LNCaP.txt", sep="\t") 
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#22RV1 vs PC3 

conditions <- factor(c(rep("22RV1", 3), rep("PC3", 3))) 

y <- DGEList(counts=data, group=conditions) 

y<- calcNormFactors(y) 

y<- estimateCommonDisp(y) 

y<- estimateTagwiseDisp(y) 

et <- exactTest(y, pair=c("22RV1", "PC3")) 

tTags <- topTags(et) 

write.table(tTags, "22RV1_vs_PC3.txt", sep="\t") 

 

Session Info 

R version 3.6.3 (2020-02-29) 

Platform: x86_64-w64-mingw32/x64 (64-bit) 

Running under: Windows 10 x64 (build 18362) 

 

Matrix products: default 

 

locale: 

[1] LC_COLLATE=English_Australia.1252  

[2] LC_CTYPE=English_Australia.1252    

[3] LC_MONETARY=English_Australia.1252 

[4] LC_NUMERIC=C                       

[5] LC_TIME=English_Australia.1252     

 

attached base packages: 

[1] stats     graphics  grDevices utils     datasets  

[6] methods   base      

 

other attached packages: 

 [1] forcats_0.5.0      stringr_1.4.0      

 [3] dplyr_1.0.1        purrr_0.3.4        

 [5] readr_1.3.1        tidyr_1.1.1        



206 

 

 [7] tibble_3.0.3       tidyverse_1.3.0    

 [9] ggplot2_3.3.2      RColorBrewer_1.1-2 

[11] gplots_3.0.4       Glimma_1.14.0      

[13] edgeR_3.28.1       limma_3.42.2       

 

loaded via a namespace (and not attached): 

 [1] gtools_3.8.2        tidyselect_1.1.0    

 [3] locfit_1.5-9.4      haven_2.3.1         

 [5] lattice_0.20-38     colorspace_1.4-1    

 [7] vctrs_0.3.2         generics_0.0.2      

 [9] blob_1.2.1          rlang_0.4.7         

[11] pillar_1.4.6        glue_1.4.1          

[13] withr_2.2.0         DBI_1.1.0           

[15] dbplyr_1.4.4        modelr_0.1.8        

[17] readxl_1.3.1        lifecycle_0.2.0     

[19] munsell_0.5.0       gtable_0.3.0        

[21] cellranger_1.1.0    rvest_0.3.6         

[23] caTools_1.18.0      fansi_0.4.1         

[25] broom_0.7.0         Rcpp_1.0.5          

[27] KernSmooth_2.23-16  scales_1.1.1        

[29] backports_1.1.7     BiocManager_1.30.10 

[31] gdata_2.18.0        jsonlite_1.7.0      

[33] fs_1.5.0            hms_0.5.3           

[35] stringi_1.4.6       grid_3.6.3          

[37] cli_2.0.2           tools_3.6.3         

[39] bitops_1.0-6        magrittr_1.5        

[41] crayon_1.3.4        pkgconfig_2.0.3     

[43] ellipsis_0.3.1      xml2_1.3.2          

[45] reprex_0.3.0        lubridate_1.7.9     

[47] assertthat_0.2.1    httr_1.4.2          

[49] rstudioapi_0.11     R6_2.4.1            

[51] compiler_3.6.3     
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7.4 Chapter 4: Genome-wide DNA methylation analysis in prostate cancer 

cell lines 

 

Script Overview  

 

# 1. Data input and Quality control 

# 2. Normalisation 

# 3. Differential methylation analysis of regions 

# 4. Probe-wise differential methylation analysis 
 

 

#######################################################################

# 

# 1. Data input and Quality control   

#######################################################################

# 

 

library("ChAMP") 

testDir=file.path("newEPIC/") 

myLoad <- champ.load(directory = testDir,arraytype="EPIC") 

 

#loaded as minfi way 

myLoad_2 <- champ.load(directory = testDir,method="minfi",arraytype="EPIC")  

champ.QC() 

QC.GUI(arraytype="EPIC") 

CpG.GUI(arraytype="EPIC") 

 

 

#######################################################################

# 

# 2. Normalisation 

#######################################################################

# 

 

myNorm <- champ.norm(arraytype="EPIC") 

myNorm_2 <- champ.norm(method="PBC",arraytype = "EPIC") 

myNorm_0 <- champ.norm(beta=myLoad$beta,arraytype="EPIC") 
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myNorm_3 <- 

champ.norm(beta=myLoad_2$beta,mset=myLoad_2$mset,rgSet=myLoad_2$rgSet,meth

od="SWAN",arraytype="EPIC") 

myNorm_4 <- 

champ.norm(beta=myLoad_2$beta,mset=myLoad_2$mset,rgSet=myLoad_2$rgSet,meth

od="FunctionalNormalization",arraytype="EPIC") 

QC.GUI(beta=myNorm,arraytype="EPIC") 

QC.GUI(beta=myNorm_2,arraytype="EPIC") 

QC.GUI(beta=myNorm_0,arraytype="EPIC") 

QC.GUI(beta=myNorm_3,arraytype="EPIC") 

QC.GUI(beta=myNorm_4,arraytype="EPIC") 

 

 

#######################################################################

# 3. Differential methylation analysis of regions 

#######################################################################

# 

 

myDMR <- champ.DMR(beta=myNorm, pheno=myLoad$pd$Sample_Group, arraytype 

= "EPIC",method="DMRcate",cores=1) 

head(myDMR$DMRcateDMR) 

DMR.GUI(DMR=myDMR, arraytype="EPIC",compare.group=c("22RV1s","PC3s")) 

write.csv(myDMR,"DMRcate.csv",sep="\t") 

 

 

#######################################################################

# 

# 4. Probe-wise differential methylation analysis 

#######################################################################

# 

 

myDMP <- champ.DMP(beta = myNorm,arraytype = "EPIC") 

DMP.GUI() 

myDMP <- champ.DMP(beta=myNorm, pheno=myLoad$pd$Sample_Group, 

compare.group=c("22RV1s", "PC3s")) 

hmc <- myDMP[[1]][myDMP[[1]]$deltaBeta>0,] 

head(hmc) 
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Session Info 

R version 4.0.2 (2020-06-22) 

Platform: x86_64-pc-linux-gnu (64-bit) 

Running under: Ubuntu 18.04.4 LTS 

 

Matrix products: default 

BLAS:   /usr/lib/x86_64-linux-gnu/blas/libblas.so.3.7.1 

LAPACK: /usr/lib/x86_64-linux-gnu/lapack/liblapack.so.3.7.1 

 

locale: 

[1] LC_CTYPE=en_AU.UTF-8       LC_NUMERIC=C               

LC_TIME=en_AU.UTF-8        

[4] LC_COLLATE=en_AU.UTF-8     LC_MONETARY=en_AU.UTF-8    

LC_MESSAGES=en_AU.UTF-8    

[7] LC_PAPER=en_AU.UTF-8       LC_NAME=C                  LC_ADDRESS=C               

[10] LC_TELEPHONE=C             LC_MEASUREMENT=en_AU.UTF-8 

LC_IDENTIFICATION=C        

 

attached base packages: 

[1] stats4    parallel  stats     graphics  grDevices utils     datasets  methods   base      

 

other attached packages: 

 [1] methylGSA_1.6.1                                     

 [2] DMRcatedata_2.6.0                                   

 [3] ExperimentHub_1.14.1                                

 [4] AnnotationHub_2.20.1                                

 [5] BiocFileCache_1.12.1                                

 [6] dbplyr_1.4.4                                        

 [7] IlluminaHumanMethylationEPICanno.ilm10b4.hg19_0.6.0 

 [8] shiny_1.5.0                                         

 [9] ChAMP_2.18.2                                        

[10] DT_0.15                                             

[11] IlluminaHumanMethylationEPICmanifest_0.3.0          



210 

 

[12] Illumina450ProbeVariants.db_1.24.0                  

[13] DMRcate_2.2.2                                       

[14] FEM_3.15.0                                          

[15] graph_1.66.0                                        

[16] org.Hs.eg.db_3.11.4                                 

[17] impute_1.62.0                                       

[18] igraph_1.2.5                                        

[19] corrplot_0.84                                       

[20] marray_1.66.0                                       

[21] limma_3.44.3                                        

[22] Matrix_1.2-18                                       

[23] AnnotationDbi_1.50.3                                

[24] ChAMPdata_2.20.0                                    

[25] minfi_1.34.0                                        

[26] bumphunter_1.30.0                                   

[27] locfit_1.5-9.4                                      

[28] iterators_1.0.12                                    

[29] foreach_1.5.0                                       

[30] Biostrings_2.56.0                                   

[31] XVector_0.28.0                                      

[32] SummarizedExperiment_1.18.2                         

[33] DelayedArray_0.14.1                                 

[34] matrixStats_0.56.0                                  

[35] Biobase_2.48.0                                      

[36] GenomicRanges_1.40.0                                

[37] GenomeInfoDb_1.24.2                                 

[38] IRanges_2.22.2                                      

[39] S4Vectors_0.26.1                                    

[40] BiocGenerics_0.34.0                                 

 

 

loaded via a namespace (and not attached): 
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  [1] Hmisc_4.4-1                                        

  [2] Rsamtools_2.4.0                                    

  [3] crayon_1.3.4                                       

  [4] MASS_7.3-51.6                                      

  [5] nlme_3.1-147                                       

  [6] backports_1.1.8                                    

  [7] sva_3.36.0                                         

  [8] GOSemSim_2.14.1                                    

  [9] rlang_0.4.7                                        

 [10] readxl_1.3.1                                       

 [11] DSS_2.36.0                                         

 [12] BiocParallel_1.22.0                                

 [13] globaltest_5.42.0                                  

 [14] bit64_4.0.2                                        

 [15] glue_1.4.1                                         

 [16] isva_1.9                                           

 [17] rngtools_1.5                                       

 [18] methylumi_2.34.0                                   

 [19] DOSE_3.14.0                                        

 [20] tidyselect_1.1.0                                   

 [21] XML_3.99-0.5                                       

 [22] nleqslv_3.3.2                                      

 [23] tidyr_1.1.1                                        

 [24] GenomicAlignments_1.24.0                           

 [25] xtable_1.8-4                                       

 [26] magrittr_1.5                                       

 [27] evaluate_0.14                                      

 [28] ggplot2_3.3.2                                      

 [29] zlibbioc_1.34.0                                    

 [30] rstudioapi_0.11                                    

 [31] doRNG_1.8.2                                        

 [32] rpart_4.1-15                                       
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 [33] fastmatch_1.1-0                                    

 [34] ensembldb_2.12.1                                   

 [35] tinytex_0.25                                       

 [36] xfun_0.16                                          

 [37] askpass_1.1                                        

 [38] clue_0.3-57                                        

 [39] multtest_2.44.0                                    

 [40] cluster_2.1.0                                      

 [41] tidygraph_1.2.0                                    

 [42] tibble_3.0.3                                       

 [43] interactiveDisplayBase_1.26.3                      

 [44] ggrepel_0.8.2                                      

 [45] base64_2.0                                         

 [46] biovizBase_1.36.0                                  

 [47] scrime_1.3.5                                       

 [48] dendextend_1.13.4                                  

 [49] png_0.1-7                                          

 [50] permute_0.9-5                                      

 [51] reshape_0.8.8                                      

 [52] lumi_2.40.0                                        

 [53] bitops_1.0-6                                       

 [54] ggforce_0.3.2                                      

 [55] plyr_1.8.6                                         

 [56] cellranger_1.1.0                                   

 [57] AnnotationFilter_1.12.0                            

 [58] JADE_2.0-3                                         

 [59] pillar_1.4.6                                       

 [60] GenomicFeatures_1.40.1                             

 [61] europepmc_0.4                                      

 [62] clusterProfiler_3.16.0                             

 [63] DelayedMatrixStats_1.10.1                          

 [64] vctrs_0.3.2                                        
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 [65] ellipsis_0.3.1                                     

 [66] generics_0.0.2                                     

 [67] urltools_1.7.3                                     

 [68] tools_4.0.2                                        

 [69] foreign_0.8-79                                     

 [70] munsell_0.5.0                                      

 [71] tweenr_1.0.1                                       

 [72] fgsea_1.14.0                                       

 [73] fastmap_1.0.1                                      

 [74] compiler_4.0.2                                     

 [75] httpuv_1.5.4                                       

 [76] rtracklayer_1.48.0                                 

 [77] geneLenDataBase_1.24.0                             

 [78] beanplot_1.2                                       

 [79] Gviz_1.32.0                                        

 [80] plotly_4.9.2.1                                     

 [81] GenomeInfoDbData_1.2.3                             

 [82] gridExtra_2.3                                      

 [83] DNAcopy_1.62.0                                     

 [84] edgeR_3.30.3                                       

 [85] lattice_0.20-41                                    

 [86] later_1.1.0.1                                      

 [87] dplyr_1.0.1                                        

 [88] RobustRankAggreg_1.1                               

 [89] jsonlite_1.7.0                                     

 [90] affy_1.66.0                                        

 [91] scales_1.1.1                                       

 [92] genefilter_1.70.0                                  

 [93] lazyeval_0.2.2                                     

 [94] promises_1.1.1                                     

 [95] doParallel_1.0.15                                  

 [96] latticeExtra_0.6-29                                
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 [97] R.utils_2.9.2                                      

 [98] goseq_1.40.0                                       

 [99] checkmate_2.0.0                                    

[100] rmarkdown_2.3                                      

[101] nor1mix_1.3-0                                      

[102] cowplot_1.0.0                                      

[103] statmod_1.4.34                                     

[104] siggenes_1.62.0                                    

[105] dichromat_2.0-0                                    

[106] downloader_0.4                                     

[107] BSgenome_1.56.0                                    

[108] HDF5Array_1.16.1                                   

[109] bsseq_1.24.4                                       

[110] survival_3.1-12                                    

[111] yaml_2.2.1                                         

[112] htmltools_0.5.0                                    

[113] memoise_1.1.0                                      

[114] VariantAnnotation_1.34.0                           

[115] graphlayouts_0.7.0                                 

[116] quadprog_1.5-8                                     

[117] viridisLite_0.3.0                                  

[118] digest_0.6.25                                      

[119] assertthat_0.2.1                                   

[120] mime_0.9                                           

[121] rappdirs_0.3.1                                     

[122] BiasedUrn_1.07                                     

[123] RSQLite_2.2.0                                      

[124] data.table_1.13.0                                  

[125] blob_1.2.1                                         

[126] R.oo_1.23.0                                        

[127] preprocessCore_1.50.0                              

[128] fastICA_1.2-2                                      
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[129] shinythemes_1.1.2                                  

[130] splines_4.0.2                                      

[131] Formula_1.2-3                                      

[132] Rhdf5lib_1.10.1                                    

[133] illuminaio_0.30.0                                  

[134] ProtGenerics_1.20.0                                

[135] RCurl_1.98-1.2                                     

[136] hms_0.5.3                                          

[137] rhdf5_2.32.2                                       

[138] colorspace_1.4-1                                   

[139] base64enc_0.1-3                                    

[140] BiocManager_1.30.10                                

[141] nnet_7.3-14                                        

[142] GEOquery_2.56.0                                    

[143] Rcpp_1.0.5                                         

[144] mclust_5.4.6                                       

[145] enrichplot_1.8.1                                   

[146] R6_2.4.1                                           

[147] grid_4.0.2                                         

[148] ggridges_0.5.2                                     

[149] lifecycle_0.2.0                                    

[150] acepack_1.4.1                                      

[151] curl_4.3                                           

[152] kpmt_0.1.0                                         

[153] affyio_1.58.0                                      

[154] RPMM_1.25                                          

[155] DO.db_2.9                                          

[156] qvalue_2.20.0                                      

[157] ROC_1.64.0                                         

[158] RColorBrewer_1.1-2                                 

[159] stringr_1.4.0                                      

[160] IlluminaHumanMethylation450kmanifest_0.4.0         
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[161] htmlwidgets_1.5.1                                  

[162] polyclip_1.10-0                                    

[163] triebeard_0.3.0                                    

[164] biomaRt_2.44.1                                     

[165] purrr_0.3.4                                        

[166] missMethyl_1.22.0                                  

[167] crosstalk_1.1.0.1                                  

[168] gridGraphics_0.5-0                                 

[169] reactome.db_1.70.0                                 

[170] mgcv_1.8-31                                        

[171] openssl_1.4.2                                      

[172] htmlTable_2.0.1                                    

[173] codetools_0.2-16                                   

[174] IlluminaHumanMethylation450kanno.ilmn12.hg19_0.6.0 

[175] GO.db_3.11.4                                       

[176] gtools_3.8.2                                       

[177] prettyunits_1.1.1                                  

[178] R.methodsS3_1.8.0                                  

[179] gtable_0.3.0                                       

[180] DBI_1.1.0                                          

[181] wateRmelon_1.32.0                                  

[182] httr_1.4.2                                         

[183] KernSmooth_2.23-17                                 

[184] stringi_1.4.6                                      

[185] progress_1.2.2                                     

[186] reshape2_1.4.4                                     

[187] farver_2.0.3                                       

[188] annotate_1.66.0                                    

[189] viridis_0.5.1                                      

[190] xml2_1.3.2                                         

[191] combinat_0.0-8                                     

[192] rvcheck_0.1.8                                      
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[193] readr_1.3.1                                        

[194] ggplotify_0.0.5                                    

[195] BiocVersion_3.11.1                                 

[196] bit_4.0.4                                          

[197] scatterpie_0.1.4                                   

[198] jpeg_0.1-8.1                                       

[199] ggraph_2.0.3                                       

[200] pkgconfig_2.0.3                                    

[201] knitr_1.29   
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